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As mental health conditions surge worldwide, healthcare systems are struggling to provide
accessible and high-quality mental health care for all. Although therapy can support people
struggling with mental health challenges, barriers like clinician shortages and mental health
stigma commonly limit people’s access to therapy. In this thesis, I study how human-AI collabo-

ration can improve access to and quality of mental health support.

First, I study how human-AlI collaboration can empower people who provide support to con-
duct effective and high-quality conversations. Specifically, I focus on peer supporters on online
peer support platforms like Reddit and TalkLife. While peer supporters are motivated and well-
intentioned to help support seekers, they are typically untrained and unaware of key psychother-
apy skills, such as empathy, that foster effective support. Using a reinforcement learning-based
method, evaluated through a randomized trial with 300 peer supporters from the largest peer
support platform, I demonstrate that Al-based feedback helps peer supporters express empathy

more effectively in their conversations.

Second, I investigate how human-Al collaboration can empower people who seek support by
making self-guided mental health interventions more accessible and easier to engage with. Self-
guided interventions, such as “do-it-yourself” tools to learn and practice coping skills, are often

cognitively demanding and emotionally triggering, creating accessibility barriers that limit their



wide-scale implementation and adoption. Using cognitive restructuring of negative thoughts
as a case study, evaluated through a randomized trial on a large mental health website with
15,531 participants, I show that human-AlI collaboration supports people in overcoming negative
thoughts and informs psychology theory about processes that lead to positive outcomes.

Third, I systematically evaluate human-Al collaboration systems used for mental health sup-
port. While there is great interest in utilizing Al for mental health support, there is a significant
lack of methods to evaluate their effectiveness, quality, equity, and safety. I study how clini-
cal trials can be conducted to effectively evaluate short-term and long-term outcomes, equity,
and safety of Al-based mental health interventions comparing them to traditional approaches.
Moreover, I develop a computational framework to automatically assess the behavior of large
language models (LLM) when employed as therapists. By analyzing 13 different psychother-
apy techniques, I compare the behavior of LLM therapists against that of high- and low-quality
human therapy. My analysis reveals that LLMs often resemble behaviors more commonly exhib-
ited in low-quality therapy rather than high-quality therapy, such as offering a higher degree of
problem-solving advice when clients share emotions, which is against typical recommendations.

My thesis develops two human-Al collaboration systems to support mental health and well-
being, along with an evaluation framework for such systems. My work opens opportunities to
improve the learning and practice of mental health strategies and coping skills for both support

seekers and support providers through human-AI collaboration interventions.
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Overview of my dissertation research and contributions. I build and evaluate
human-AI collaboration systems to support people who seek mental health sup-
port and people who provide mental health support by developing human-centered
NLP methods and designing and deploying human-Al interaction. My disserta-
tion research bridges the critical gap between need and access to mental health
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We use two independently pre-trained RoBERTa-based encoders for encoding seeker
post and response post respectively. We leverage attention between them for gen-
erating seeker-context aware representation of the response post, used to perform
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(a) Peer-supporters do not self-learn empathy over time. Only users who joined
in 2015 were included but similar trends hold for other user groups; (b) Stronger
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ring specific feelings and experiences from seeker’s post and using them for mak-
ing appropriate changes to the response through empathic mechanisms like emo-
tional reactions, interpretations, and explorations. Examples have been paraphrased
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PARTNER uses a deep reinforcement learning approach for Empathic Rewriting.
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2.8 We performed a randomized controlled trial with 300 TalkLife peer supporters as
participants. We randomly divided participants into Human Only (control) and
Human + AI (treatment) groups and asked them to write supportive, empathic
responses to seeker posts without feedback and with feedback, respectively. To
identify whether just-in-time Human-AI collaboration helped increase expressed
empathy beyond potential (but rare) traditional training methods, participants in
both groups received initial empathy training before starting the study (Methods;
Supplementary Figure A.2). (a) Without Al, human peer supporters are presented
with an empty chatbox to author their response (the current status quo). As peer
supporters are typically untrained on best-practices in therapy — such as empa-
thy — they rarely conduct highly empathic conversations. (b) Our feedback agent
(HAILEY) prompts peer supporters for providing just-in-time Al feedback as they
write their responses. (c) HAILEY then suggests changes that can be made to the
response to make it more empathic. These suggestions include new sentences that
can be inserted and options for replacing current sentences with their more em-
pathic counterparts. Participants can accept these suggestions by clicking on the

Insert and Replace buttons and continue editing the response or get more feedback,

ifneeded. . . . . . . .

15



29

(a) Human evaluation from an independent set of TalkLife users showed that the
Human + Al responses (N=139) were strictly preferred 46.9% of the time relative to
a 37.4% strict preference for the Human Only responses (N=161). (b) Through au-
tomatic evaluation using an Al-based expressed empathy score (Chapter 2.1), we
found that the Human + Al responses (N=139) had 19.6% higher empathy than the
Human Only responses (N=161; 1.77 vs. 1.48; Cohen’s d=0.24; p=5.1 * e 8. t=546;
Dy = 2998; Two-sided Student’s t-test). (c) For the participants who reported chal-
lenges in writing responses after the study, we found a stronger preference for the
Human + Al responses vs. Human Only responses (49.1% vs. 34.0%), compared
to participants who did not report challenges (44.6% vs. 41.5%). (d) For partic-
ipants who reported challenges in writing responses after the study, we found a
higher improvement in expressed empathy scores of the Human + Al responses
vs. Human Only responses (38.9%; 1.74 vs. 1.25; Cohen’s d=0.43), compared to
participants who did not report challenges (11.9%; 1.79 vs. 1.60; Cohen’s d=0.15).
In ¢ and d, the sample size varied to ensure comparable conditions (Methods). The
point estimates represent the mean and the error bars represent bootstrapped 95%

confidence intervals. . . . . . . . .
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2.10 We derived a hierarchical taxonomy of Human-AlI collaboration categories. (a) We

3.1

clustered the interaction patterns of Human + Al (treatment) participants based on
how often the Al was consulted during the study and how the Al suggestions were
used (N=116/139). We excluded participants who belonged to multiple clusters
(N=23/139). Very few participants always consulted and used Al (2.6%), indicating
that participants did not rely excessively on Al feedback. Participants could use
Al feedback directly through suggested actions (64.6%) or indirectly by drawing
ideas from the suggested feedback and rewriting it in their own words in the final
response (18.5%). (b) Empathy increased when participants consulted and used
Al more frequently, with those who did not consult Al (22.4%) or did not use Al
(9.5%) having significantly lower preference over Human Only responses (N=37;
p = 6.4 % e~%; Two-sided Student’s t-test). (c) Participants who did not consult Al
had the lowest empathy levels based on our automatic evaluation (1.13 on average
out of 6). The area of the points is proportional to the number of participants in
the respective human-Al collaboration categories. The point estimates represent

the mean and the error bars represent bootstrapped 95% confidence intervals.

(a) We consider the task of reframing negative thoughts with different, more hope-
ful thoughts using LMs; (b) Different perspectives on a situation may result in
different reframes. Here, we propose a framework of seven reframing attributes
(see gray box). Given a reframed thought, we control each attribute (e.g., action-
ability) to generate reframes that score higher or lower on that attribute (e.g., more
or less actionable); (c) We deploy this model on Mental Health America, a large
U.S. national mental health website (bit.ly/changing-thoughts) and conduct a ran-
domized field study with 2,067 participants. We suggest LM-generated reframes
to MHA visitors and assess which reframing attributes are desirable and what

constitutes a relatable, helpful and memorable reframe. . ... ... ... ... ...
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3.2

3.3

3.4

3.5

We design a human-language model interaction based system for self-guided cog-
nitive restructuring of negative thoughts. The system involves (a-b) describing the
context by participants, (c-d) LM-assisted identification of thinking traps, and (e-g)

LM-assisted writing of reframed thoughts. . . ... ........ .. .. ... .. ..

(a) Reduction in emotion intensity of participants before and after using the system
(emotion scale: 1 to 10). We found that 67% of the participants reported having a
positive reduction in (negative) emotions (N=1,922). (b) Participants with higher
emotion intensity before using the system reported a higher reduction in emotion
intensity post the system usage (N=1,922). Error bars represent 95% bootstrapped

confidence intervals. . . . . . . . .

Randomized controlled trial to estimate the effects of contextualizing thoughts
through situation (N=1,636). (a) Contextualizing participant thoughts through
their situations led to 2.80% more helpful reframes (3.31 vs. 3.22; p = 0.0104)
but did not lead to more relatable reframes. (b) Asking for additional context
did not lead to a lower completion rate. Error bars represent 95% bootstrapped

confidence intervals. Effects without p-values were not significant at « = 0.05. . .

Randomized controlled trial to estimate the effects of enabling participants to it-
eratively edit reframes through increased interaction with the language model
(N=2,165). 38% of participants chose to use this intervention. (a) Having the
option of interactive reframe edits available to participants led to a 23.73% greater
reduction in emotion intensity (2.19 vs. 1.77). (b-e) However, it did not lead to
significant differences in other outcomes (at &« = 0.05). Error bars represent 95%
bootstrapped confidence intervals. Effects without p-values were not significant at

a=0.05. . . L
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3.6

3.7

3.8

Participants were provided with an option to seek one or more of the following
types of more specific suggestions from the language model — actionable, empathic,
or personalized. Among those who used any of the options (N=992), (a) those who
chose to make their reframes actionable experienced superior effectiveness across
all five outcomes; (b) those who chose to make their reframes empathic reported
21.86% higher reduction in emotion intensity (2.23 vs. 1.83), 5.52% higher reframe
helpfulness (3.44 vs. 3.26), and 5.14% higher skill learnability (3.48 vs. 3.31) and
no significant differences based on reframe relatability and reframe memorability
(at @ = 0.05); (c) those who chose to make their reframes personalized reported
no significant differences in outcomes (at & = 0.05). Error bars represent 95%
bootstrapped confidence intervals. Effects without p-values were not significant at

a=0.05. .

Which linguistic attributes of reframed thoughts do people prefer? For a given
situation and thought from MHA visitors, we show them multiple LM-generated
reframes with variance across a randomly selected attribute (e.g., low, medium,
and high actionability). We find that highly empathic and highly specific refram-
ings are more preferred. On the other hand, reframes with high positivity are less
preferred. N: No; Y: Yes; L: Low; M: Medium; H: High. Error bars represent 95%

bootstrapped confidence intervals. . . . .. ... ... ... . o0 oL 0L

Which linguistic attributes are associated with desired cognitive reframing out-
comes? For a given situation and thought, we show one LM-generated reframe to
MHA participants and ask them to rate it on relatability, helpfulness and memora-
bility on a 1 to 5 scale. For each linguistic attribute, we compare the first (Q1) and
the fourth quartile (Q4). We find that (a) reframes that have higher rationality are
more relatable; (b) reframes that address thinking traps, have higher actionability
or higher specificity are more helpful; (c) reframes that have higher actionability
or higher specificity are more memorable. Error bars represent 95% bootstrapped

confidence intervals. *:p < 0.05:p <0.01. ... ... ... .. ... .. .. .....
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3.9

4.1

4.2

Randomized controlled trial to estimate the effects of making reframes easier to
understand and more casual on adolescents in age group 13 to 14 (N=148). Adoles-
cents reported 8.60% higher reframe relatability (4.04 vs. 3.72) and 14.44% higher
reframe helpfulness (3.17 vs. 2.77) if they were suggested easier to understand
and more casual reframes compared to instances where such reframes were not
suggested. Error bars represent 95% bootstrapped confidence intervals. Effects

without p-values were not significantata =0.05. . . ... ... ... ... ... ...

A conceptual model outlining our study. We conducted a between-subjects study
where participants were divided into DIY w/ Al, DIY w/o Al, or Psychoeduca-
tion Only groups. All three groups had education components that included the
education of restructuring skills. DIY w/o Al and DIY w/ Al groups have DIY
components that include the practice of restructuring skills including identifying
distortions and reframing thoughts. Finally, DIY w/ Al group has Al compo-
nents that include just-in-time assistance on restructuring skills and interactive
refinement. We study how these different interventions may affect outcomes both
short-term and long-term in a study spanning multiple weeks. We also study how
user attributes like demographics and depression/anxiety levels have an influence

ON OULCOMIES. . . . . o o o e e e e e e e e e e e e e e e e e e e e e e e e e e e e

We found that DIY w/ Al led to significantly higher reframing effectiveness com-
pared to DIY w/o Al during the first usage (Cohen’s d = 0.18). We also found that
DIY w/ Al led to similar emotional regulation as DIY w/o Al (Cohen’s d=0.07).
The point estimates represent the mean and the error bars represent bootstrapped

95% confidence intervals. *: p<0.05 . . . . ... ... .. ... L

161



4.3

44

4.5

We assess the outcomes of DIY w/ Al, DIY w/o Al, and Psychoeducation Only
groups over a period of 8 weeks. We found that participants in the DIY w/ Al and
DIY w/o Al conditions demonstrated similar levels of Emotional Mechanisms,
Skill Acquisition, Reduction in PHQ-9, and Reduction in GAD-7. However, par-
ticipants in the Psychoeducation Only condition demonstrated significantly lower
emotional mechanisms and skill acquisition levels than participants in DIY w/ Al
and DIY w/o Al conditions. The point estimates represent the mean and the error

bars represent bootstrapped 95% confidence intervals. . . . .. .. ... ... .. ..

Overview of BoLT, a computational framework that enables systematic assessment
of the behavior of LLM therapists and compares them to high- and low-quality

human therapy. . . ... ... .. .. .

Difference in the frequency of conversational behaviors exhibited by LLM thera-
pists (GPT-4, GPT-3.5-turbo, Llama2-70b, Llama2-13b), relative to average-, low-,
and high-quality human therapy. A: average-quality, Low: low-quality, and High:
high-quality therapy. The direction of the arrow on the x-axis indicates the direc-
tion in which the frequency is increasing (we flip the axis if low-quality is more
frequent than high-quality, such that low-quality is visualized below the average
quality marker). Values colored in indicate desirable behaviors (significantly
closer to high-quality than low-quality) whereas values colored in indi-
cate undesirable behaviors (significantly closer to low-quality than high-quality).
Values in gray are not statistically significantly different from average-quality at
p = 0.05 at p = 2% using Two-sided Student’s t-test, following Bonferroni cor-
rection (m: number of intents tested = 13). Error bars indicate 95% bootstrapped
confidence intervals. A key insight we find is that LLMs respond with signifi-
cantly higher PROBLEM-SOLVING (subfigure (a)), similar to low-quality human ther-
apy. On the other hand, LLMs respond with significantly higher REFLECTIONS ON

STRENGTHS (subfigure (1)), similar to high-quality therapy, but with a frequency

188

that significantly exceeds high-quality therapy. . . . . .. ... ... .......... 200
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4.6 Difference in the temporal order of conversational behaviors, operationalized as the
turn numbers in which behaviors are first exhibited in a conversation by LLM
therapists (GPT-4, GPT-3.5-turbo, Llama2-70b, Llama2-13b), relative to average-,
low-, and high-quality human therapy. A: average-quality, Low: low-quality, and
High: high-quality therapy. The direction of the arrow on the x-axis indicates the
direction in which the order is increasing (we flip the axis if low-quality is exhib-
ited later than high-quality, such that low-quality is visualized below the average
quality marker). Values colored in indicate desirable behaviors (significantly
closer to high-quality than low-quality) whereas values colored in indi-
cate undesirable behaviors (significantly closer to low-quality than high-quality).
Values in gray are not statistically significantly different from average-quality at
p = %% ysing Two-sided Student’s t-test, following Bonferroni correction (m:
number of intents tested = 13). Error bars indicate 95% bootstrapped confidence
intervals. Most LLM therapists start providing PLANNING (subfigure (b)) earlier in
the conversations but provide NORMALIZING (subfigure (j)) later against common

recommendations (Cochran and Cochran, 2015). . . ... ... ... .........
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4.7 Difference between the frequency of conversational behaviors observed in LLM

4.8

therapists (GPT-4, GPT-3.5-turbo, Llama2-70b, Llama2-13b) or low-quality human
therapy in response to specific client behaviors (Adaptability), relative to average-, low-,
and high-quality human therapy. A: average-quality, Low: low-quality, and High:
high-quality therapy. The direction of the arrow on the x-axis indicates the direc-
tion in which the frequency is increasing (we flip the axis if low-quality is more
frequent than high-quality, such that low-quality is visualized below the average
quality marker). Values colored in indicate desirable behaviors (significantly
closer to high-quality than low-quality) whereas values colored in indi-
cate undesirable behaviors (significantly closer to low-quality than high-quality).
Values in gray are not statistically significantly different from average-quality at
p = %% ysing Two-sided Student’s t-test, following Bonferroni correction (m:
number of (client, therapist) intents tested = 13*6 = 78). Error bars indicate 95%

bootstrapped confidence intervals. Here, a key finding is that LLMs respond with

significantly lower QUEsTIONS ON EMOTIONS when clients express SUSTAINING UN-

HEALTHY BEHAVIOR (subfigure (b)), similar to low-quality human therapy. . . . . . .

We incorporate simple prompts that aim to calibrate LLM therapists, specifically
(a) increase QUESTIONS ON EXPERIENCES, (b) decrease PROBLEM-SOLVING, and (c)
decrease NORMALIZING. Subfigures show changes in the frequency of conversa-
tional behaviors based on changes in prompts to different LLM therapists (GPT-4,
GPT-3.5 turbo, Llama2-70b, Llama2-13b). Changes to individual LLMs are shown
in pairs (left — Original prompt; right — modulated prompt). The corresponding
high-quality human therapy behavior frequency is shown as green dashed lines.
For instance, GPT-4 increases the frequency of QUESTIONS ON EXPERIENCES from
29.9% to 57.0% with the modulated prompt. In general, we find that only GPT-4
is able to modulate behavior frequency to a statistically and practically significant
amount into the desired direction always, whereas the modulation is inconsistent

for other models. Error bars indicate 95% bootstrapped confidence intervals.
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A.1 Empathy over time analysis of various user groups. We find similar trends across

multiple groups. . . . . ...

A.2 Empathy training used in our study. Participants in both the Human + Al (treat-
ment) and Human Only (control) groups received the same training. The train-
ing included the empathy definition, a framework of common ways of expressing
empathy in responses, and examples of empathic responses. This ensures that
participants were working under similar understandings of empathy. In practice,
such training is very rare and the effect of training typically diminishes over time.
The identified difference in empathy between treatment and control groups in our
study therefore conservatively estimates the impact of our Al-in-the-loop feedback
system, and not baseline differences in empathy definitions. The effect in practice
may be larger than the intentionally conservative estimates produced here, as such

training is uncommon on current mental health platforms. . . . . . .. ... ... ..
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A3

A4

Comparison of Human Only (control) and Human + Al (treatment) responses with
AI Only responses (generated directly from PARTNER(Sharma et al., 2021), the deep
reinforcement learning model for empathic rewriting, used as a foundation for
HaiLey (Methods)). (a) Through human evaluation from an independent set of
TalkLife users, we found that AI Only responses have a similar preference as the
Human + Al responses (48.2% vs. 46.9%; N=161; p=0.23; Two-sided Student’s t-
test) but a higher preference than the Human Only responses (48.2% vs. 37.4%;
N=139; p=3.3 * 10~°; Two-sided Student’s t-test). (b) Automatic estimation of em-
pathy, on the contrary, suggested that AI Only responses have a higher expressed
empathy score compared to Human + Al responses (2.10 vs. 1.77; N=139; Cohen’s
d=0.28; p=5.3 10~13; Two-sided Student’s t-test). Importantly however, note that
the AI Only responses were optimized on the same scoring function that we use
to automatically estimate empathy, which likely explains the high scores of the Al
Only approach. (c¢) However, while the authenticity of Human Only and Human
+ Al responses was comparable (69.6% vs. 65.4%; N=139; p=0.01; Two-sided Stu-
dent’s t-test), the authenticity of AI Only responses was significantly lower (36.5%
vs. 65.4%; N=161; p=3.7 x 10~8; Two-sided Student’s t-test). This highlights the key
issue of authenticity with using Al Only, alongside safety, privacy, bias and other
unintended consequences in the high-risk setting of mental health. To summarize,
we find that Human + Al is the only approach that leads to both high empathy
and high authenticity. The point estimates represent the mean and the error bars

represent bootstrapped 95% confidence intervals. . . .. ... ... ... ... ...

Perceptions of Human + Al (treatment) group participants as reported in phase
IV (post-intervention survey). We observed that more than 63.3% of participants
found the current feedback helpful, 60.4% found it actionable and 69.8% of partic-
ipants self-reported feeling more confident at providing support after our study.
Also, 77.7% of participants wanted this type of feedback system to be deployed
on TalkLife or other similar peer-to-peer support platforms, indicating potential

opportunities for deployment in real-world. . . . ... ... ... ... 0000
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A5 Comparison of our rewriting-based Al treatment with a secondary classification-
based Al treatment. A classification-based Al treatment provided participants with
an option to request empathy classification scores for their responses, as opposed
to the more granular feedback consisting of concrete suggestions to edit responses
in our primary rewriting-based approach (Supplementary Figure A.6). Our hy-
pothesis was that such a treatment should be less actionable and is likely to lead
to less empathic responses than the rewriting-based treatment. In our study, we
assigned a secondary classification-based treatment to 10% of the incoming par-
ticipants at random (N=30). (a) Through human evaluation from an independent
set of TalkLife users, we found that the Human + Classification responses have a
significantly lower preference than the Human + Rewriting responses (37.9% vs.
47.8%; N=30; p=0.002; Two-sided Student’s t-test). (b) Automatic estimation of em-
pathy, on the contrary, suggested that the Human + Classification responses have
a higher expressed empathy score compared to Human + Rewriting responses
(2.24 vs. 1.77; N=30; Cohen’s d=0.37; p=4.7 10~%; Two-sided Student’s t-test).
As the same score is also exposed to participants just-in-time in the classification-
based treatment, it may have led participants to be put particular emphasis on
a high expressed empathy score, which participants in the rewriting-based treat-
ment feedback didn’t have direct access to. (c) We found that less participants in
the classification-based treatment group agree on deploying the system on Talk-
Life than the rewriting-based treatment (63.3% vs. 77.7%; N=30; p=0.0998; Two-
sided Student’s t-test; Supplementary Figure A.4). Also, we observed that more
participants in the classification-based treatment disagree on its actionability than
participants in the rewriting-based treatment, but the difference may not be sta-
tistically significant due to the limited power (23.3% vs. 12.2%; N=30; p=0.1154;
Two-sided Student’s t-test). The area of the points in the plots is proportional to
the number of participants in the respective control/treatment conditions. The
point estimates represent the mean and the error bars represent bootstrapped 95%

confidence intervals. . . . . . . . . .
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A.6 Interface of our classification-based Al treatment (Supplementary Figure A.5). (a)
Participant is asked to write a supportive, empathic response and given an option
to receive feedback. (b) Participant starts writing the response. (c¢) Participant
clicks on the “Get Feedback” button to request classification-based feedback. The
teedback consists of classification scores on three empathy communication mech-
anisms — Emotional Reactions, Interpretations, and Explorations. (d) Participant
edits the response based on the classification scores, often improving on the com-

munication mechanisms with low scores and requests “More Feedback” if needed. 261

A.7 Both Human Only (control) and Human + Al (treatment) group participants showed
a significant drop in empathy levels in the last 5 responses of our study. With Hu-
man + Al, however, we observed a significantly lower drop in empathy (5.3% vs.
26.0%; N=139; p=0.0062; Two-sided Student’s t-test). This indicates the effective-
ness of just-in-time Al feedback in alleviating challenges like empathy fatigue, as-
sociated with providing mental health support. The empathy differences between
Human Only (N=161) and Human + AI (N=139) responses are statistically signifi-
cant for both first 5 and last 5 responses (p=1.1 * 10~8; Two-sided Student’s t-test).
The point estimates represent the mean and the error bars represent bootstrapped

95% confidence intervals. . . . . . . . .. 262



A.8 Comparison of existing Human Only responses on TalkLife with Human Only
and Human + Al responses in our study. Human Only responses on TalkLife had
significantly lower preference for empathy (18.4% vs. 37.4% vs. 46.9%; N=139;
p=1.4 % 10~%; Two-sided Student’s t-test) and significantly lower expressed empa-
thy score (1.11 vs. 1.48 vs. 1.77; p=2.8 * 10~%; Two-sided Student’s t-test). This
difference might be attributed to the additional initial empathy training provided
to participants, as well as a potential selection effect in our study that may have at-
tracted Talklife users who particularly care about expressing empathy in support-
ing others. As our study shows that Human-AI collaboration improves empathy
expression even for those participants who already express empathy more often,
practical gains for the average user of the Talklife platform could be even higher.
The point estimates represent the mean and the error bars represent bootstrapped

95% confidence intervals. . . . . . . . .. e 263

A.9 Qualitative examples of just-in-time Al feedback provided to participants by Hai-
LEY. In (b) and (c), the original peer supporter response was empty. Seeker posts

in these examples have been paraphrased for anonymization. . . . . ... ... ... 264

A.10 The distribution of post and response lengths. The seeker posts in our dataset had
a mean length of 25.9 words, a standard deviation of 25.3 words and a median
of 18.0 words. The response posts collected in our study had a mean length of
25.9 words, a standard deviation of 34.6 words and a median of 19.0 words. Also,
Human + Al responses (mean = 22.4 words; std = 34.6; median = 19.0) were 28.9%
shorter in length compared to Human Only responses on average (mean = 32.1
words; std = 44.4; median = 21.0; p < 0.001; Two-sided Student’s t-test). In addition,
we found that Human + Al responses had 5.2% higher diversity than the Human
Only responses based on the Distinct-1 metric(Li et al., 2016a), which computes
the number of distinct unigrams divided by the total number of tokens (0.146 vs.

0.139; p = 0.019; Two-sided Wilcoxon signed-rank test). . . . . . . ... ... ... .. 265

A.11 Background and demographics of participants in Human Only (control) and Hu-

man + Al (treatment) groups, as reported in phase I (pre-intervention survey). . . . 266
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A.12 Differences between expressed empathy scores of participants in Human Only
(control) and Human + Al (treatment) groups, stratified by demographics of par-
ticipants and their prior experience with online peer support. The area of the
points is proportional to the number of participants in the respective categories.
The point estimates represent the mean and the error bars represent bootstrapped

95% confidence intervals. . . . . . . . . L 267

A.13 Perceptions of participants in Human Only (control) and Human + Al (treatment)

groups, as reported in phase I (pre-intervention survey). . . .. ... ... ... ... 268

A.14 Distribution of participants in Human Only (control) and Human + Al (treatment)
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A.15 Distribution of participants in the Human Only (control) group who indicate that
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SUIVEY). « v v v v v i e e e e e e e 270

A.16 Perceptions of participants in the Human + Al (treatment) group, as reported in
phase IV (post-intervention survey). . . . . ... ... ... ... ... ... .. 271

A.17 Expressed empathy levels of responses with perceptions of Human + Al (treat-
ment) group participants, as reported in phase IV (post-intervention survey). The
area of the points is proportional to the number of participants with respective
perceptions. Error bars indicate bootstrapped 95% confidence intervals. . . . . . .. 272

A.18 Participant perceptions, as reported in phase IV (post-intervention survey), with
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A.23 Instructions shown to the control group participants [phase II: empathy training

and instructions] (2/2). . . . . .. 278
A.24 Instructions shown to the treatment group participants [phase II: empathy training
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portive, empathic responses]. (a) Participant is asked to write a supportive, em-

pathic response. (b) Participant starts writing the response. . . . . . ... ... ... 285
A.31 An example workflow for Human + Al (treatment) participants [phase III: write

supportive, empathic responses]. (a) Participant is asked to write a supportive,

empathic response and given an option to receive feedback. (b) Participant starts

writing the response. (c) Participant clicks on the prompt to request feedback

from HAILEY. (d) Participant accepts the suggested changes and gets an option to

request more feedback. (e) Participant continues editing the response and requests

more feedback as needed. (f) When the response is already highly empathic, the

participant simply receives a positive feedback. . . ... ... ... ... .0 ... 286
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A.35 Exit survey used for collecting perceptions of treatment group participants [phase

IV: post-intervention survey] (2/2). . . . . . . ... L oL o
A.36 Consent form used for human evaluation of responses. . . . . ... ... .......
A.37 Instructions for human evaluation of responses. . . . . ... ... ... ........

A.38 Interface for human evaluation of responses. . . . . .. .................

B.1 To measure reasoning strength, we generate two explanations for each reframe —
one for why it might be sound; another for why it may be flawed. To check if the
explanations themselves are well-reasoned, we recursively generate explanations
for the explanations. Here, we choose a recursive tree depth of 3. Also, at every
step, we generate three explanations in favour of a reframe and three explanations

againstit. . . . . . ...

B.2 Illustration of the interface used for our randomized field-study: (a) Participant
starts by writing the negative thought they are struggling with in the moment; (b)
We ask the participant to describe a recent situation that may have led to their
thought; (c) An Al model identifies possible cognitive distortion(s) in the thought.
Participant selects the cognitive distortions that they most relate to; (d) An Al
model generates and suggests three different reframed thoughts that may help
overcome negative thinking and the associated cognitive distortion. Participant
selects the reframe they find the most relatable, helpful and memorable. Some
of the instructions provided to the participants, including informed consent and

evaluation, have been omitted from this illustration for brevity. . . . ... ... ...

B.3 Instructions shown during data collection with mental health experts. Continued

onthenextpage (1/3). . . . . . . . .. . .. .

B.4 Instructions shown during data collection with mental health experts. Continued

onthenextpage (2/3). . . . . . . . ..
B.5 Instructions shown during data collection with mental health experts (3/3).. . . . .
B.6 Consent form shown to the MHA visitors. Continued on the next page (1/2).

B.7 Consent form shown to the MHA visitors (2/2). . . . . ... .. ... ... ......
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B.8

B9

Randomized controlled trial to estimate the effects of contextualizing thoughts
through emotions (N=4,016). (a) Contextualizing participant thoughts through
their emotions led to 3.86% lower relatable reframes (3.87 vs. 3.72). Note that
our language model does not necessarily incorporate emotions unless they are
expressed in the thought or situation as well. (b) Asking for additional context
did not lead to lower completion rate. Error bars represent 95% bootstrapped
confidence intervals. Effects without p-values were not significant at « = 0.05. . .
Randomized controlled trial to estimate the effects of integrating psychoeducation
(N=1,850). We did not find significant quantitative improvement in outcomes on
integrating psychoeducation. Error bars represent 95% bootstrapped confidence

intervals. Effects without p-values were not significantata =0.05. . . . . . .. ...

B.10 Participants who further interacted with the language model to seek additional

B.11

reframing suggestions of specific types (actionable, empathic, or personalized) re-
ported 5.57% higher reframe helpfulness (3.41 vs. 3.23) and 4.86% higher skill
learnability (3.45 vs. 3.29) and no significant differences in reduction in emotion
intensity, reframe relatability, and reframe memorability (at « = 0.05; N=992). Er-
ror bars represent 95% bootstrapped confidence intervals. Effects without p-values
were not significant at « = 0.05. For a randomized trial assessing the effects of this
intervention, see Figure 3.5. . . . . ... ... .. . o o oo
Reading Complexity (Coleman-Liau Index) of the thoughts written by participants
based on their age. We find that adolescents (those below the age of 18) write
thoughts with the least reading complexity. Error bars represent 95% bootstrapped

confidence intervals. . . . . . . . .

B.12 Randomized controlled trial to estimate the effects of making reframes easier to

understand and more casual on age groups 15 to 17 and > 18. Participants in the
age group 15 to 17 reported 15.58% higher reframe helpfulness (3.19 vs. 2.76) when
they were suggested such reframes. We did not find significant differences for
participants in age group > 18 due to this intervention. Error bars represent 95%
bootstrapped confidence intervals. Effects without p-values were not significant at

a=0.05. . . L
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B.13 Detailed interface and process for iterative edits of reframes through further inter-

C1

C2

action with the language model. . . . . . ... ... ... ... ... .. ...

Different prompts variations for classifying conversational behavior embedded in
both therapist and client utterance in the counseling setting. We explored two
variations of prompting — 1) Prompting with definitions of different conversational
behaviors, with the sources of two studies (Lee et al., 2019; Cao et al., 2019). 2)
Prompting with the definitions and also examples from annotated dataset. For 2),
we explored two ways of asking questions, which are the multi-label setting and
binary-label setting. We experimented with different variations of these prompts
(e.g., using different language for the instructions) but observed similar results.
See the detailed methodology description in Methods. . . . .. ... ... ......
Instruction prompts given to LLMs for simulating counseling conversation using
two types of methods (single response and full conversation): 1) using LLMs to
write a single response within an ongoing conversation between human thera-
pist and client. 2) creating a full and multi-turn conversation between LLMs and

clients. See the detailed description in Methods. . . . . . ... .............
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Chapter 1

Introduction

Mental health is a rapidly escalating global crisis, with approximately 20% of people worldwide
experiencing mental health problems (WHO, 2022). Established therapeutic treatments, such as
cognitive behavioral therapy (CBT), have proven efficacy in treating mental illness. Unfortunately,
access to these treatments is limited. Many people do not or cannot receive care for various
reasons, including a shortage of professionals, lack of insurance coverage, high costs, and stigma
surrounding therapy (Olfson, 2016).

The critical gap between the overwhelming need for and limited access to mental health
care has prompted clinicians, stakeholders, and advocates to develop innovative technological
interventions aimed at complementing professional therapy and ensuring accessible care for all
(Miner et al., 2019; Imel et al., 2015; Kazdin and Rabbitt, 2013; Schleider et al., 2020). However,
developing effective mental health interventions that do not rely on professionals to deliver care
is challenging.

Some interventions connect people seeking support (support seekers) with a large number
of online peers who can provide support on text-based peer-to-peer support platforms at scale.
Examples of such platforms include TalkLife (talklife.com), YourDost (yourdost.com), and Mental
Health Subreddits (reddit.com). However, peer supporters providing support on such platforms
are typically untrained and unaware of effective therapeutic practices like expressing empathy to
support seekers. Therefore, high-quality supportive conversations such as those that are highly
empathic are rare on these platforms (Sharma et al., 2020b).

Other interventions facilitate self-guided practicing and learning of mental health skills and
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coping strategies. These “do-it-yourself” tools, like journaling, mirror the proven effectiveness of
therapeutic homeworks. Also, they can provide on-demand support for those unable to access a
therapist or waiting for treatment. They can also support therapists who are seeking to augment
ongoing care with engaging homework. However, despite their inherent promise, the wide-scale
implementation of these interventions remains a challenge owing to the cognitive and emotional
barriers that they pose (Garrido et al.,, 2019; Baumel et al., 2019; Fleming et al., 2018; Torous
etal.,, 2020). Most interventions that digitally facilitate self-guided interventions simply transform
traditional manual therapeutic worksheets into digital online formats (Shkel et al., 2023). Support
seekers, already facing distress, often find themselves cognitively challenged and emotionally
triggered when using these self-guided interventions without the assistance of a professional
therapist.

Augmenting mental health interventions with AI and NLP-based methods has the poten-
tial to provide scaffolding that helps support providers and support seekers engage with them
more effectively. Empowering peer supporters with automated, actionable, just-in-time feedback
and training, such as through human-AI collaboration systems based on language models, can
help them interact more effectively with support seekers (Imel et al., 2015; Miner et al., 2019).
Traditionally, providing feedback and training processes can be slow, expensive, labor-intensive,
and requires extensive expert instruction (Tanana et al., 2019; Moyers et al., 2005). Al systems can
be trained to provide feedback on key therapy skills such as empathy and help assess the quality
of care just-in-time and at scale. This ultimately could enhance the efficiency and effectiveness of
the way in which mental health support is delivered. Simultaneously, Al-based techniques can
empower support seekers in practicing and learning cognitively challenging and emotionally
triggering mental health skills. Al-augmented “Do-It-Yourself” tools could provide assistance to
improve mental health “in-the-moment” of crisis, thereby making self-guided interventions more
engaging and accessible.

Despite these opportunities, the use of Al in a high-risk setting like mental health also
presents potential risks. Al-based methods have been scrutinized for generating biased, harm-
ful, or factually incorrect information (Blodgett et al., 2020; Lin et al., 2022; Ganguli et al., 2022),
potentially undermining their effectiveness. As Al is integrated with new and existing mental

health interventions, it is important to develop mechanisms for their continuous monitoring and
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evaluation to ensure responsible usage and adherence to established interventions (Stade et al.,
2024; De Choudhury et al., 2023; Li et al., 2020; Tate et al., 2023; Van Veen et al., 2024).

Previous research in Al and NLP for mental health has primarily focused on identifying effec-
tive psychotherapy techniques (Althoff et al., 2016; Pérez-Rosas et al., 2019; Zhang and Danescu-
Niculescu-Mizil, 2020; Sharma and De Choudhury, 2018; Yang et al., 2019). However, there is
a lack of emphasis on methods that can generate actionable, just-in-time feedback and training
to those seeking support and those providing support. Psychotherapy techniques like empathy
(Elliott et al., 2011) are conceptually complex, nuanced, and multi-dimensional, which makes
generating such feedback and training challenging.

Also, prior efforts exploring Al-based mental health interventions have predominantly been
limited to small-scale, Wizard-of-Oz-style research, that do not accurately measure the underly-
ing machine’s efficacy (Ly et al., 2017; Smith et al., 2021; Morris et al., 2015; Kornfield et al., 2023;
Kumar et al., 2023). These studies were conducted in controlled lab settings and evaluated on
online crowdworker platforms, such as MTurk, which may not accurately represent the people
who actively seek mental health care or use such interventions (Mohr et al., 2017). Therefore,
much less is known about intervention effectiveness in ecologically valid settings with individ-
uals experiencing mental health challenges and seeking care. This limits our understanding of
end-user preferences within these emerging forms of intervention (Mohr et al., 2017; Blandford
et al., 2018; Borghouts et al., 2021; Poole, 2013).

Moreover, while experts have highlighted the critical need to evaluate Al-based mental health
interventions, there is a significant lack of research and evidence demonstrating their feasibility,
safety, and effectiveness comparing them against traditional treatment approaches (Stade et al.,,
2024; De Choudhury et al., 2023; Li et al., 2020; Tate et al., 2023; Van Veen et al., 2024). The rapid
pace at which Al-based interventions are being developed also necessitates exploring automated
evaluation methods to keep up with advancements. Moreover, the evaluation requires different
types of open-ended texts that AI may generate, in response to a diverse range of clients, for
different types of support, and at different stages of support, making the assessment complex
and multi-faceted.

In this thesis, I develop and evaluate human-AlI collaboration interventions to bridge the

critical gap between need and access to mental health support. Specifically, I:
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1. Develop human-AI collaboration methods that can empower people providing mental
health support to effectively leverage effective therapeutic practices through automated,

actionable, just-in-time feedback.

2. Develop human-AlI collaboration methods that can empower people seeking support to
learn and practice mental health skills through automated, actionable, just-in-time feed-

back.

3. Develop systematic evaluation methods that can be used to assess human-AlI collabora-

tion methods for mental health by comparing them against established treatment methods.

1.1 Thesis Statement

To summarize, my research demonstrates the following thesis statement:

Human-Al collaboration methods can help develop more effective mental health interventions
through automated, actionable, just-in-time feedback to individuals seeking and providing
mental health support and can be evaluated by comparing their effectiveness against established

treatment methods.

1.2 Contributions and Thesis Overview

Figure 1.1 provides an overview of my thesis highlighting the contributions.

Making progress toward developing and evaluating human-Al collaboration interventions
requires advancements in artificial intelligence, the integration of complex mental health con-
structs into current Al systems, and a deeper understanding of human behaviors and end-user
needs and preferences. This calls for an interdisciplinary approach. In my thesis, I develop
human-centered NLP methods and design and deploy human-Al interaction informed by well-
established principles in psychology and mental health. I collaborate with experts in artificial
intelligence, natural language processing, human-computer interaction, psychology, and mental
health. My thesis makes significant contributions to the fields of AI, NLP, HCI, psychology, and

mental health which I discuss next.
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Figure 1.1: Overview of my dissertation research and contributions. I build and evaluate human-Al
collaboration systems to support people who seek mental health support and people who provide mental
health support by developing human-centered NLP methods and designing and deploying human-Al
interaction. My dissertation research bridges the critical gap between need and access to mental health
support.
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1.2.1 Human-AI Collaboration to Empower People Providing Support

In Chapter 2, I develop a human-AlI collaboration approach to empower people who provide
mental health support. I focus on text-based, peer-to-peer mental health support and investigate
how AI systems can collaborate with humans who provide support (peer supporters) to help

facilitate the expression of empathy in textual supportive conversations.

First, I develop human-centered NLP methods to understand, measure, and improve how
empathy is expressed on online peer-to-peer mental health support platforms. I create a novel
unifying theoretically-grounded framework for characterizing the expression of empathy in text-
based conversations. I collect and share a corpus of 10k (post, response) pairs annotated using
this empathy framework with supporting evidence for annotations (rationales). I develop a multi-
task RoBERTa-based bi-encoder model for identifying empathy in conversations and extracting
rationales underlying its predictions. Experiments demonstrate that this approach can effec-
tively identify empathic conversations. I further apply this model to analyze 235k mental health
interactions and show that users do not self-learn empathy over time, revealing opportunities for
empathy training and feedback. This work, described in Section 2.1, was originally published at the
2020 Conference on Empirical Methods in Natural Language Processing (EMNLP 2020) (Sharma et al.,
2020b). Moreover, I make our dataset and code publicly available at github.com/behavioral-

data/Empathy-Mental-Health.

To improve the expressed levels of empathy in online mental health support conversations,
I introduce a new task of Empathic Rewriting which aims to transform low-empathy conversa-
tional posts to higher empathy. Learning such transformations is challenging and requires a
deep understanding of empathy while maintaining conversation quality through text fluency
and specificity to the conversational context. I propose PARTNER, a deep reinforcement learning
(RL) agent that learns to make sentence-level edits to posts in order to increase the expressed
level of empathy while maintaining conversation quality. PARTNER leverages a policy network,
based on a transformer language model adapted from GPT-2, which performs the dual task of
generating candidate empathic sentences and adding those sentences at appropriate positions.
During training, I reward transformations that increase empathy in posts while maintaining text

fluency, context specificity, and diversity. Through a combination of automatic and human eval-
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uation, I demonstrate that PARTNER successfully generates more empathic, specific, and diverse
responses and outperforms NLP methods from related tasks such as style transfer and empathic
dialogue generation. This work, described in Section 2.2, was originally published at The Web Con-
ference 2021 (WWW 2021) and also won the Best Paper Award at the conference (Sharma et al.,

2021). Moreover, I made our code publicly available at github.com/behavioral-data/Partner.

Finally, to translate these NLP models into real-world impact, I design a human-AlI inter-
action system, HAILEY, an Al-in-the-loop agent that provides just-in-time feedback to help peer
supporters respond more empathically to support seekers. I evaluate HAILEY in a non-clinical
randomized controlled trial with real-world peer supporters on TalkLife (N=300), a large online
peer-to-peer support platform. I show that our Human-AlI collaboration approach leads to a
19.60% increase in conversational empathy between peers overall. Furthermore, I find a larger
38.88% increase in empathy within the subsample of peer supporters who self-identify as experi-
encing difficulty providing support. This work, described in Section 2.3, was originally published
at Nature Machine Intelligence 2023 (NATURE MI 2023) (Sharma et al., 2023a).

Broadly, my findings demonstrate the potential of feedback-driven, Al-in-the-loop writing
systems to empower humans in open-ended, social, creative tasks such as empathic conversa-

tions.

1.2.2 Human-AI Collaboration to Empower People Seeking Support

Next, in Chapter 3, I shift my focus towards individuals seeking mental health support and de-
velop a human-Al collaboration approach to empower people who seek mental health support.
I focus on self-guided mental health interventions and investigate how such interventions can be
facilitated through human-Al collaboration. I take cognitive restructuring, an evidence-based
therapeutic technique to overcome negative thinking (Beck, 1976), as a case study.

First, I develop human-centered NLP methods for cognitive restructuring. Based on psychol-
ogy literature, I define a framework of seven linguistic attributes that can be used to reframe a
thought. I develop automated metrics to measure these attributes and validate them with expert
judgements from mental health practitioners. I collect a dataset of 600 situations, thoughts, and

reframes from practitioners and use it to train a retrieval-enhanced in-context learning model
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that effectively generates reframed thoughts and controls their linguistic attributes. This work,
described in Section 3.1, was originally published at the 61st Annual Meeting of the Association
for Computational Linguistics (ACL 2023) and also won an Outstanding Paper Award at the
conference (Sharma et al., 2023b). Moreover, I made our data and code publicly available at

github.com/behavioral-data/Cognitive-Reframing.

I use these NLP methods to design and deploy a human-AI interaction system to support
people through various steps of cognitive restructuring. In an IRB-approved randomized field
study on Mental Health America with 15,531 participants, I show that this system positively
impacts emotional intensity for 67% of participants and helps 65% overcome negative thoughts.
I also study what constitutes a “high-quality” reframe, and find that people prefer highly em-
pathic or specific reframes, as opposed to reframes that are overly positive. Although adolescents
report relatively worse outcomes, I find that tailored interventions that simplify language model
generations improve overall effectiveness and equity. This work, described in Section 3.2, was
originally published at the ACM CHI conference on Human Factors in Computing Systems 2024 (CHI
2024) (Sharma et al., 2024).

After appropriate ethical and safety considerations, I deployed this system on Mental Health
America, a large mental health website that provides mental health resources and tools to mil-
lions of users website. The system is hosted at bit.ly/changing-thoughts and has been used by

over 157,000+ users.

1.2.3 Evaluating Human-AI Collaboration Mental Health Interventions

While mental health interventions based on human-AlI collaboration interventions bring a lot of
promise, there is a lack of systematic approaches to evaluate them. In the last part of my thesis in
Chapter 4, I establish how we can evaluate the efficacy and safety of such interventions on human
participants through clinical trials. Moreover, I develop a framework to automatically evaluate
conversations between people seeking mental health support and large language models.

First, I study how clinical trials can be conducted to effectively evaluate short-term and
long-term outcomes, equity, and safety of Al-based mental health interventions. I use the Al-

based cognitive restructuring intervention developed in Chapter 3 as a case study. I conduct
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a clinical trial in an ecologically valid setting to compare our Al-based self-guided cognitive
restructuring tool against traditional interventions including an equivalent non-Al tool and psy-
choeducation only. Also, I develop a guiding framework for ethical and safety considerations.
Through this clinical trial, described in Section 4.1, I show that such Al-based self-guided cogni-
tive restructuring intervention demonstrates superior short-term efficacy and long-term engage-
ment compared to traditional approaches, while achieving similar levels of long-term efficacy.

Moreover, I study how large language models (LLMs) used in mental health support can be
automatically evaluated. I propose BoLt, a novel computational framework to study the con-
versational behavior of LLMs when employed as therapists. I develop an in-context learning
method to quantitatively measure the behavior of LLMs based on 13 different psychotherapy
techniques including reflections, questions, solutions, normalizing, and psychoeducation. Subse-
quently, I compare the behavior of LLM therapists against that of high- and low-quality human
therapy, and study how their behavior can be modulated to better reflect behaviors observed
in high-quality therapy. The analysis of GPT and Llama-variants reveals that these LLMs often
resemble behaviors exhibited in low-quality therapy rather than high-quality therapy, such as of-
fering a higher degree of problem-solving advice when clients share emotions, which is against
typical recommendations. At the same time, unlike low-quality therapy, LLMs reflect signifi-
cantly more upon clients’ needs and strengths. My analysis framework suggests that despite the
ability of LLMs to generate anecdotal examples that appear similar to human therapists, LLM
therapists are currently not fully consistent with high-quality care, and thus require additional
research to ensure quality care. This work, described in Section 4.2, is currently under review at
Nature Medicine (Chiu et al., 2024). Moreover, I make our dataset and code publicly available at
github.com/behavioral-data/BOLT.
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Chapter 2

Human-AlI Collaboration to Empower

People Providing Support

This chapter focuses on how we can develop interventions to support people who provide mental
health support. We focus on text-based, peer-to-peer mental health support and investigate how
Al systems can collaborate with humans to help facilitate the expression of empathy in textual

supportive conversations.

Research suggests that for people in distress, connecting and interacting with peers can help
in coping with mental illness, enhancing mental well-being, and developing social integra-
tion (Davidson et al., 1999). This form of social support (Kaplan et al., 1977) through peers can
be provided online which has led to the development of online mental health support platforms
such as TalkLife, YourDost, or Mental Health Subreddits (Naslund et al., 2016). With an esti-
mated 400 million people suffering from mental health disorders worldwide (WHO), combined
with a pervasive lack of qualified mental health professionals (Kazdin and Blase, 2011; Olfson,
2016), these platforms have pioneered avenues for seeking social support and discussing mental
health issues for millions of people who use them for expressing emotions, sharing stigmatized

experiences, and providing and receiving peer support (Naslund et al., 2016).

A key component of providing successful support is empathy, the ability to understand and
relate to the emotions and experiences of others and to effectively communicate that under-

standing (Robert et al., 2011). Empathic support is one of the critical factors that contributes to
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successful conversations in mental health support, showing strong correlations with symptom
improvement (Elliott et al., 2018) and the formation of alliance and rapport (Robert et al., 2011;
Watson et al., 2002; Sharma et al., 2020b). While online peer-to-peer platforms enable supportive
conversations between support seekers (people who seek support) and peer supporters (people who
provide support), peer supporters are typically untrained in expressing complex and open-ended
skills like empathy (Davis et al., 1980; Blease et al., 2020; Doraiswamy et al., 2020; Riess, 2017)
and may lack the required expertise.

As shown in prior work (Kemp and Henderson, 2012; Mahlke et al., 2014), untrained peer
supporters report difficulties in writing supportive, empathic responses to support seekers. With-
out deliberate training or specific feedback, the difficulty persists over time (Schwalbe et al., 2014;
Goldberg et al., 2016; Sharma et al., 2020b) and may even lead to a gradual decrease in support-
ers’ effectiveness due to factors such as empathy fatigue (Nunes et al., 2011; Hojat et al., 2009;
Stebnicki, 2007). Furthermore, current efforts to improve empathy (e.g., in-person empathy train-
ing) do not scale to the millions of peer supporters providing support online. Thus, empowering
peer supporters with automated, actionable, just-in-time feedback and training, such as through
human-AI collaboration systems, can help them express higher levels of empathy and, as a result,
improve the overall effectiveness of these platforms (Imel et al., 2015; Miner et al., 2019; Sharma
et al., 2020b, 2021).

Here, we investigate how Al systems can collaborate with humans to help facilitate the ex-
pression of empathy in textual supportive conversations. First, we design a novel framework and
dataset of empathic conversations and develop a RoBERTa-based bi-encoder model for identify-
ing empathy in conversations. Using this model, we demonstrate that highly empathic conver-
sations are rare on online mental health platforms (Section 2.1). Therefore, to improve empathy
in conversations, we introduce Empathic Rewriting, a new task that aims to transform low-
empathy conversational posts to higher empathy. We propose PARTNER, a deep reinforcement
learning agent that learns to make sentence-level edits to conversations in order to increase the
expressed level of empathy while maintaining conversation quality through fluency, specificity,
and diversity (Section 2.2). We use PARTNER to design and evaluate a new Al-in-the-loop agent
that provides just-in-time feedback to help peer supporters respond more empathically to sup-

port seekers (Section 2.3).
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2.1 Understanding Empathy Expressed in Peer-to-Peer Mental Health

Support

Al systems that understand conversational empathy could empower peer supporters with feed-
back and training. However, the current understanding of empathy is limited to traditional
face-to-face, speech-based therapy (Gibson et al., 2016; Pérez-Rosas et al., 2017) due to lack of
resources and methods for new asynchronous, text-based interactions (Patel et al., 2019). Also,
while previous NLP research has focused predominantly on empathy as reacting with emotions
of warmth and compassion (Buechel et al., 2018), a separate but key aspect of empathy is to

communicate a cognitive understanding of others (Selman, 1980).

Here, we present a novel computational approach to understanding how empathy is ex-
pressed in text-based, asynchronous mental health conversations. We introduce EprrroMme,! a
conceptual framework for characterizing communication of empathy in conversations that syn-
thesizes and adapts the most prominent empathy scales from speech-based, face-to-face contexts

to text-based, asynchronous contexts (Section 2.1.2). EPITOME consists of three communication

mechanisms of empathy: Emotional Reactions, Interpretations, and Explorations (Figure 3.1).

To facilitate computational modeling of empathy in text, we create a new corpus based on
EritoME. We collect annotations on a dataset of 10k (post, response) pairs from extensively-
trained crowdworkers with high inter-rater reliability (Section 2.1.3).> We develop a RoBERTa-
based bi-encoder model for identifying empathy communication mechanisms in conversations
(Section 2.1.4). Our multi-task model simultaneously extracts the underlying supportive evi-
dences, rationales (DeYoung et al., 2020), for its predictions (spans of input post; e.g., highlighted
portions in Figure 3.1) which serve the dual role of (1) explaining the model’s decisions, thus
minimizing the risk of deploying harmful technologies in sensitive contexts, and (2) enabling
rationale-augmented feedback for peer supporters.

We show that our computational approach can effectively identify empathic conversations
with underlying rationales (~80% acc., ~70% macro-f1) and outperforms popular NLP base-

lines with a 4-point gain in macro-f1 (Section 2.1.5). We apply our model to a dataset of 235k

TEmPathy In Text-based, asynchrOnous MEntal health conversations
2Qur dataset can be accessed from https:/ /bit.ly/2Rwy2gx.
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supportive conversations on TalkLife and demonstrate that empathy is associated with positive
feedback from seekers and the forming of relationships. Importantly, our results suggest that
most peer supporters do not self-learn empathy with time. This points to critical opportunities
for training and feedback for peer supporters to increase the effectiveness of mental health sup-
port (Miner et al., 2019; Imel et al., 2015). Specifically, NLP-based tools could give actionable,
real-time feedback to improve expressed empathy, and we demonstrate this idea in a small-scale

proof-of-concept (2.1.6).

2.1.1 How to Measure Empathy?

Empathy is a complex multi-dimensional construct with two broad aspects related to emotion
and cognition (Davis et al., 1980). The “emotion” aspect relates to the emotional stimulation in
reaction to the experiences and feelings expressed by a user. The “cognition” aspect is a more
deliberate process of understanding and interpreting the experiences and feelings of the user and
communicating that understanding to them (Elliott et al., 2018).

Here, we study expressed empathy in text-based mental health support — empathy expressed or
communicated by peer supporters in their textual interactions with seekers (cf. Barrett-Lennard
(1981)).3 Table 2.1 lists existing empathy scales in psychology and psychotherapy research. Truax
and Carkhuff (1967) focus only on communicating cognitive understanding of others while Davis
et al. (1980); Watson et al. (2002) also make use of expressing stimulated emotions.

These scales, however, have been designed for in-person interactions and face-to-face therapy,
often leveraging audio-visual signals like expressive voice. In contrast, in text-based support,
empathy must be expressed using textual response alone. Also, they are designed to operate on
long, synchronous conversations and are unsuited for the shorter, asynchronous conversations
of our context.

In this work, we adapt these scales to text-based, asynchronous support. We develop a new
comprehensive framework for text-based, asynchronous conversations (Table 2.1; Section 2.1.2),

use it to create a new dataset of empathic conversations (Section 2.1.3), a computational approach

3Note that expressed empathy may differ from the empathy perceived by seekers. However, obtaining perceived
empathy ratings from seekers is challenging in sensitive contexts and involves ethical risks. Psychotherapy research
indicates a strong correlation of expressed empathy with positive outcomes and frequently uses it as a credible
alternative (Robert et al., 2011).
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for identifying empathy (Section 2.1.4; Section 2.1.5), & gaining insights into mental health plat-
forms (2.1.6).

Computational Approaches for Empathy

Computational research on empathy is based on speech-based settings, exploiting audio signals
like pitch which are unavailable in text-based platforms (Gibson et al., 2016; Pérez-Rosas et al.,
2017). Moreover, previous NLP research has predominantly focused on empathy as reacting
with emotions of warmth and compassion (Buechel et al., 2018). For mental health support,
however, communicating cognitive understanding of feelings and experiences of others is more
valued (Selman, 1980). Recent work also suggests that grounding conversations in emotions im-
plicitly makes them empathic (Rashkin et al., 2019). Research in therapy, however, highlights
the importance of expressing empathy in interactions (Truax and Carkhuff, 1967). In this work,
we present a computational approach to (1) understanding empathy expressed in textual, asyn-

chronous conversations; (2) address both emotional and cognitive aspects of empathy.

2.1.2 Framework of Expressed Empathy

To understand empathy in text-based, asynchronous, peer-to-peer support conversations, we
develop ErITOME, a new conceptual framework of expressed empathy (Figure 3.1). In close col-
laboration with clinical psychologists, we adapt and synthesize existing empathy definitions and
scales to text-based, asynchronous context. EPITOME consists of three communication mecha-
nisms providing a comprehensive outlook of empathy — Emotional Reactions, Interpretations, and
Explorations. For each of these mechanisms, we differentiate between — (0) peers not expressing
them at all (no communication), (1) peers expressing them to some weak degree (weak communica-
tion), (2) peers expressing them strongly (strong communication).

Here, we describe our framework in detail using the following seeker post as context for all

example responses: I am about to have an anxiety attack.

Emotional Reactions. Expressing emotions such as warmth, compassion, and concern, experi-
enced by peer supporter after reading seeker’s post. Expressing these emotions plays an impor-

tant role in establishing empathic rapport and support (Robert et al., 2011). A weak commu-
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Applicable to Communication Mechanisms

Context text-based Emotional Interpretations Explorations
peer-support Reactions (Cognitive) (Cognitive)
., Truax and  Face-to-face therapy X X v v
< Carkhuff
A (1967)
Davis et al Daily human X v v X
(1980) interactions
Watson et al.  Face-to-face therapy X v v v
(2002)
2 Buechel et al. Reaction to news X v X X
£ (2018) stories
Q
= Rashkin et al. Emotionally X X* X* X*
(2019) grounded convs.
Pérez-Rosas Motivational X X v v
et al. (2017) interviewing
EPITOME Text-based, v v v v

asynchronous support

Table 2.1: EriTOME incorporates both emotional and cognitive aspects of empathy that were previously
only studied in face-to-face therapy and never computationally in text-based, asynchronous conversations.
*Rashkin et al. (2019) implicitly enable empathic conversations through grounding in emotions instead of
communication.
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nication of emotional reactions alludes to these emotions without the emotions being explicitly
labeled (e.g., Everything will be fine). On the other hand, strong communication specifies the

experienced emotions (e.g., I feel really sad for you).

Interpretations. Communicating an understanding of feelings and experiences inferred from the
seeker’s post. Such a cognitive understanding in responses is helpful in increasing awareness of
hidden feelings and experiences, and essential for developing alliance between the seeker and
peer supporter (Watson, 2007). A weak communication of interpretations contains a mention
of the understanding (e.g., I understand how you feel) while a strong communication specifies
the inferred feeling or experience (e.g., This must be terrifying) or communicates understanding
through descriptions of similar experiences (e.g., I also have anxiety attacks at times which makes me

really terrified).

Explorations. Improving understanding of the seeker by exploring the feelings and experiences
not stated in the post. Showing an active interest in what the seeker is experiencing and feeling
and probing gently is another important aspect of empathy (Miller et al., 2003; Robert et al.,
2011). A weak exploration is generic (e.g., What happened?) while a strong exploration is specific
and labels the seeker’s experiences and feelings which the peer supporter wants to explore (e.g.,
Are you feeling alone right now?).

Consistent with existing scales, responses that only give advice (Try talking to friends), only
provide factual information (mindful meditation overcomes anxiety), or are offensive or abusive
(shut the f**k up)* are not empathic and are characterized as no communication of empathy in our

framework.

2.1.3 Data Collection

To facilitate computational methods for empathy, we collect data based on ErPiTOME.

Data Source

We use conversations on the following two online support platforms as our data source:

4QOur approach is focused on supporting peers who are trying to help seekers. This is different from toxic language
identification tasks. Such content can be independently flagged using existing techniques (e.g., perspectiveapi.com)
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perspectiveapi.com

(1) TalkLife. TalkLife (talklife.co) is the largest global peer-to-peer mental health support network
(talklife.co/about). It enables seekers to have textual interactions with peer supporters through
conversational threads. The dataset contains 6.4M threads and 18M interactions (seeker post,

response post pairs) on TalkLife between May 2012 to Jan 2019.

(2) Mental Health Subreddits. Reddit (reddit.com) hosts a number of sub-communities aka
subreddits (e.g., r/depression). We use threads posted on 55 mental health focused subreddits
(Sharma and De Choudhury, 2018). This publicly accessible dataset contains 1.6M threads and
8M interactions on Reddit between Jan 2015 to Jan 2019.

We use the entire dataset for in-domain pre-training (Section 2.1.4) and annotate a subset of
10k interactions on empathy. We further analyze empathy on a carefully filtered dataset of 235k

mental health interactions on TalkLife (2.1.6).

Annotation Task and Process

Empathy is conceptually nuanced and linguistically diverse so annotating it accurately is difficult
in short-term crowdwork approaches. This is also reflected in prior work that found it challeng-
ing to annotate therapeutic constructs (Lee et al., 2019). To ensure high inter-rater reliability, we

designed a novel training-based annotation process.

Crowdworkers Recruiting and Training. We recruited and trained eight crowdworkers on iden-
tifying empathy mechanisms in ErrToME. We leveraged Upwork (upwork.com), a freelancing
platform that allowed us to hire and work interactively with crowdworkers. Each crowdworker
was trained through a series of phone calls (30 minutes to 1 hour in total) and manual /automated

feedback on 50-100 posts. Refer Appendix A.1 for more details.

Annotating Empathy. In our annotation task, crowdworkers were shown a pair of (seeker post,
response post) and were asked to identify the presence of the three communication mechanisms
in EprtoME (Emotional Reactions, Interpretations, and Explorations), one at a time. For each
mechanism, crowdworkers annotated whether the response post contained no communication,

weak communication, or strong communication of empathy in the context of the seeker post.

Highlighting Rationales. Along with the categorical annotations, crowdworkers were also asked

to highlight portions of the response post that formed the rationale behind their annotation. E.g,
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talklife.co
talklife.co/about
reddit.com
upwork.com

Data

No Weak Strong Total
Source

Emotional TalkLife 3656 2945 461 7062

Reactions Reddit 2034 899 148 3081
. TalkLife 5533 178 1351 7062
Interpretations
Reddit 1645 115 1321 3081
. TalkLife 5137 767 1158 7062
Explorations

Reddit 2600 104 377 3081

Table 2.2: Statistics of the collected empathy dataset. The crowdworkers were trained on ErrroME through
a series of phone calls and manual/automated feedback on sample posts to ensure high quality annota-
tions.

in the post “That must be terrible! I'm here for you”, the portion “That must be terrible” is the rationale

for it being a strong communication of interpretations.

Data Quality. Overall, our corpus has an average inter-annotator agreement of 0.6865 (average
over pairwise Cohen’s « of all pairs of crowdworkers; each pair annotated >50 posts in common)
which is higher than previously reported values for the annotation of empathy in face-to-face
therapy (~0.60 in Pérez-Rosas et al., 2017; Lord et al., 2015).> Our ground-truth corpus contains
10,143 (seeker post, response post) pairs with annotated empathy labels from trained crowd-

workers (Table 2.2).

Privacy and Ethics. The TalkLife dataset was sourced with license and consent from the TalkLife
platform. All personally identifiable information (user and platform identifiers) in both the
datasets were removed. This study was approved by University of Washington’s Institutional
Review Board. In addition, we tried to minimize the risks of annotating mental health related
content by providing crisis management resources to our annotators, following Sap et al. (2020).

This work does not make any treatment recommendations or diagnostic claims.

2.1.4 Model

With our collected dataset, we develop a computational approach for understanding empathy.

5We achieve an inter-annotator agreement of 0.69 for emotional reactions, 0.61 for interpretations, and 0.76 for
explorations.
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Problem Definition

Let S; = si1, ..., 5im be a seeker post and R; = 71, ..., i, be a corresponding response post. For the

pair (S;, R;), we want to perform two tasks:

Task 1: Empathy Identification. Identify how empathic R; is in the context of S;. For each of
the three communication mechanisms in ErrroME (Emotional Reactions, Interpretations, Explo-
rations), we want to identify their level of communication (/;) in R; — no communication (0), weak

communication (1), or strong communication (2).

Task 2: Rationale Extraction. Extract rationales underlying the identified level /; € {no, weak,
strong} of each of the three communication mechanism in EpiToME. The extracted rationale is a
subsequence of words x; in R;. We represent this subsequence as a mask m; = (m;y, ..., m;,) over
the words in R;, where m;; € {0,1} is a boolean variable: 1 — rationale word; 0 — non-rationale

word. Correspondingly, x; = m; © R;.

Bi-Encoder Model with Attention

We propose a multi-task bi-encoder model based on RoBERTa (Liu et al., 2019) for identifying
empathy and extracting rationales (Figure 2.1). We multi-task over the two tasks of empathy
identification and rationale extraction and train three independent but identical architectures
for the three empathy communication mechanisms in EriroMmE (Section 2.1.2). The bi-encoder
architecture (Humeau et al., 2019) facilitates a joint modeling of (S;, R;) pairs. Moreover, the use
of attention helps in providing context from the seeker post, S;. We find that such an approach
is more effective than methods that concatenate S; with R; with a [SEP] token to form a single

input sequence (Section 2.1.5).

Two Encoders. Our model uses two independently pre-trained transformer encoders from
RoBERTagasg — S-Encoder & R-Encoder — for encoding seeker post and response post respec-
tively. S-Encoder encodes context from the seeker post whereas R-Encoder is responsible for

understanding empathy in the response post.
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Figure 2.1: We use two independently pre-trained RoBERTa-based encoders for encoding seeker post
and response post respectively. We leverage attention between them for generating seeker-context aware
representation of the response post, used to perform the two tasks of empathy identification and rationale
extraction.

efs) = S-Encoder([CLS1,S;, [SEP]) (2.1)

e® = R-Encoder([CLS],R;, [SEP]) 2.2)

1

where [CLS] and [SEP] are special start and end tokens adapted from BERT (Devlin et al.,

2019).

Domain-Adaptive Pre-training. Both the S-Encoder and R-Encoder are initialized using the
weights learned by RoBERTagase. We further perform a domain-adaptive pre-training (Gururan-
gan et al., 2020) of the two encoders to adapt to conversational and mental health context. For
this additional pre-training of the two encoders, we use the datasets of 6.4M seeker posts (182M
tokens) and 18M response (279M tokens) posts respectively sourced from TalkLife (Section 2.1.3).

We use the masked language modeling task for pre-training (3 epochs, batch size = 8).

Attention Layer. We use a single-head attention over the two encodings for generating seeker-

context aware representation of the response post. Using the terminology of transformers (Vaswani

(R)

et al., 2017), our query is the response post encoding e; ", and the keys and the values are the
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Emotional

. Interpretations Explorations
Model Reactions

acc. fl acc. fl acc. fl

Log. Reg. 58.02 51.58 55.53 41.19 63.23 51.97

RNN 69.09 54.02 82.25 47.94 73.40 28.22
& HRED 7891 48.70 79.26 29.48 73.40 28.22
g BERT 76.98 70.31 85.06 62.24 85.87 71.56
£ GPT-2 76.89 70.76 80.00 58.43 83.25 65.65

DialoGPT 76.71 70.42 85.67 66.60 83.95 66.34

RoBERTa 78.28 71.06 86.25 62.69 85.79 71.83

Our Model 79.93 74.29 87.50 67.46 86.92 73.47

Log. Reg. 41.69 42.69 70.58 49.77 67.08 46.63

RNN 71.63 42.85 76.21 51.76 85.58 30.74
+= HRED 71.11 44.10 79.65 54.16 85.58 30.74
;: BERT 7213 50.41 82.16 61.20 89.35 56.54
~ GPT-2 76.69 71.65 82.32 62.27 88.25 58.28

DialoGPT 66.07 51.16 81.85 68.95 89.65 70.65
RoBERTa 76.99 70.35 82.16 61.38 90.58 63.41

Our Model 79.43 74.46 84.04 62.60 92.61 72.58

Table 2.3: Empathy identification task results. We observe substantial gains over baselines with our seeker-
context aware, mult-tasking approach.

(S)

seeker post encoding e;”’. Our attention is computed as:

ai(eSR),egs)):softmax S8 ) e® (2.3)

(R)

where d = 768 (hidden size in RoBERTagasg). We sum the encoded response e;”’ with its

(R) o(8)

representation transformed through attention a;(e ;

) to obtain a residual mapping (He
et al.,, 2016) — hSR), which forms the final seeker-context aware representation of the response

post.

Empathy Identification. For the task of identifying empathy, we use the final representation of
the [CLS] token in the response post (th)[ [CLS]]) and pass it through a linear layer to get the
predictions of the empathy level [; (0, 1, or 2) of each empathy communication mechanism. Note
that we train three independent models for the three communication mechanisms in EPIToME

(Section 2.1.2).

Extracting Rationales. For extracting rationales y; underlying the predictions, we use final rep-

resentations of the individual tokens in R; (hER) [fi1, .., Tin]) and pass them through a linear layer
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for making boolean predictions, ;.

Loss Function. We use cross-entropy between the true and predicted labels as the loss functions

of our two tasks. The overall loss of our multi-task architecture is: £ = Agr * Lg1 + ARg * LRE.

Experimental Setup. We split both datasets into train, dev, and test sets (75:5:20). We train our
model for 4 epochs using a learning rate of 2e—5, batch size of 32, Ag; = 1, and Agg = 0.5 (Refer

Appendix A.2 for fine-tuning details).

2.1.5 Results

Next, we analyze how effectively we can identify empathy with underlying rationales using our

computational approach.

Overall Results

We compare the performance of our approach with a range of models popularly used in related
tasks (e.g., sentiment classification, conversation analysis). We quantify how challenging iden-
tifying empathy with underlying rationales is, how well do existing models perform, and what

performance is achieved by our proposed approach.

Baselines. Our baselines are: 1. Log. reg. (logistic regression over tf.idf vectors); 2. RNN (two-
layer recurrent neural network); 3. HRED (hierarchical recurrent encoder-decoder, often used
for modeling conversations (Sordoni et al., 2015)); 4. BERTgasg (Devlin et al., 2019); 5. GPT-2
(typically used for language generation (Radford et al., 2019)); 6. DialoGPT (GPT-2 adapted to

asynchronous conversations (Zhang et al., 2020)); and 7. RoBERTagpasg (Liu et al., 2019).

Empathy Identification Task. Table 2.3 reports the accuracy and macro-f1 scores of the three
communication mechanisms (random baseline for each is 33% accurate; three levels). Log. reg.,
RNN, and HRED struggle to identify empathy with noticeably low macro-f1 scores indicative
of failures to distinguish between the three levels of communication. Among the baseline trans-
former architectures, we obtain best performance using RoBERTa but observe substantial gains
over them with our approach (+1.73 acc., +4.02 macro-fl1 over RoBERTa). We analyze the sources

of these gains in the Ablation Study section.
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Emotional Interpretations Explorations

Model Reactions
T- IOU T- 1IOU T- 10U
f1 f1 f1
Log. Reg. 4744 63.27 46.92 3297 47.18 62.25
RNN 62.80 58.22 67.26 57.31 63.29 64.65
& HRED 60.56 55.01 64.26 70.92 61.54 70.85
S BERT 61.29 51.20 61.06 67.33 62.50 64.80
£ GPT-2 47.39 51.27 64.06 81.12 66.71 78.21
DialoGPT 66.24 61.24 64.05 79.64 57.95 76.95
RoBERTa 59.12 63.82 60.08 84.85 60.05 78.21
Our Model 68.49 66.82 67.81 85.76 64.56 83.19
Log. Reg. 43.26 61.27 49.85 31.31 48.21 70.36
RNN 4554 4394 48.22 51.35 65.11 78.27
+ HRED 46.34 45.65 48.88 52.12 66.66 80.33
;: BERT. 51.06 54.81 48.38 50.75 67.91 71.00
M~ GPT-2 51.44 57.10 54.53 52.38 73.39 82.89

DialoGPT 51.83 49.37 54.43 55.85 73.43 85.20
RoBERTa 51.89 58.31 55.62 54.60 69.76 83.33

Our Model 53.57 64.83 57.40 55.90 71.56 84.48

Table 2.4: Rationale extraction task results. We evaluate both at the level of tokens (T-f1) and spans (IOU-
£1).

Emotl.onal Interpretations Explorations
Model Reactions
identification rationale identification rationale identification rationale

acc. f1 T-f1 IOU acc. f1 T-f1 IOU acc. f1 T-f1 IOU

Our Model 7993 7429 6849 6682 87.50 6746 6781 8576 86.92 7347 64.56 83.19

& -attention 79.00 73.02 5959 6349 8741 6697 6712 7920 84.86 6345 5942 73.82
g -seeker post  79.37 7352 61.08 6258 86.04 6323 6556 7723 86.16 70.80 60.05 81.87
% -rationales 79.12  71.21 —* —* 87.01 66.71 —* —* 86.38 72.14 —* —*

-pre-training 7895 7341 6034 6291 8731 6586 69.03 8495 8621 7054 6453 80.19

Our Model 7943 7446 53.57 64.83 84.04 62.60 5740 5590 92.61 72.58 71.56 84.48
+ -attention 7551 5266 5179 59.83 8326 6225 5490 5279 9198 6475 6881 8191
% -seeker post  79.15 7147 4587 5856 8357 6241 5559 5551 91.67 6459 6873 81.56
~

-rationales 7850 73.21 —* —* 83.26 62.13 —* —* 9151 6444 —* —*
-pre-training 76.97 69.03 5158 5735 8232 6138 57.61 5534 9199 6526 7044 81.71

Table 2.5: Ablation results. Most of our gains are due to context provided through attention and seeker
post; higher gains for the rationale extraction task. *Note that rationales cannot be predicted after remov-
ing them from training.
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Rationale Extraction Task. We perform both token level and span level evaluation for this task.
We use two metrics, commonly used in discrete rationale extraction tasks (DeYoung et al., 2020):
1. T-f1 (token level f1); 2. IOU-f1 (intersection over union overlap of predicted spans with ground
truth spans; threshold of 0.5 on the overlap for finding true positives and the corresponding
f1). We find that GPT-2 and DialoGPT perform better than BERT and RoBERTa likely due to
appropriateness to the related task of generating free-text rationales (Table 2.4). Our approach
obtains gains of +2.58 T-f1 and +6.45 IOU-f1 over DialoGPT, potentially due to the use of attention

and seeker post (see the Ablation Study section).

Ablation Study

We next analyze the components and training strategies in our approach through an ablation
study.

No Attention. Instead of using attention, we concatenate the seeker post encoding (egs)) with
the response post encoding (el(R)) and use the concatenated representation as input to the linear

layer.

No Seeker Post. We train without the S-Encoder, i.e., by only encoding from the R-Encoder.

No Rationales. We set Agg to 0 and only train on the empathy identification task.

No Domain-Adaptive Pre-training. We initialize by only using model weights from RoBERTagasE.

Results. Our most significant gains come from using attention and the seeker post (Table 2.5)
which greatly benefits the rationale extraction task (+4.88 T-f1, +5.74 IOU-f1). Also, using ratio-

nales and pre-training only leads to small performance improvements.

Error Analysis

We qualitatively analyze the sources of our errors. For the empathy identification task, we found
that the model sometimes failed to identify short expressions of emotions in responses that
otherwise contained a lot of instructions (e.g., Sorry to hear that! Try doing ...). Also, certain
responses trying to universalize the situation (e.g., You are not alone) got incorrectly identified as

strong interpretations. Furthermore, a source of error for explorations was confusions due to
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questions that were not an exploration of seeker’s feelings or experiences (e.g., offers to talk - Do
you want to talk?).

For the rationale extraction task, the model accurately extracts phrases that are commonly
used for expressing empathy (e.g., this might be tough), but also sometimes incorrectly extracts
single words from sentences indicating errors in disambiguating word usage (e.g., “‘what” in Tell
them what you need gets extracted as an exploration, likely because what is really common in

explorations as in what happened?).

2.1.6 Model-based Insights into Mental Health Platforms

We apply our model to study how empathy impacts online peer-to-peer support dynamics. To
only focus on conversations related to significant mental health challenges and filter out common
social media interactions (e.g., Merry Christmas), we carefully select 235k mental health related
interactions on TalkLife using a seeker-reported indicator.®

We investigate (1) the levels of empathy on the platform, its variation over time, and examine
the relationship of empathy with (2) conversation outcomes, (3) relationship forming, and (4)

gender.

(1) Peer supporters do not self-learn empathy over time. Overall, we observe that empathy
expressed by peer supporters on the platform is low (avg. total score’ of 1.09 out of 6). In
addition, we find that the emotional reactivity of users decreases over time (36% decrease over
three years) and their levels of interpretations and explorations remain practically constant (Fig-
ure 2.2a). Further analyzing whether a user individually improves, worsens, or remains constant
in their expression of empathy, we find that 69% users either worsen or stay constant in their
empathy expressions and only 10% improve by at least one point (i.e. one level in our frame-
work). This is also reflected in prior work on therapy that shows that without deliberate practice
and specific feedback, even trained therapists often diminish in skills over time (Goldberg et al.,
2016). We find this trend robust to potential confounding factors (new users, user dropout) and
users of different groups (low vs. high activity users, moderators; Appendix A.3). This indicates

that most users do not self-learn empathy and highlights the need of providing them feedback.

®We focus analyzing TalkLife alone as Reddit lacks rich publicly available signals such as seeker liking the response.
"Total empathy score is obtained by adding the level of communication across the three mechanisms.

76



(@)e ER o IP @ EX

_ 53 0Pl ER o IP e EX
S .07 g0
L5 = 8
y £.05° g 430
< & 1 (=) E
5 0037 e—e—¢—* S o 20-
O a.
z%® 1; ———+ 5 105
01 0152016 20172018 % 210 No  weak Strong
Year Empathy Level
—§ €§,7(c) ﬁg ggo(d)
526 7 nI80°
= 0 5; @ 5.70: ° °
(e TRgE =g b
gy 54 2% 60- .
0 3: N Qipn:
g h GESO ey
O ' v ' v
BE2 0 1 2 3 4k SO S S S\
Total Empathy Gender (Peer—Seeker)

Figure 2.2: (a) Peer-supporters do not self-learn empathy over time. Only users who joined in 2015 were
included but similar trends hold for other user groups; (b) Stronger communications of emotional reactions
and interpretations are received positively by seekers. Stronger explorations get 47% more replies; (c) A
lot more seekers follow peers after empathic interactions; (d) Females are more empathic towards females.

(2) High empathy interactions are received positively by seekers. We analyze the correlation
of empathic conversations with positive feedback, concretely with seeker "liking" the post. We
find that strong communications of empathy are received with 45% more likes by seekers than
no communication (Figure 2.2b). Strong explorations get 44% less likes but receive 47% more

replies than no explorations, leading to higher engagement.

(3) Relationship forming more likely after empathic conversations. Psychology research em-
phasizes the importance of empathy in forming alliance and relationship with seekers (Watson,
2007). Here, we operationalize relationship forming as seeker "following" the peer supporter
after a conversation (within 24hrs). We find that seekers are 79% more likely to follow peer sup-
porters after an empathic conversation (total score of 14 vs. 0) than after a non-empathic one

(Figure 2.2¢).

(4) Females are more empathic with females than males are with males. Previous work has
shown that seekers identifying as females receive more support in online communities (Wang
and Jurgens, 2018). Here, we ask if empathic interactions are affected by the self-reported gender
of seekers and peer supporters. We find that female peer supporters are 32% more empathic
towards female seekers than males are towards male seekers (Figure 2.2d). Also, females are 6%

more empathic towards males than males are towards females.
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2.1.7 Implications for Empathy-Based Feedback

These results suggest that our approach not only successfully measures empathy according to a
principled framework (Section 2.1.2), but that the measured empathy components are important
to online supportive conversations as indicated by the positive reactions from seekers and mean-
ingful reflections of social theories. However, peer supporters on the platform express empathy
rarely and this does not improve over time. This points to critical opportunities for empathy-

based feedback to peer supporters for making their interactions with seekers more effective.

2.2 Empathic Rewriting: Computationally Transforming Low-Empathy

Conversations into Higher Empathy

To make conversations more empathic, we introduce empathic rewriting, a new task that aims to
transform low-empathy conversational posts to higher empathy (Figure 2.3). For example, given
a post from a support seeker “I can’t deal with this part of my bipolar. I need help.” and a low-
empathy response “Don’t worry! Try to relax. Anyone you can talk to?,” we want to increase the
empathy quotient in the response by transforming it to “Being manic is no fun. It's scary! I'm sorry
to hear this is troubling you. Try to relax. Anyone you can talk to?”; the rewritten response should
communicate more empathy through an understanding of feelings and experiences (“Being manic
is no fun. It’s scary”) and display of felt emotions (“I'm sorry to hear this is troubling you”).
Performing such transformations is a challenging task: First, empathy is a complex, con-
ceptually nuanced construct and requires understanding the feelings and experiences shared by
the support seeker. In the example above, one needs to understand that being “bipolar” can be
“scary”, involves “manic” phases, and communicate this in the response. Second, for empathic
rewriting to be purposeful, it should not undermine other conversation goals like language flu-
ency, context specificity, and diversity. Making changes that lead to ungrammatical posts with
empathic portions (e.g., "Scary it is manic being") may not be helpful and obstruct useful feedback.
Further, making the same transformation to every response (e.g., rewrite every response to “I
understand how you feel”) would lead to non-specific and generic responses reducing the overall

conversational quality (See et al., 2019; Li et al., 2016a). Third, the task of empathic rewriting re-
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o | can’t deal with this part of my

[ bipolar. | need help.
Seeker

Try to relax. Anyone you o
can talk to? Q

0 Pee
doo Supporter
\’ Being manic is no fun. It's scary! I'm
Empathic sorry to hear this is troubling you. R1s%
Rewriting to relax. Anyone you can talk to?

Figure 2.3: An overview of the empathic rewriting task. Given a post from support seeker and a low-
empathy response, the task is to rewrite the response for making it more empathic, through text insertions
and deletions. This task requires inferring specific feelings and experiences from seeker’s post and using
them for making appropriate changes to the response through empathic mechanisms like emotional re-
actions, interpretations, and explorations. Examples have been paraphrased for anonymization (Matthews et al.,
2017).

quires changes that go beyond simple word-level transformations, often requiring multiple new
sentences to be added or replaced (e.g., three sentence insertions and one sentence removal in
the example in Figure 2.3). This is different from related style transfer tasks (Shen et al., 2017;
Li et al., 2018) where even changing a single word may suffice for transferring from negative to
positive sentiment (e.g., replace “bad” with “good” in the sentence “the movie was bad”). Finally,
supervised methods commonly used for similar tasks such as style transfer (Shen et al., 2017; Li
et al., 2018) and content debiasing (Pryzant et al., 2020; Ma et al., 2020) usually require a large
parallel dataset. Such a dataset is not yet available for empathic rewriting and hard to collect
as it would require a large number of clinical psychologists and counselors well-versed in the

complex construct of empathy.

To address the challenges described above, we propose PARTNER,® a deep reinforcement learn-
ing (RL) model for the task of empathic rewriting (Section 2.2.3). We design an RL agent which
learns to add new empathic sentences to posts or replace existing sentences in posts with more
empathic ones. The agent operates on a pair of seeker post and the original response post (which
rarely is highly empathic (Section 2.1.6)) and makes edits to the response at the level of a sen-
tence by simultaneously (a) identifying positions in the original response post where changes

are required, and (b) generating empathic sentences for insertion or replacement at the identified

8emPAthic RewriTing in meNtal hEalth suppoRt

79



positions (Section 2.2.3). We model this agent using a policy network based on a transformer
decoder model adapted from GPT-2 (Radford et al., 2019). We build upon existing large-scale
pre-training of GPT-2 on conversations, as done in DialoGPT (Zhang et al., 2020), and modify it
to perform the two simultaneous actions of identifying positions and generating empathic sen-
tences for empathic rewriting (Section 2.2.3). Through carefully constructed scoring functions,
we reward transformations that increase empathy in posts while maintaining text fluency, context
specificity, and diversity (Section 2.2.3).

Evaluating complex conversational constructs such as empathy is fundamentally challenging.
Therefore, we combine comprehensive automatic evaluation with expert-based human evalua-
tion. Our experiments demonstrate that PARTNER can effectively increase empathy in posts in
fluent, specific, and diverse ways and outperforms baselines used in related text generation tasks
by > 35% in empathy improvement (Section 2.2.4). Also, PARTNER is the only approach that con-
sistently improves empathy and does not lead to a loss of empathy when rewriting an already
highly empathic post, while all baselines tend to propose a large number of edits that only make
the situation worse (Section 2.2.4). Lastly, through comprehensive human evaluation, we show
that experts in clinical psychology prefer rewritings of PARTNER compared to baselines, based on
empathy, specificity, and fluency (Section 2.2.4). We view our approach and findings as a key step
towards building Al systems for facilitating empathic conversations on online mental health sup-
port platforms, but these insights may generalize beyond mental health to other conversational
settings on web-based platforms. We share our code publicly at https://github.com /behavioral-
data/PARTNER.

2.2.1 Problem Definition and Goals

In this section, we formulate the task of empathic rewriting and state the associated goals.

Empathic Rewriting

We introduce empathic rewriting, a new task that aims to transform low-empathy conversational
posts to higher empathy. In contrast with empathic dialogue generation (Rashkin et al., 2019;
Lin et al., 2019; Majumder et al., 2020), where the objective is to generate empathic posts from

scratch, this task requires making changes to existing posts in order to make them empathic. This
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Life sucks! We lost our

Insertatp; =0

puppy today.
Position to
______ Seeker post insert/replace (p;) —1
(S | know how
Rewritten response heartbreaking this
(ﬁi,szk) must have been. | am

here for you.

Response post R
2 R Candidate sentence

(Rijj+x)
i,j+ (Cyj)
I am here for you. I know how
______________ heartbreaking this
=W kTt WpkTy must have been
FW T+ Wy x T,

[

Change in empathy Text fluency Sentence coherence Mutual information
reward (r,) reward (r) reward (r.) reward (r,,)

Figure 2.4: PARTNER uses a deep reinforcement learning approach for Empathic Rewriting. It leverages
a transformer language model for performing the two actions of (1) selecting positions for insertion or
replacement and (2) generating candidate empathic sentences. It uses four reward functions that promote
increase in empathy, text fluency, sentence coherence, context specificity, and diversity.

is more consistent with realistic use-cases in difficult, high-stakes settings such as online support
systems, which are likely to augment, rather than replace humans (Miner et al., 2019).
Formally, let S; be a seeker post and R; be a corresponding response post. We aim to trans-

form R; into its more empathic counterpart R;.

Goals

For empathic rewriting to be useful in improving mental health support conversations, the rewrit-
ing process should achieve specific goals related to empathy, conversation and natural language

generation quality, and purposeful and precise feedback:

Theoretically-grounded empathy. Empathy is complex and conceptually nuanced; over time
psychology research has emphasized multiple aspects of empathy (Bohart and Greenberg, 1997;
Duan and Hill, 1996; Batson, 2009; Davis et al., 1980). For example, computational research typ-
ically defines empathy as reacting with emotions of warmth and compassion (Buechel et al.,
2018). However, psychotherapy research emphasizes aspects of empathy related to communi-
cating cognitive understanding of feelings and experiences of others (Selman, 1980). For em-
pathic rewriting to be useful and potentially adopted in online mental health support, we need

to design methods grounded in psychology and psychotherapy research. Here, we adopt the
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theoretically-grounded framework of empathy designed in Section 2.1.2. We leverage empathy
measurements based on this framework as (1) reward signals in our model for empathic rewrit-
ing (Section 2.2.3), and (2) an automatic evaluation metric for judging improvements in empathy

from various rewriting models (Section 2.2.4).

Context specificity and response diversity. Consider a rewriting approach that transforms ev-
ery response to a generic but empathic response (e.g., “That must have been really hard for you”).
While this approach may seem to “solve” empathic rewriting, it suffers from two key issues.
First, the responses generated by this approach would lack specificity to the emotions and ex-
periences shared in the seeker post, which is important for empathy and effective mental health
support (Robert et al., 2011; Majumder et al., 2020). Second, performing this same transforma-
tion to millions of responses on online platforms would dramatically reduce response diversity
which has been shown to be important for mental health support (Althoff et al., 2016) as well as

in general dialogue research (See et al., 2019; Li et al., 2016a).

Thus, the task of empathic rewriting interplays with other issues related to conversation
and natural language generation quality and effective mental health support. Ensuring that the
rewritten response is specific and diverse, along with empathic is challenging but critical for ob-
taining purposeful transformations. In this work, we learn rewriting actions that simultaneously
achieve the goals of context specificity and response diversity using a reinforcement learning ap-
proach (Section 2.2.3) and we evaluate these goals using a combination of automatic and human

evaluation (Section 2.2.4,2.2.4).

Text fluency and sentence coherence. In addition, only generating empathic words or phrases
may not be sufficient. Without appropriate measures, the rewriting process may lead to an
ungrammatical, non-fluent final response (e.g., “Scary being is it manic”). Also, making changes
that are incoherent with the original response may not be appropriate (e.g., changing “Sorry to
hear that you lost your job. I hope you get a new job soon.” to “Sorry to hear that you lost your job.
Congrats on your job promotion. I hope you get a new job soon.”). Here, we avoid such responses with
non-fluent and incoherent portions through carefully constructed reward functions (Section 2.2.3)
and conduct both automatic and human evaluations of models on text fluency and sentence

coherence (Section 2.2.4,2.2.4).
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Rewriting for feedback and training. An important way in which the task of empathic rewriting
can be used is for providing feedback and training to people through machine-in-the-loop writing
systems (Clark et al., 2018; Tanana et al., 2019). For humans to adopt such feedback, however,
the rewriting process should make changes that are precise and specific to the original response.
This means that the number of changes should be kept minimal and that the changes themselves
should be suitable to the original response. For example, adding 10 sentences to a one-sentence
response may not be useful. Here, we train a reinforcement learning agent which learns when
to stop making changes through a special “stopping” action (Section 2.2.3). We evaluate the
number of transformations different models need for empathic rewriting through a standard

edit-distance based scoring metric (Section 2.2.4).

2.2.2 Data Description

In this section, we describe the dataset used for the task of empathic rewriting.

The TalkLife platform

Table 2.6 describes the statistics of conversational threads on the TalkLife platform.

Curating mental health-related conversations. The TalkLife platform hosts a significant number
of common social media interactions (e.g., Happy mother’s day). Here, we focus our analyses on
mental health-related conversations and filter out such posts. We manually annotate ~3k posts
with answers to the question “Is the seeker talking about a mental health related issue or situation in
his/her post?”. Using this annotated dataset, we train a standard text classifier based on BERT (De-
vlin et al., 2019) (achieving an accuracy of ~85%). We apply this classifier to the entire TalkLife
dataset and create a filtered dataset of mental health-related conversations. This dataset contains

3.33M interactions from 1.48M seeker posts.

Creating a Dataset of Empathic Posts

Training supervised methods would require a large parallel dataset of corresponding pairs of
posts with low and high empathy, respectively. As empathy is a complex phenomenon, collecting

such a dataset is challenging and would likely require psychology experts. Here, we create
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Dataset Statistics TalkLife

# of Seeker posts 10.9M

# of Response posts 26.9M

# of Users 642K

Observation Period May 2012 to June 2020

Table 2.6: Statistics of the TalkLife dataset.
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Figure 2.5: Expression of high levels of empathy is very low in online support platforms, especially for
Interpretations (IP) and Explorations (EX). Emotional reactions (ER) are slightly more common.

a large non-parallel dataset with empathy measurements for training unsupervised and self-
supervised computational models and a small parallel dataset with expert empathic rewritings

for conducting evaluations.

Computational labeling with empathy measurements. We computationally label our dataset
of 3.33M interactions with empathy measurements using the classifier developed in Section 2.1.
This framework consists of three empathy communication mechanisms — (1) Emotional Reactions
(expressing emotions such as warmth, compassion), (2) Interpretations (communicating an un-
derstanding of feelings and experiences), and (3) Explorations (improving understanding of the
seeker by exploring feelings and experiences). For each communication mechanism, the authors
design a three-point scale (0 to 2). We computationally label all pairs of (seeker post, response
post) in our dataset based on this empathy scale. Figure 2.5 shows the statistics which indicate
that high levels of empathy expressions are uncommon in online support platforms, highlighting
the need for building systems for improving empathy (e.g., through feedback using empathic
rewriting (Section 2.2.1)). We use this dataset for a supervised warm-start training in our rein-

forcement learning model (Section 2.2.3) and for training unsupervised baselines (Section 2.2.4).

Expert empathic rewritings. Additionally, we create a small parallel dataset of 180 pairs of
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corresponding low and rewritten high empathy response posts with rewritings from people
having substantial expertise in empathy, mental health, and therapy (six graduate students in
clinical psychology; none are co-authors). We showed them pairs of seeker and response posts
and asked them to modify the response post for improving it in empathy. This expert-based
dataset is designed to represent the best possible responses and we use it as ground truth for

evaluation (Section 2.2.4).

Privacy, Ethics, and Disclosure

The dataset was sourced with license and consent from the TalkLife platform. All personally
identifiable information (user and platform identifiers) in our dataset was removed. This work
was approved by University of Washington’s Institutional Review Board. We do not make any

treatment recommendations or diagnostic claims.

Towards preventing unsafe rewritings. We acknowledge that building computational models
for intervention in high-stakes settings such as mental health necessitates ethical considerations.
There is a risk that in attempting to help, responses could have the opposite effect, which could
be deadly in cases of self-harm. No current computational approach will identify and respond to
harm-related utterances perfectly (Miner et al., 2020). Thus, risk mitigation steps are appropriate
in this context. Here, we remove all posts that contain a pre-defined unsafe regular expression
(e.g., xcommit suicidex) from our analyses and training in collaboration with mental health pro-
fessionals. Future work testing or deploying Al systems should assess safety-related risk, and

also potential sources of bias (e.g., race, ethnicity, age, or gender bias in training data or models).

2.2.3 Partner: Empathic Rewriting Using Reinforcement Learning

Here, we present PARTNER, a reinforcement learning model for the task of empathic rewriting.
We first explain the general reinforcement learning framework and its applicability to our setting.
We then describe the various components of our model (states, actions, policy, and rewards) and

our training strategy.
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Reinforcement Learning Framework

We adopt the standard reinforcement learning framework consisting of a collection of states S, a
set of actions A, a policy 7, and rewards R (Sutton and Barto, 2018). In this framework, given
a state s € S, an agent takes an action a € A according to the policy 7 : S x A — [0,1]. The
policy defines whether the agent should take action 4 in a state s. The goal of the reinforcement
learning agent is to learn a policy which maximizes the reward r : S x A — R.

Here, we design a reinforcement learning model for the task of empathic rewriting. Con-
ceptually, our agent leverages context from the seeker post which it uses for making specific
empathic changes. Alongside, it operates on the response post, looks for areas where empathy
could be improved, and works on those improvements in fluent, coherent, specific, and diverse
ways. Moreover, it ensures that the changes are minimal and precise by learning when to stop
through a special “stopping” action.

In our reinforcement learning model, we construct states based on seeker posts and fixed-
length contiguous spans in the associated response posts (Section 2.2.3). Insertion, replacement,
and deletion of sentences in response posts are defined as actions (Section 2.2.3). We learn a pol-
icy that uses transformer language models at its core (Section 2.2.3). We design a reward function

that favors empathic, fluent, coherent, specific, and diverse transformations (Section 2.2.3).

State: Seeker Post & Fixed-Length Contiguous Spans of Response Post

PARTNER simultaneously operates on the seeker post and fixed-length contiguous spans of the
response post. The use of seeker post helps us in leveraging conversational context, thereby
enabling transformations that are specific to the feelings and experiences shared in the seeker
post. The response post is used for making transformations. The use of fixed-length contiguous
spans enables a static action set.

Formally, let R; contain n sentences Rjg,...,Rjn. At each step, we focus on a contiguous
window of k sentences starting from the jth sentence Rj;;j;x = Rjj, .., Rjjix—1.- Then, our state
s € §is denoted by the pair (S;, Rjj.j11). Our policy uses a string containing S; concatenated with
R;;j+k separated by a special <SPLIT> token (as commonly used in BERT-like models (Devlin

et al., 2019)).
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Actions: Sentence-level Edits

Our agent takes actions at the level of a sentence, i.e. it either inserts new sentences or replaces
existing sentences with newer ones. A deletion operation is equivalent to replacing a sentence
with an empty string. Our agent can make word-level changes by replacing the original sentence
with a slightly different sentence containing only word-level edits. We focus on sentence-level
edits because the task of empathic rewriting requires changes that go beyond simple word-
level edits. Empathic responses typically contain multiple sentences with different goals such as
emotional reactions, interpretations, and explorations (Section 2.1.2); generating these sentences
and using them for making changes to the response is important for empathic rewriting.

In a state (S;, Rj;;j1x), our agent simultaneously takes two actions — (a1) select a position
in Rj ;i for insertion or replacement, (22) generate a candidate empathic sentence. The action
space A; of a; consists of 2k+2 actions — k+1 positions for insertions, k positions for replacements,
and one special action for no insertion or replacement, which stops the agent from making any
further changes. The action space A, of a, consists of all arbitrary-length sentences. We denote

the action taken by our agent as a = (a1, a2) € A; x As.

Policy

At its core, our policy has a transformer language model consisting of a stack of masked multi-
head self-attention layers, based on GPT-2 (for a detailed description, see Vaswani et al. (2017),
Radford et al. (2019)). It takes as input an encoded representation of our state (S;, Rj;;j+x) and

generates the action a = (a1, ay).

(a1) Selecting a position for insertion or replacement. Given (S;, Rjj;jik) as input, we want
to identify a position p; in R;j;j;x where changes need to be made for improving empathy
through insertion or replacement operations. A k sentence window R;;;j,k has k + 1 positions
for insertions and k positions for replacement. Then, our task is to select one of these 2k + 1
positions. We formulate this as a classification problem with 2k 42 classes. The first 2k 41
classes represent one of the 2k + 1 potential positions and the last class represents the "stopping"
action of not selecting any position, thereby stopping the agent from making any changes and

keeping the response span unchanged.
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For selecting this position, we first encode the input string “S; <SPLIT> R; ;1" using the
transformer block of GPT-2. We then pass this encoded representation through a linear layer
to get the prediction P; of the position for insertion or replacement. We denote our position

classifier as ppos.

(a2) Generating a candidate sentence. Given (S;, R;j;j k) as input, we want to generate a can-
didate sentence C;; to be used for making changes to R;j.j;x. We frame this task as a language
modeling problem where the objective is to generate C;; that maximizes the conditional proba-
Si, Rijij+k)-

Similar to the position selection action, we first encode our input string "S; <SPLIT> R ;"

blhty Psent (Ci,]'

using the transformer block of GPT-2. We then compute a probability distribution over vocabu-
lary tokens by transforming the encoded representation into a vocabulary-sized vector through
a softmax layer. Finally, we use top-p sampling (Holtzman et al., 2020)° over this probability dis-
tribution to generate the desired C;;. The generation is terminated when the sampling process

encounters a special end-of-sequence token.

Rewards

Our reward functions aim to increase empathy in posts and maintain text fluency, sentence

coherence, context specificity, and diversity:

Change in empathy. The task of empathic rewriting requires transformations that can increase
empathy of posts. Thus, we want to reward actions that increase empathy of R; and penalize
actions that decrease empathy of R;. Let f.(-) be a function that measures empathy of posts.

Then, the change in empathy reward, r,, is defined as:

Te = fe(Rl) _fe(Ri) (2'4)

Here, we estimate f,(-) using the empathy classification model developed in Section 2.1 for
predicting empathy levels of responses. We use the model as f.(-) which gives us empathy

scores of R;s in the range of 0 to 6.

9For generating every word in a sequence, top-p sampling (or nucleus sampling) chooses from the smallest set of
words whose total probability is more than p.
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Text fluency. We want to prevent actions that lead to outputs that are highly empathic but not
fluent or grammatically correct. Therefore, we want to reward actions that lead to fluent outputs
and penalize actions resulting in non-fluent outputs. Here, we operationalize text fluency as the

inverse of perplexity of the generated R;s. We define the text fluency reward, r ¢ as:

YN (2.5)

T'f = PLM (ﬁi
where ppy is a general language model for English and N is the number of words in R;. Here,
we use GPT-2 (Radford et al., 2019) as our ppy, following previous work (Ma et al., 2020; Dai
et al., 2019).

Sentence coherence. A key component of our action space is the addition of the candidate sen-
tence to the original response. While the candidate sentence might be highly empathic and fluent,
it may not be well-suited for the response R; to which it would be added, leading to incoherent
sentences in the transformed response R;. This may not be handled by perplexity which tends
to give high scores to posts where individual sentences are all fluent but are not coherent at the
macro response level. Here, we design a reward function, 7. that measures coherence of the can-
didate sentence C;; with the response span R; ;.. 7. measures the average sentence coherence

probability between a candidate sentence and existing sentences in the response.

First, we create a dataset of likely coherent and incoherent sentence pairs. Given two sen-
tences R;j; and Rjj; in a response R;, we call (Rj;j1, Rjj2) a potential coherent sentence pair. We
randomly sample a sentence R’ which is not a part of responses posted to the current seeker
post S; and call (', Ry;) a potential incoherent sentence pair (VR;; € R;). Next, we train a text
classification model, based on BERT (Devlin et al., 2019), on this dataset. We take softmax at the
last layer which gives us probabilities of a sentence pair being coherent (pconerent) Or incoherent
(Pincoherent)- Then, our sentence coherence reward is defined as:

I=j+k

Z Pcoherent (Ci,j/ Ri,l)

_ 5
re = . (2.6)

Mutual information for specificity and diversity. In the process of empathic rewriting, the final
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rewritten response may become generic (e.g., “I understand how you feel”) thereby affecting the
overall conversation quality (See et al., 2019; Li et al., 2016a). In order to ensure specificity to the
seeker post and diversity of responses, we exploit the idea of maximizing mutual information
between seeker post and the rewritten response post (Li et al., 2016a,b). Our mutual information

reward is:
rm = Awr*log P (Ri]Si) + (1 — Ani) xlog 9 (Si|Ri) (2.7)

where 7 is the transformer language model used in our policy and ? is an identical language

model for performing the reverse task of generating seeker post from the rewritten response.

Total reward. Our total reward is r = w, * 7, + w FHRTf+ We* Te + Wy % T

Optimization and Training

Warm-start using supervised learning. We use the pre-trained weights of DialoGPT (Zhang
et al., 2020) for initializing our transformer language model. Next, we use a warm-start strategy
using supervised learning on a parallel dataset of (low empathy, high empathy) pairs, following
previous work in reinforcement learning for dialogue generation (Li et al., 2016b). For creating
this dataset, we follow the reverse process of making highly empathic responses less empathic
by removing sentences that are high in empathy. Similar "reverse-engineering" strategy has also
been shown to work well in other complex linguistic phenomenon like humor (West and Horvitz,
2019). We first identify highly empathic sentences (with scores > 2) in our dataset of empathic
interactions (Section 2.2.2). For a seeker post S; and response post R; having a highly empathy
sentence R;;, we create a dataset with (S; <SPLIT> R;, Rj — Rj;) pairs.10 We use this dataset to

finetune our DialoGPT-initialized transformer language model.

REINFORCE with a baseline value for training. We use the standard REINFORCE algo-

0R; — R;j refers to the full response post R; with the sentence R;; removed.
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Change in . e Diversity (1) Sentence .
Model Perplexit Specificit Edit rate
empathy (1) P y (1) P y (™ distinct-1  distinct-2 ~ coherence (1) “)
Dialogue DialoGPT 0.4698 8.6500 0.8921 0.0382 0.1334 0.6683 1.3520
Generation ~MIME 1.2069 9.0171 0.8837 0.0031 0.0198 0.3687 1.8193
Seq-to-Seq Latent Seq. 0.9745 8.7143 0.8512 0.0001 0.0002 0.9252 7.8853
Generation ~ BART -0.0611 7.2040 0.8878 0.0722 0.3945 0.4560 0.7496
Partner 1.6410 7.3641 0.9052 0.0659 0.3807 0.3030 0.9654

Table 2.7: Performance of PARTNER and comparisons with dialogue generation and other sequence-to-
sequence generation baselines on the set of automatic metrics. PARTNER outperforms all baselines in
empathy improvement and generates fluent, specific, and diverse outputs with lower edits. (1) indicates
higher is better, (]) indicates lower is better.

rithm (Williams, 1992) for training our agent. Our loss function is defined as:

J(6) = —(r —b) * (log ppos (a1]Si, Rijij+x)

+ 108 Psent (2/S1, Rijijtx)) (2.8)

where 6 is our set of parameters and b is a baseline estimate of the reward (running average of

previous 100 reward values) used for stabilizing training.

Experimental setup. We use a batch size of 16 and train our model for 20000 steps using a
learning rate of le-5. We use w, = 1.0, wr = 10.0, we = 0.1, and w, = 0.1 (selected using a
grid-search approach with three values (0.1, 1.0, 10.0) for each hyperparameter). Moreover, we
choose k = 2, p = 0.92, and Ay = 0.5. We truncate both seeker and response post to 64 tokens

each.

2.2.4 Partner : Experiments

Next, we present experiments for analyzing the performance of PARTNER on the task of empathic
rewriting. We first describe automatic evaluation metrics (Section 2.2.4) based on the desired
goals for empathic rewriting (Section 2.2.1), baseline approaches and ablations (Section 2.2.4),
and demonstrate results on the automatic evaluation metrics (Section 2.2.4). Since evaluation
using automated metrics in language generation tasks are often not robust (Liu et al., 2016),
we additionally present human evaluation results from people having expertise in therapy and

mental health (Section 2.2.4). We end with a qualitative discussion on the model’s performance
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(Section 2.2.4).

Automatic Evaluation Metrics

We use a number of automatic metrics that are based on the goals associated with empathic

rewriting (Section 2.2.1):

¢ Change in empathy: A key metric for successful empathic rewriting is how much the
empathy has changed from the original response to the rewritten response. Similar to our
reward function (Section 2.2.3), we measure this change using the empathy classification
model developed in Section 2.1. The model computes empathy scores in the range 0 to 6

(leading to change of empathy ranging from -6 to 6).

* Perplexity: Similar to our text fluency reward (Section 2.2.3), we measure perplexity for
quantifying fluency of the rewritten responses. For this, we use a pre-trained GPT-2 lan-
guage model that has not been fine-tuned on our dataset, following previous work (Ma

et al., 2020; Dai et al., 2019).

* Sentence coherence: Since empathic rewriting requires changes at the sentence level, ensur-
ing coherent sentences in the final rewritten response is crucial. Here, we measure sentence

coherence using the scoring mechanism developed in Section 2.2.3.

¢ Specificity: The rewritten response should be specific to the seeker post. Following Xu
et al. (2018), we measure specificity using word embedding similarity between seeker post

and rewritten response post (using embeddings from BERT (Devlin et al., 2019)).

¢ Diversity: Since empathic rewriting has implications on millions of conversations on online
mental health platforms, ensuring diversity of responses is important. Here, we measure
diversity using the distinct-1 and distinct-2 metrics, following Li et al. (2016a). The two
metrics compute the number of distinct unigrams and bigrams respectively divided by the

total number of tokens.

¢ Edit rate: The changes in empathic rewriting should be minimal and precise. Here, we use

edit rate (Snover et al., 2006) to measure the number of changes between the original re-
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sponse and the rewritten response. Edit rate is defined by the Levenshtein distance between

the two responses divided by the length of the original response.

Baselines and Ablations

As the task of empathic rewriting has not been explored before, we compare against baseline

approaches from the related tasks of dialogue generation and style transfer. Our baselines are:

¢ DialoGPT (Zhang et al., 2020): A large dialogue generation model, based on GPT-2 (Rad-

ford et al., 2019) and pre-trained on Reddit conversations.

¢ MIME (Majumder et al., 2020): An empathic dialogue generation model which exploits

emotion mimicking while accounting for emotion polarity (positive or negative).

* Deep latent sequence model (He et al., 2019): A deep generative model designed for

unsupervised style transfer.

* BART (Lewis et al., 2019): An encoder-decoder model for sequence-to-sequence language

generation.

DialoGPT and MIME baselines completely disregard the original response; the rewritten re-
sponse is the response generated given a seeker post by the respective dialogue generation mod-
els. Deep latent sequence model and BART perform a sequence-to-sequence generation from a
(seeker post, original response post) pair to a response with higher empathy. We use publicly
available implementations of all our baselines. We further fine-tune deep latent sequence model
on the dataset of empathy-labeled interactions (Section 2.2.2) and BART on the heuristic-based
dataset created for warm-start (Section 2.2.3).

Additionally, we investigate the importance of different components of our model using the

following ablated baselines:

* Warm-start only, no RL training: We analyze the performance of the model at the end of

our warm-start stage, i.e. without any RL training.

* No coherence reward: We train the model without using the sentence coherence reward.
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Figure 2.6: Analysis of empathic rewritings. Error bars are 95% confidence intervals.

Change in . e Diversity (1) Sentence .

Model Perplexit Specificit Edit rate
empathy (1) plexity (1) Sp y (M distinct-1  distinct-2 ~ coherence (1) )
Partner 1.6410 7.3641 0.9052 0.0659 0.3807 0.3030 0.9654

- no coherence 1.6127 7.2806 0.9055 0.0663 0.3844 0.3005 1.0108

- no mutual info. 1.6132 7.3274 0.9045 0.0674 0.3859 0.3078 1.0071

- warm-start only 0.7481 7.1858 0.9027 0.0816 0.4238 0.2935 1.0327

Table 2.8: Ablation results. Warm-start improves over DialoGPT but is still much worse than PARTNER in
empathy improvement, highlighting the effectiveness of our RL-based training.

¢ No mutual information: We train the model without using the mutual information com-

ponent.

Automatic Metrics Results

Baseline Results. Table 2.7 reports the results of PARTNER on the automatic evaluation metrics
and comparisons with baselines. We find that empathic rewriting through PARTNER achieves the
largest change in empathy (35% more than the next best approach, MIME) and is more specific
than all baselines. MIME generates empathic outputs (+1.21 change in empathy) but the gener-
ations have low diversity (86% less than PARTNER) indicating similar responses for most seeker
posts. BART generates outputs with lowest perplexity, highest diversity, and lowest edit rate,
which is consistent with substantial improvements to language models in recent years (Brown

et al., 2020). However, to our surprise, the rewritten responses through BART receive an overall
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drop of 0.06 in empathy, indicating that the model is unable to perform the task of empathic

rewriting well and only generates non-empathic, fluent, diverse text.

Our specificity metric can be hard to interpret with values having a really small range (0.85 to
0.9). However, with human-based evaluation (Section 2.2.4), we find that a difference of 0.05 on
this metric (between PARTNER and latent seq.) translates to a 90% preference towards PARTNER.
Moreover, while PARTNER has the lowest sentence coherence score, we find that this is likely due
to higher number of sentences generated by it compared to baselines. The baselines generate
1-2 sentence responses on an average, where achieving high coherence between sentences is
expected (e.g., a one-sentence response by design has a coherence of 1.0). PARTNER, on the
contrary, generates responses with ~70% more sentences than baselines, affecting the overall

coherence score.

Adaptability of rewritings to original post. Adapting to different types of original responses
and making appropriate changes is an important aspect of empathic rewriting. A low empathic
response needs a lot more improvements and edits than a highly empathic response. Figure 2.6a
shows the change in empathy of responses given their original empathy levels. We find that
PARTNER performs better than baselines in improving responses with low empathy. Importantly,
only PARTNER succeeds at not deteriorating responses that are already highly empathic, indicat-
ing the effectiveness of PARTNER at adapting to responses with different empathy levels. We also
analyze the number of edits by each model on responses with different original empathy levels
(Figure 2.6b). PARTNER not only effects a greater change in empathy than baselines, it achieves

so with the least number of edits for both low and high empathy responses.

Ablation results. Table 2.8 reports results on ablated versions of PARTNER. Only using warm-
start and no RL training is +0.2783 points better than the related off-the-shelf DialoGPT baseline
on empathy improvement. However, the RL training in PARTNER further improves over this
warm-start model by +0.8929 points. Using the coherence and mutual information rewards leads

to small performance improvements, particularly in empathy (+0.03).
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Figure 2.7: Human evaluation of empathy, fluency, and specificity in rewritings from PARTNER vs. (a)
rewritings from baseline models, and (b) rewritings from ablations. PARTNER is preferred over baselines
and ablations in empathy and specificity and is competitive in fluency.

Model BLEU score
Partner 0.1391
DialoGPT 0.0722
. MIME 0.0808
Baselines
Latent Seq 0.0254
BART 0.0956
- no coherence 0.1335
Ablations - no mutual info. 0.1297

- warm-start only 0.1281

Table 2.9: BLEU scores of all models against empathic rewritings from experts. The rewritings from
PARTNER are closest to expert rewritings.

Human Evaluation Results

Since automatic evaluation in language generation is often not robust (Liu et al., 2016), we per-
form a human evaluation on our key metrics (empathy, fluency, and specificity) through A/B
testing. We recruit six graduate students in clinical psychology with expertise in empathy and

mental health support!!

and ask them to compare outputs from PARTNER against other baseline
models, ablations, and expert empathic rewritings (Section 2.2.2) given the same input. Present-

ing a seeker post, a rewritten response post from PARTNER, and a rewritten response post from

HMost participants were PhD students in second or subsequent years of their degree program. Research in Psy-
chology has shown that clinical psychology graduate students are, in general, representative of mental health pro-
fessionals (Ost et al., 2012). Although there are likely some differences between students and licensed psychologists,
clinical outcomes in empathy-related measures such as therapeutic alliance have been shown to be comparable while
students receive supervision (Goldstein et al., 2020).
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Seeker post Response post Model Rewritten response post
PARTNER It’s hard to find others who can relate.
I feel the same.
I feel like nobody DialoGPT I care.
cares about my exis- I feel the same. MIME That is awful, i am sorry to hear that.
tence. I hope you feel better.
Latent Seq. I'm sorry to hear that.
BART I think i feel the same way. I do.
PARTNER It’s hard when you're with such peo-
I think ) ple and they are being like that to you.
thinogver ni; f;\ée;gs I understand completely. I feel the
say. I disregard them Il }[lrllderstz;ncfi lcotrk?_ same way.
when they praise Safni %vay ™ DialoGPT I'm the same way. I'm not sure why,
me but if they say ' but I just don’t like being told I'm be-
some’Fhlng negative I ing paranoid.
take it so personally.
I'm sick of being so MIME That is a shame, i am sure it will not
paranoid. be a bit of a bit!
Latent Segq. I know that, i feel the same way i'm
sorry to.
BART I'm sorry, I understand completely. I
feel the same way. I'm here for you.
PARTNER That’s awful. What happened between
you two? What caused you to break?
I hope I didn’t lose . c1, ,
v two best DialoGPT I hope you didn’t lose them. I don't
my only What happened be- want to lose them.
friends. They are the .. you two?
only ones I could re- MIME That is a good thing to do.
late to.
Latent Seq. I'm sorry to hear that.
BART What happened? What happened be-

tween you two?

Table 2.10: Qualitative examples of empathic rewriting using PARTNER and baseline methods. PArT-
NER generates rewritings that leverage both seeker post and original response post for empathic responses.
It infers perspective from seeker posts (“I feel like nobody cares about my existence” — “It’s hard to find oth-
ers who can relate”) and generates empathic sentences which can be coherently inserted to response posts
("What happened between you two?" — “What happened between you two? What caused you to break?”)
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a baseline/ablation/expert-rewrite, we ask them to choose (a) response post which is more em-
pathic, (b) response post which is more fluent, and (c) response post which is more specific. For

each model, we collect evaluations on 50-100 examples.

Results: Baselines and ablations. Figure 2.7 shows the percentage of instances in which PArT-
NER was preferred over other baselines and ablations (values > 50% indicate preference towards
PARTNER). We find that rewritten responses from PARTNER are preferred for empathic and spe-
cific responses over all baselines. DialoGPT is judged more fluent (Figure 2.7a) but generates
responses following similar templates (e.g., “I'm sorry you.... I hope you....”). Moreover, PART-
NER has ~55% preference for empathy over ablations where coherence and mutual information

rewards are not used (p < 0.01).

Results: Expert rewritings. The most appropriate way of performing empathic rewriting is
through human experts. However, experts with training in therapy and mental health support
are limited (Olfson, 2016) which makes it infeasible to employ them for millions of conversations
on online support platforms. We use the small dataset of 180 empathic rewritings from experts
to establish what the gold-standard performance for empathic rewritings in mental health sup-
port looks like. Unsurprisingly, experts are preferred ~80-90% times over PARTNER in empathy,
fluency, and specificity (p < 0.001). However, in 10-20% cases PARTNER rewritings are preferred;
these are typically instances where PARTNER is able to make empathic changes to responses while

the experts leave it unchanged.

Results: BLEU scores. We also use the dataset of expert empathic rewritings (Section 2.2.2) as
a ground truth and compare outputs of PARTNER, baselines, and ablations based on this ground
truth using the BLEU metric (Papineni et al., 2002) (Table 2.9). We find that the outputs from

PARTNER are closest to expert rewritings (86% better than the next best baseline, BART).

Qualitative Examples

We present example rewritings from PARTNER and baselines in Table 2.10. PARTNER generates
rewritings that leverage both seeker post and original response post for empathic responses. For
example, from the seeker post “I feel like nobody cares about my existence”, PARTNER is able to infer

“It's hard to find others who can relate”. Also, PARTNER can coherently transform the response post
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“What happened between you two?” to “What happened between you two? What caused you to break?” .

2.2.5 Discussion

Rewriting human-generated responses may be an effective approach to balancing the benefits and
risks of using artificial intelligence in mental health settings. By combining human knowledge of
context and experience, our approach can both provide feedback to online peer-supporters with
actionable, real-time examples, and provide support seekers with more empathic responses. Im-
portantly, this machine-in-the-loop approach can help mitigate some of the risks related to toxi-
city and safety of Al systems in settings of suicidal ideation, self-harm, or insensitive comments
related to race/ethnicity/gender (Li et al., 2020; Luxton et al., 2012; Collings and Niederkroten-
thaler, 2012a).

2.3 Helping Untrained Peer Supporters Express Empathy More Effec-

tively

We next use PARTNER to provide just-in-feedback Al-based feedback to peer supporters.

2.3.1 Hailey: Human-AI Collaboration Approach for Empathy

We develop and evaluate a Human-AlI collaboration approach for helping untrained peer sup-
porters write more empathic responses in online, text-based peer-to-peer support. We propose
HaiLey (Human-Al coLlaboration approach for EmpathY), an Al-in-the-loop agent that offers
just-in-time suggestions to express empathy more effectively in conversations (Figure 2.8b, 2.8¢).
We design HAILEY to be collaborative, actionable, and mobile friendly.

Unlike the Al-only task of empathic dialogue generation (generating empathic responses from
scratch) (Lin et al., 2019; Majumder et al., 2020; Rashkin et al., 2019), HAILEY adopts a collabo-
rative design that edits existing human responses to make them more empathic. This design
reflects the high-stakes setting of mental health, where Al is likely best used to augment, rather
than replace, human skills (Miner et al., 2019; Chen and Asch, 2017). Furthermore, while current

Al-in-the-loop systems are often restricted in the extent to which they can guide humans (e.g.,
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Figure 2.8: We performed a randomized controlled trial with 300 TalkLife peer supporters as participants.
We randomly divided participants into Human Only (control) and Human + Al (treatment) groups and
asked them to write supportive, empathic responses to seeker posts without feedback and with feedback,
respectively. To identify whether just-in-time Human-AlI collaboration helped increase expressed empathy
beyond potential (but rare) traditional training methods, participants in both groups received initial empa-
thy training before starting the study (Methods; Supplementary Figure A.2). (a) Without Al, human peer
supporters are presented with an empty chatbox to author their response (the current status quo). As peer
supporters are typically untrained on best-practices in therapy — such as empathy — they rarely conduct
highly empathic conversations. (b) Our feedback agent (HAILEY) prompts peer supporters for providing
just-in-time Al feedback as they write their responses. (c) HAILEY then suggests changes that can be made
to the response to make it more empathic. These suggestions include new sentences that can be inserted
and options for replacing current sentences with their more empathic counterparts. Participants can accept

these suggestions by clicking on the Insert and Replace buttons and continue editing the response or get
more feedback, if needed.
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simple classification methods that tell users to be empathic when they are not) (Tanana et al.,,
2019; Peng et al., 2020; Hui et al., 2018; Kelly et al., 2018), we ensure actionability by guiding
peer supporters with concrete steps they may take to respond with more empathy. HAILEY is de-
signed to suggest the insertion of new empathic sentences or replacement of existing low-empathy
sentences with their more empathic counterparts (Figure 2.8c). For complex, hard-to-learn skills
like empathy, this enables just-in-time suggestions on not just “what” to improve but on “how”
to improve it.

We consider the general setting of text-based, asynchronous conversations between a support
seeker and a peer supporter (Figure 2.8). In these conversations, the support seeker authors a post
seeking mental health support (e.g., “My job is becoming more and more stressful with each passing
day.”) to which the peer supporter writes a supportive response (e.g., “Don’t worry! I'm there for
you.”). In this context, we support the peer supporters by providing just-in-time Al feedback to
improve the empathy of their responses. To do so, HAILEY prompts the peer supporter through
a pop-up (“Would you like some help with your response?”) placed above the response text box.
On clicking this prompt, HAILEY shows just-in-time Al feedback consisting of Insert (e.g., Insert
“Have you tried talking to your boss?” at the end of the response) and Replace (e.g., Replace “Don’t
worry!” with “It must be a real struggle!”) suggestions based on the original seeker post and
the current peer supporter response. The peer supporter can incorporate these suggestions by
directly clicking on the appropriate Insert or Replace buttons, by further editing them, and/or
by deriving ideas from the suggestions to indirectly use in their response. These suggestions are

generated using PARTNER (Chapter 2.2).

Design Goals

HAILEY is designed (1) with a collaborative “Al-in-the-loop” approach, (2) to provide actionable

feedback, and (3) to be mobile friendly.

Collaborative Al-in-the-loop Design. In the high-stakes setting of mental health support, Al is
best used to augment, rather than replace, human skill and knowledge (Miner et al., 2019; Chen
and Asch, 2017). Current natural language processing technology — including language models,

conversational Al methods, and chatbots — continue to pose risks related to toxicity, safety, and

101



bias, which can be life-threatening in contexts of suicidal ideation and self-harm (Wolf et al., 2017;
Bolukbasi et al., 2016; Daws, 2020; Richardson et al., 2021). To mitigate these risks, researchers
have called for Human-Al collaboration methods, where primary communication remains be-
tween two humans with an Al system “in-the-loop” to assist humans in improving their con-
versation (Miner et al., 2019; Chen and Asch, 2017). In HATLEY, humans remain at the center of
the interaction, receive suggestions from our Al “in-the-loop,” and retain full control over which
suggestions to use in their responses (e.g., by selectively choosing the most appropriate Insert or

Replace suggestions and editing them as needed).

Actionable Feedback. Current Al-in-the-loop systems are often limited to addressing “what”
(rather than “how”) participants should improve (Tanana et al., 2019; Peng et al., 2020; Hui et al.,
2018; Kelly et al., 2018). For such a goal, it is generally acceptable to design simple interfaces that
prompt participants to leverage strategies for successful supportive conversations (e.g., prompt-
ing “you may want to empathize with the user”) without any instructions on how to concretely apply
those strategies. However, for complex, hard-to-learn constructs such as empathy (Davis et al.,
1980; Elliott et al., 2011), there is a need to address the more actionable goal of steps to take
for participants to improve. HAILEY, designed to be actionable, suggests concrete actions (e.g.,
sentences to insert or replace) that participants may take to make their current response more

empathic.

Mobile Friendly Design. Online conversations and communication are increasingly mobile
based. This is also true for peer-to-peer support platforms, which generally provide their ser-
vices through a smartphone application. Therefore, a mobile friendliness design is critical for
the adoption of conversational assistive agents like ours. However, the challenge here relates
to the complex nature of the feedback and the smaller, lower-resolution screen on a mobile de-
vice as compared to a desktop. We therefore designed a compact, minimal interface that works
equally well on desktop and mobile platforms. We created a conversational experience based on
the mobile interface of peer-to-peer support platforms that was design minimal, used responsive
prompts that adjusted in form based on screen sizes, placed Al feedback compactly above the
response text box for easy access, and provided action buttons that were easy for mobile users to

click on.
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Feedback Workflow

Through HAILEY, we showed prompts to participants that they could click on to receive feedback.
Our feedback, driven by a previously validated Empathic Rewriting model, consists of actions

that users can take to improve the empathy of their responses (Supplementary Figure A.31).

Prompts to Trigger Feedback. We showed the prompt “Would you like some help with your re-
sponse?” to participants, which was placed above the response text box (Figure 2.8b). Participants
could at any point click on the prompt to receive feedback on their current response (including
when it is still empty). When this prompt is clicked, HAILEY acts on the seeker post and the
current response to suggest changes that will make the response more empathic. Our sugges-
tions consisted of Insert and Replace operations generated through empathic rewriting of the

response.

Generating Feedback through Empathic Rewriting. The goal of empathic rewriting (Section 2.2)
is to transform low empathy text to higher empathy. We proposed PARTNER, a deep reinforcement
learning model that learns to take sentence-level edits as actions in order to increase the expressed
level of empathy while maintaining conversational quality. PARTNER’s learning policy is based
on a transformer language model (adapted from GPT-2 (Radford et al.)), which performs the
dual task of generating candidate empathic sentences and adding those sentences at appropriate
positions. PARTNER-generated rewritings increase empathy by 1.6 (on the 6-point empathy scale),
which is >35% more than all state-of-the-art baseline methods and are judged more empathic
over 65% of the time than baselines by human annotators. Here, we build on PARTNER by further
improving training data quality through additional filtering, supporting multiple generations for
the real-world use-case of multiple types of feedback for the same post, and evaluating a broader

range of hyperparameter choices.

Showing Feedback as Actions. We map the rewritings generated by our optimized version of
PARTNER to suggestions to Insert and Replace sentences. These suggestions are then shown as
actions to edit the response. To incorporate the suggested changes, the participant clicks on the
respective Insert or Replace buttons. Continuing our example from Figure 2.8, given the seeker
post “My job is becoming more and more stressful with each passing day.” and the original response

“Don’t worry! I'm there for you.”, PARTNER takes two insert actions — Replace “Don’t worry!” with
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“It must be a real struggle!” and Insert “Have you tried talking to your boss?” at the end of the
response. These actions are shown as feedback to the participant. See Supplementary Figure A.9

for more qualitative examples.

Reload Feedback If Required. For the same combination of seeker post and original response,
multiple feedback suggestions are possible. In the Figure 1 example, instead of suggesting the
insert “Have you tried talking to your boss?”, we could also propose inserting “I know how difficult
things can be at work”. These feedback variations can be sampled from our model and, if the
initial sampled feedback does not meet participant needs, iterated upon to help participants find
better-suited feedback. HAILEY provides an option to reload feedback, allowing participants to

navigate through different feedback and suggestions if necessary.

2.3.2 Study Design

We employed a between-subjects study design in which each participant was randomly assigned
to one of Human + Al (treatment; N=139) or Human Only (control; N=161) conditions. Par-
ticipants in both groups were asked to write supportive, empathic responses to a unique set
of 10 existing seeker posts (one at a time), sourced at random from a subset of TalkLife posts.
The Human + Al (treatment) group participants were given the option of receiving feedback
through prompts as they typed their responses. Participants in the Human Only (control) group,

in contrast, wrote responses with no option for feedback.

Power Analysis. We used a power analysis to estimate the number of participants required for
our study. For an effect size of 0.1 difference in empathy, a power analysis with a significance
level of 0.05, powered at 80%, indicated that we required 1,500 samples of (seeker post, response
post) pairs each for treatment and control groups. To meet the required sample size, we collected
10 samples per participant and therefore recruited from 300 participants in total (with the goal

of 150 participants per condition), for a total of 1,500 samples each.

Dataset of Seeker Posts. We obtained a unique set of 1500 seeker posts, sampled at random
with consent from the TalkLife platform, in the observation period from May 2012 to June 2020.
Prior to sampling, we filtered posts related to (1) critical settings of suicidal ideation and self-

harm, using pre-defined unsafe regular expressions (e.g., “.*(commit suicide).*”, “.*(cut).*”), to
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ensure participant safety (Discussion), and (2) common social media interactions not related to
mental health (e.g., “Happy mother’s day”) using a standard BERT-based text classifier (Devlin
et al., 2019), trained on a manually annotated dataset of ~3k posts with answers to the question
“Is the seeker talking about a mental health related issue or situation in his/her post?” (~ 85% accuracy).
We randomly divided these 1500 posts into 150 subsets of 10 posts each. We used the same
150 subsets for both treatment and control conditions for consistent context for both groups of

participants.

Participant Demographics. In our study, 54.3% of the participants identified as female, 36.7%
as male, 7.3% as non-binary, and the remaining 1.7% preferred not to report their gender. The
average age of participants was 26.3 years (std = 9.5). 45.7% of the participants identified as
White, 20.3% as Asians, 10.7% as Hispanic or Latino, 10.3% as Black or African American, 0.7%
as Pacific Islander or Hawaiian, 0.3% as American Indian or Alaska Native, and the remaining
12.0% preferred not to report their race/ethnicity. 62.3% of the participants were from the United
States, 13.7% were from India, 2.3% were from United Kingdom, 2.3% were from Germany, and
the remaining 19.3% were from 36 different countries (spanning six of seven continents excluding
Antarctica). Moreover, 31.7% of the participants reported having no experience with peer-to-peer
support despite having been recruited from the TalkLife platform, 26.3% as having less than one
year of experience, and 42.0% reported having greater than or equal to one year of experience

with peer-to-peer support.

RCT Group Assignment. On clicking the advertised pop-up used for recruitment, a TalkLife
user was randomly assigned to one of the Human + Al (treatment) or Human Only (control)

conditions for the study duration.

Study Workflow. We divided our study into four phases:

¢ Phase I: Pre-Intervention Survey. First, both control and treatment group participants
were asked the same set of survey questions describing their demographics, background

and experience with peer-to-peer support (Supplementary Figure A.20, A.21).

¢ Phase II: Empathy Training and Instructions. Next, to address whether participants held

similar understandings of empathy, both groups received the same initial empathy train-
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ing, which included empathy definitions, frameworks, and examples based on psychology
theory, before starting the main study procedure of writing empathic responses (Supple-
mentary Figure A.2). Participants were also shown instructions on using our study interface

in this phase (Supplementary Figure A.22, A.23, A.24, A.25, A.26, A.27, A.28, A.29).

¢ Phase III: Write Supportive, Empathic Responses. Participants then started the main
study procedure and wrote responses to one of the 150 subsets of 10 existing seeker posts
(one post at a time). For each post, participants in both the groups were prompted “Write
a supportive, empathic response here”. The Human + Al (treatment) group participants were
given the option of receiving feedback through prompts as they typed their responses (Sup-
plementary Figure A.31). Participants in the Human Only (control) group wrote responses

without any option for feedback (Supplementary Figure A.30).

¢ Phase IV: Post-Intervention Survey. After completing the 10 posts, participants in both
groups were asked to assess the study by answering questions about the difficulty they
faced while writing responses, the helpfulness and actionability of the feedback, their self-
efficacy after the study, and the intent to adopt the system (Supplementary Figure A.33,
A.34, A.35).

If participants dropped out of the study before completing it, their data was removed from
our analyses. Participants took 20.6 minutes on average to complete the study. US citizens and
permanent US residents were compensated with a 5 USD Amazon gift card. Furthermore, the
top-2 participants in the human evaluation (Evaluation) received an additional 25 USD Amazon
gift card. Based on local regulations, we were unable to pay non-US participants. This was
explicitly highlighted in the participant consent form on the first landing page of our study

(Supplementary Figure A.19, A.36).

Participant Recruitment. We worked with TalkLife to recruit participants directly from their
platform. Because users on such platforms are typically untrained in best-practices of providing
mental health support, their work offers a natural place to deploy feedback systems like ours.
To recruit participants, we advertised our study on TalkLife. Recruitment started in April 2021
and continued until September 2021. The study was approved by the University of Washington’s
Institutional Review Board (determined to be exempt; IRB ID STUDY00012706).
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2.3.3 Results
Increase In Expressed Empathy Due To Human-AI Collaboration

Our primary finding is that providing just-in-time Al feedback to participants leads to more
empathic responses (Figure 2.9). Specifically, through human evaluation from an independent
set of TalkLife users (Methods), we found that the Human + AI responses were rated as being
more empathic than the Human Only responses 46.8% of the time and were rated equivalent in
empathy to Human Only responses 15.7% of the time. On the other hand, Human Only responses
were preferred only 37.4% of the time (p < 0.01; t = 5.88; Dy = 2998; Two-sided Student’s t-
test; Figure 2.9a). In addition, by automatically estimating empathy levels of responses using a
previously validated empathy classification model on a scale from 0 to 6 (Methods), we found
that the Human + Al approach led to 19.6% higher empathic responses compared to the Human
Only approach (1.77 vs. 1.48; Cohen’s d = 0.24; p < 1073; t = 5.46; Df = 2998; Two-sided Student’s
t-test; Figure 2.9b).

Higher Gains For Those Who Report Peer-support Challenges

Prior work has shown that online peer supporters find it extremely challenging to write sup-
portive and empathic responses (Kemp and Henderson, 2012; Mahlke et al., 2014). Some par-
ticipants have little to no prior experience with peer support (e.g., if they are new to the plat-
form; N=95/300; Methods). Even as the participants gain more experience, in the absence of
explicit training or feedback, the challenge of writing supportive responses persists over time
and may even lead to a gradual decrease in empathy levels due to factors such as empathy fa-
tigue (Schwalbe et al., 2014; Goldberg et al., 2016; Stebnicki, 2007; Nunes et al., 2011; Hojat et al.,
2009), as also observed during the course of our 30-minute study (Supplementary Figure A.7).
Therefore, it is particularly important to better assist the many participants who struggle with
writing responses.

For the subsample of participants who self-reported challenges in writing responses at the
end of our study (N=91/300; Methods), a post hoc analysis revealed significantly higher empathy
gains using the Human-AlI collaboration approach. For such participants, we found an absolute

4.5% stronger preference for the Human + Al responses (49.1% vs. 44.6%; p < 0.01; t = 4.05; D =
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Figure 2.9: (a) Human evaluation from an independent set of TalkLife users showed that the Human +
Al responses (N=139) were strictly preferred 46.9% of the time relative to a 37.4% strict preference for the
Human Only responses (N=161). (b) Through automatic evaluation using an Al-based expressed empathy
score (Chapter 2.1), we found that the Human + Al responses (N=139) had 19.6% higher empathy than the
Human Only responses (N=161; 1.77 vs. 1.48; Cohen’s d=0.24; p=5.1 * e 8.t =546; Df = 2998; Two-sided
Student’s t-test). (c) For the participants who reported challenges in writing responses after the study, we
found a stronger preference for the Human + Al responses vs. Human Only responses (49.1% vs. 34.0%),
compared to participants who did not report challenges (44.6% vs. 41.5%). (d) For participants who
reported challenges in writing responses after the study, we found a higher improvement in expressed
empathy scores of the Human + Al responses vs. Human Only responses (38.9%; 1.74 vs. 1.25; Cohen’s
d=0.43), compared to participants who did not report challenges (11.9%; 1.79 vs. 1.60; Cohen’s d=0.15). In
c and d, the sample size varied to ensure comparable conditions (Methods). The point estimates represent
the mean and the error bars represent bootstrapped 95% confidence intervals.
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718; Two-sided Student’s t-test; Figure 2.9¢c) and a 27.0% higher increase in expressed empathy
using the Human + AI approach (38.8% vs. 11.8%; p < 1073; t = 5.90; Dy = 1818; Two-sided
Student’s t-test; Figure 2.9d) compared to participants who did not report any challenges. For
the subsample of participants who self-reported no previous experience with online peer support
at the start of our study (N=95/300; 37 of these participants also self-reported challenges), we
found a 8.1% stronger preference for the Human + Al responses (51.8% vs. 43.7%; p < 0.01; t =
4.42; Dy = 758; Two-sided Student’s t-test;) and a 21.2% higher increase in expressed empathy
using the Human + AI approach (33.7% vs. 12.5%; p < 1073; t = 4.58; Dy = 1898; Two-sided
Student’s t-test; Supplementary Figure A.12d) compared to participants who reported experience

with online peer support.

Key Human-AlI Collaboration Patterns

The collaboration between humans and Al can take many forms but specific formulations of
human-AlI collaboration remain poorly defined and challenging to measure (Bansal et al., 2021).
Investigating how humans collaborate with our Al can help us better understand the system’s
use-cases and inform better design decisions. Here, we analyzed collaboration patterns of par-
ticipants both over the course of the study as well as during a single response instance. We
leveraged this analysis to derive a hierarchical taxonomy of Human-Al collaboration patterns
based on how often the Al was consulted during the study and how AI suggestions were used

(Figure 2.10a; Methods).

Our analysis revealed several categories of collaboration. For example, some participants
chose to always rely on the Al feedback, whereas others only utilized it as a source of inspiration
and rewrote it in their own style. Based on the number of posts in the study for which Al
was consulted (out of the 10 posts for each participant), we found that participants consulted
Al either always (15.5%), often (56.0%), once (6.0%), or never (22.4%). Very few participants
always consulted and used the AI (2.6%), indicating that they did not rely excessively on Al
feedback. A substantial number of participants also chose to never consult the Al (22.4%). Such
participants, however, also expressed the least empathy in their responses (1.13 on average out

of 6; Figure 2.10b), suggesting that consulting the AI could have been beneficial.
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Furthermore, based on how Al suggestions were used, we found that participants used the
suggestions either directly (64.6%), indirectly (18.5%), or not at all (16.9%). As expected given
our system’s design, the most common way of usage was direct, which entailed clicking on the
suggested actions to incorporate them in the response. In contrast, participants who indirectly
used Al (Methods) drew ideas from the suggested feedback and rewrote it in their own words
in the final response. Some participants, however, chose not to use suggestions at all (16.9%); a
review of these instances by the researchers, as well as the subjective feedback from participants,
suggested that reasons included the feedback not being helpful, the feedback not being personal-
ized, or their response already being empathic and leaving little room for improvement. Finally,
multiple types of feedback are possible for the same combination of seeker post and original re-
sponse, and some participants (16.9%) used our reload functionality (Methods) to read through
these multiple suggestions before they selected a final response.

In general, participants who consulted and used AI more often expressed higher empathy,
though this pattern was more pronounced when evaluated through our automatic expressed

empathy score (Figure 2.10c) than through human evaluation (Figure 2.10b).

Positive Perceptions Of Participants

At the end of our study, we collected study participants” perceptions about the usefulness and
actionability of the feedback and their intention to adopt the system. We observed that 63.3%
of participants found the feedback they received helpful, 60.4% found it actionable, and 77.7%
of participants wanted this type of feedback system to be deployed on TalkLife or other similar
peer-to-peer support platforms (Supplementary Figure A.4), indicating the overall effectiveness
of our approach. We also found that 69.8% of participants self-reported feeling more confident
at providing support after our study; this indicates the potential value of our system for training

and increased self-efficacy (Supplementary Figure A.4).

2.3.4 Discussion

Our work demonstrates how humans and AI might collaborate on open-ended, social, and high-

stakes tasks such as conducting empathic conversations. Empathy is complex and nuanced
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Figure 2.10: We derived a hierarchical taxonomy of Human-AlI collaboration categories. (a) We clustered
the interaction patterns of Human + Al (treatment) participants based on how often the Al was consulted
during the study and how the Al suggestions were used (N=116/139). We excluded participants who
belonged to multiple clusters (N=23/139). Very few participants always consulted and used Al (2.6%),
indicating that participants did not rely excessively on Al feedback. Participants could use Al feedback
directly through suggested actions (64.6%) or indirectly by drawing ideas from the suggested feedback and
rewriting it in their own words in the final response (18.5%). (b) Empathy increased when participants
consulted and used Al more frequently, with those who did not consult Al (22.4%) or did not use Al
(9.5%) having significantly lower preference over Human Only responses (N=37; p = 6.4 x e ~®; Two-sided
Student’s t-test). (c) Participants who did not consult Al had the lowest empathy levels based on our
automatic evaluation (1.13 on average out of 6). The area of the points is proportional to the number of
participants in the respective human-Al collaboration categories. The point estimates represent the mean
and the error bars represent bootstrapped 95% confidence intervals.
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(Davis et al., 1980; Riess, 2017; Blease et al., 2020; Doraiswamy et al., 2020) and is thus more
challenging for Al than many other Human-AlI collaboration tasks, such as scheduling meetings,
therapy appointments and checking grammar in text. We show how the joint effects of humans
and Al can be leveraged to help peer supporters, especially those who have difficulty providing
support, converse more empathically with those seeking mental health support.

Our study has implications for addressing barriers to mental health care, where existing re-
sources and interventions are insufficient to meet the current and emerging need. According
to a WHO report, over 400 million people globally suffer from a mental health disorder, with
approximately 300 million suffering from depression (WHO). Overall, mental illness and related
behavioral health problems contribute 13% to the global burden of disease, more than both car-
diovascular diseases and cancer (Collins et al., 2011). Although psychotherapy and social support
(Kaplan et al., 1977) can be effective treatments, many vulnerable individuals have limited access
to therapy and counseling (Kazdin and Blase, 2011; Olfson, 2016). For example, most coun-
tries have less than one psychiatrist per 100,000 individuals, indicating widespread shortages of
workforce and inadequate in-person treatment options (Rathod et al., 2017).

A scalable approach to improving access to mental health support globally is by connecting
support seekers and peer supporters using online platforms like TalkLife (talklife.com), YourDost
(yourdost.com) or Mental Health Subreddits (reddit.com) (Naslund et al., 2016) to those with
mental health issues. However, a key challenge in doing so lies in enabling effective and high-
quality conversations between untrained peer supporters and those in need at scale. We show
that Human-AI collaboration can considerably increase empathy in peer supporter responses, a
core component of effective and quality support that ensures improved feelings of understanding
and acceptance (Bohart et al., 2002; Elliott et al., 2011; Watson et al., 2002). While fully replac-
ing humans with Al for empathic care has previously drawn skepticism from psychotherapists
(Blease et al., 2020; Doraiswamy et al., 2020), our results suggest that it is feasible to empower
untrained peer supporters with appropriate Al-assisted technologies in relatively lower-risk set-
tings, such as peer-to-peer support (Lee et al., 2021; Vaidyam et al., 2021; Miner et al., 2019; Imel
et al., 2015; Kazdin and Blase, 2011).

Our findings also point to potential secondary gain for peer supporters in terms of (1) in-

creased self-efficacy, as indicated by 69.8% of participants feeling more confident in providing
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support after the study, and (2) gained experience and expertise by multiple example learning
when using reload functionality to scroll through multiple types of responses for the same seeker
post. This has implications for helping untrained peer supporters beyond providing them just-in-
time feedback. One criticism of Al is that it may steal or dampen opportunities for training more
clinicians and workforce (Blease et al., 2020; Doraiswamy et al., 2020). We show that Human-AlI
collaboration can actually enhance, rather than diminish, these training opportunities. This is
also reflected in the subjective feedback from participants (Methods), with several participants
reporting different types of learning after interacting with the Al (e.g., one participant wrote, “I
realized that sometimes 1 directly jump on to suggestions rather than being empathic first. I will have
to work on it.”, while another wrote, “Feedback in general is helpful. It promotes improvement and
growth.”).

Further, we find that participants not only directly accept suggestions but also draw higher-
level inspiration from the suggested feedback (e.g., a participant wrote “Sometimes it just gave me
direction on what [should] be said and I was able to word it my way. Other times it helped add things
that made it sound more empathic...”), akin to having access to a therapist’s internal brainstorming,
which participants can use to rewrite responses in their own style.

In our study, many participants (N=91) reported challenges in writing responses (e.g., several
participants reported not knowing what to say: “I sometimes have a hard time knowing what to
say.”), which is characteristic of the average user on online peer-to-peer support platforms (Kemp
and Henderson, 2012; Mahlke et al., 2014). We demonstrate a significantly larger improvement
in empathy for these users, suggesting that we can provide significant assistance in writing
more empathic responses, thereby improving empathy awareness and expression of the typical
platform user. Through qualitative analysis of such participants’ subjective feedback on our
study, we find that HAILEY can guide someone who is unsure about what to say (e.g., a participant
wrote, “Feedback gave me a point to start my own response when I didn’t know how to start.”) and can
help them frame better responses (e.g., one participant wrote, “Sometimes I didn’t really knew [sic]
how to form the sentence but the feedback helped me out with how I should incorporate the words.”, while
another wrote, “Sometimes I do not sound how I want to and so this feedback has helped me on sounding
more friendly...”; Methods). One concern is that Al if used in practice, may cause harm to multiple

stakeholders from support seekers to care providers and peer supporters, through inappropriate
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interventions, role confusion, and data sharing concerns (Richardson et al., 2021; Blease et al.,
2020; Doraiswamy et al., 2020). According to our findings, however, the individuals struggling
to do a good job are the ones who benefit the most, which forms an important use case of Al in

healthcare.

The reported differences in empathy between treatment and control groups conservatively
estimates the impact of our Al-in-the-loop feedback system due to (1) additional initial empathy
training to both Human + Al and Human Only groups (Supplementary Figure A.2), and (2) a
potential selection effect that may have attracted TalkLife users who care more about supporting
others (Supplementary Figure A.8). In practice, training of peer supporters is very rare, and
the effect of training typically diminishes over time (Nunes et al., 2011; Hojat et al., 2009). We
included this training to understand whether just-in-time Al feedback is helpful beyond tradi-
tional training methods. Moreover, the Human Only responses in our study had 34.5% higher
expressed empathy than existing Human Only responses to the corresponding seeker posts on
the TalkLife platform (1.11 vs. 1.48; p < 10~°; Two-sided Student’s t-test; Supplementary Fig-
ure A.8), reflecting the effects of additional training as well as a potential selection effect. We
show here that Human-AlI collaboration improves empathy expression even for participants who
already express empathy more often; practical gains for the average user of the TalkLife platform

could be even higher than the intentionally conservative estimates presented here.

Safety, Privacy, And Ethics

Developing computational methods for intervention in high-stakes settings such as mental health
care involves ethical considerations related to safety, privacy, and bias (Collings and Niederkro-
tenthaler, 2012b; Li et al., 2020; Luxton et al., 2012; Martinez-Martin et al., 2018). There is a risk
that in attempting to help, AI may have the opposite effect on the potentially vulnerable support
seeker or peer supporter (Richardson et al., 2021). The present study included several measures to
reduce such risks and unintended consequences. First, our collaborative, Al-in-the-loop writing
approach ensured that the primary conversation remains between two humans, with Al offering
feedback only when it appears useful, and allowing the human supporter to accept or reject it.

Providing such human agency is safer than relying solely on Al, especially in a high-stakes men-
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tal health context (Miner et al., 2019). Moreover, using only Al results in loss of authenticity in
responses; hence, our Human-AlI collaboration approach leads to responses with high empathy

as well as high authenticity (Supplementary Figure A.3).

Second, our approach intentionally assists only peer supporters, not support seekers in crisis,
since they are likely to be at a lower risk and more receptive to the feedback. Third, we filtered
posts related to suicidal ideation and self-harm by using pre-defined unsafe regular expressions

Y

(e.g., “*(commit suicide).*”, “.*(cut).*”). Such posts did not enter our feedback pipeline, but
instead we recommended escalating them to therapists. We applied the same filtering to ev-
ery generated feedback, as well, to try and ensure that HAILEY did not suggest unsafe text as
responses. Fourth, such automated filtering may not be perfect; therefore, we included a mech-
anism to flag inappropriate/unsafe posts and feedback by providing our participants with an
explicit “Flag Button” (Supplementary Figure A.32). In our study, 1.6% posts (out of 1390 in the
treatment group) and 2.9% feedback instances (out of 1939 requests) were flagged as inappropri-
ate or unsafe. While the majority of them were concerned with unclear seeker posts or irrelevant
feedback, we found six cases (0.2%) that warranted further attention. One of these cases involved
the post containing intentionally misspelled self-harm content (e.g., “c u t” with spaces between
letters in order to circumvent safety filters); another related to feedback containing a self-harm
related term; three addressed the post or feedback containing a swear word that may not directly

be a safety concern (e.g., “You are so f**king adorable”); and one contained toxic/offensive feedback

(“It's a bad face”).

Future iterations of our system could address these issues by leveraging more robust filtering
methods and toxicity /hate speech classifiers (e.g., Perspective API (perspectiveapi.com)). Several
platforms, including TalkLife, already have systems in place to prevent triggering content from
being shown, which can be integrated into our system on deployment. Finally, we removed all
personally identifiable information (user and platform identifiers) from the TalkLife dataset prior

to training the AI model.
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Limitations

While our study results reveal the promise of Human-AlI collaboration in open-ended and even
high-stakes settings, the study is not without limitations. Some of our participants indicated
that empathy may not always be the most helpful way to respond (e.g., when support seekers
are looking for concrete actions). However, as demonstrated repeatedly in the clinical psychol-
ogy literature (Elliott et al., 2011; Bohart et al., 2002; Watson et al., 2002), empathy is a critical,
foundational approach to all evidence-based mental health support, plays an important role in
building alliance and relationship between people, and is highly correlated with symptom im-
provement. It has consistently proven to be an important aspect of responding, but support
seekers may sometimes benefit from additional responses involving different interventions (e.g.,
concrete problem solving, motivational interviewing (Tanana et al., 2016)). Future work should

investigate when such additional responses are helpful or necessary.

Some participants may have been apprehensive about using our system, as indicated by the
fact that many participants did not consult or use it (N=37). Qualitatively analyzing the subjective
feedback from these participants suggested that this might be due to feedback communicating
incorrect assumptions about the preferences, experience, and background of participants (e.g.,
assuming that a participant is dealing with the same issues as the support seeker: “Not sure this
can be avoided, but the feedback would consistently assume I've been through the same thing.”). Future
work should personalize prompts and feedback to individual participants. This could include
personalizing the content and the frequency of the prompt as well as personalizing the type of

feedback that is shown from multiple possible feedback options.

Our assessment includes validated yet automated and imperfect measures. Specifically, our
evaluation of empathy is based only on empathy that was expressed in responses, not empa-
thy that might have been perceived by the support seeker (Barrett-Lennard, 1981). In sensitive
contexts like ours, however, obtaining perceived empathy ratings from support seekers is chal-
lenging and involves ethical risks (Safety, Privacy, and Ethics). We attempted to reduce the gap
between expressed and perceived empathy in our human evaluation by recruiting participants
from TalkLife who may be seeking support on the platform (Methods). Nevertheless, studying

the effects of Human-Al collaboration on perceived empathy in conversations is a vital future

116



research direction. However, note that psychotherapy research indicates a strong correlation be-
tween expressed empathy and positive therapeutic outcomes and commonly uses it as a credible

alternative (Elliott et al., 2011; Bohart et al., 2002; Watson et al., 2002).

Furthermore, we acknowledge that a variety of social and cultural factors might affect the
dynamics of the support and the expression of empathy (De Choudhury et al., 2017; Cauce et al.,
2002; Satcher, 2001). As such, our Human-AlI collaboration approach must be adapted and evalu-
ated in various socio-cultural contexts, including underrepresented communities and minorities.
While conducting randomized controlled trials on specific communities and investigating hetero-
geneous treatment effects across demographic groups is beyond the scope of our work, our study
was deployed globally and included participants of various gender identities, ethnicities, ages,
and countries (Methods; Supplementary Figure A.11, A.12). However, this is a critical area of
research, and ensuring equitable access to culturally sensitive empathic support requires further

investigation.

Our study evaluated a single Human-AlI collaboration interface design, and there could have
been other potential interface designs, as well. Additionally, as a secondary exploration, we
analyzed a classification-based interface design, which provided participants with the option to
request automatic expressed empathy scores for their responses, using the empathy classifier
developed in Section 2.1 (Supplementary Figure A.6). We assigned this secondary classification-
based Al treatment to 10% of the incoming participants at random (N=30). Due to conflicting
human and automatic evaluation results, we observed that the effects of this secondary treat-
ment on empathy of participants were ambiguous (Supplementary Figure A.5a, A.5b); however,
the design was perceived as being less actionable than our primary rewriting-based interface
(Supplementary Figure A.5c). This poses questions on what types of design are optimal and

how best to provide feedback.

Finally, we recruited participants from a single platform (TalkLife) and only for providing
empathic support in the English language. We further note that this study focuses on empathy

expression in peer support and does not investigate long-term clinical outcomes.
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2.4 Related Work

Methods to operationalize and measure key mental health constructs

Prior work has proposed Al-based methods to operationalize and measure key mental health
constructs including adaptability and efficacy of counselors (Pérez-Rosas et al., 2019), personal-
ized vs templated counseling language (Althoff et al., 2016), psychological perspective change (Al-
thoff et al., 2016; Wadden et al., 2021), staying on topic (Wadden et al., 2021), therapeutic actions
(Lee et al., 2019), moments of change (Pruksachatkun et al., 2019), counseling strategies (Pérez-
Rosas et al., 2022; Shah et al., 2022), and conversational engagement (Sharma et al., 2020a). Here,
we focus on a particular conversation technique, empathy, which is key in counseling and men-
tal health support (Castonguay and Hill, 2017; Robert et al., 2011). Previous research has ana-
lyzed empathy in health communities (Khanpour et al., 2017), face-to-face therapy (Gibson et al.,
2016), motivational interviewing (Pérez-Rosas et al., 2017), and emotionally-grounded conversa-
tions (Rashkin et al., 2019). Small-scale studies on manually annotated datasets have also been
conducted (Morris and Picard, 2012; Lord et al., 2015). Our work develops computational meth-
ods for identifying and improving empathy in text-based, asynchronous mental health support,
informed by psychology and psychotherapy research. We learn to improve the expression of em-
pathy in online mental health support conversations through a reinforcement learning method

for empathic rewriting.

Empathic dialogue generation

Our task of empathic rewriting is related to empathic dialogue generation but has a key dif-
ference as it involves making empathic changes to existing responses instead of generating new
responses from scratch. While research on generating empathic dialogue has mainly focused
on chit-chat, open-domain conversations (Rashkin et al., 2019; Lin et al., 2019; Majumder et al.,
2020), we work on conversations in online mental health support. Moreover, most empathic dia-
logue generation methods have a tendency to enable empathic conversations through emotional
grounding (Rashkin et al., 2019) or emotion mimicking (Majumder et al., 2020). In mental health
support, however, communicating the cognitive aspects of empathy, related to understanding

the experiences and feelings of others, is more valued by mental health professionals (Truax and
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Carkhuff, 1967; Selman, 1980). We extend this work with the task of empathic rewriting and
by leveraging both emotional and cognitive aspects of empathy, using a theoretically grounded

framework of empathy.

Text rewriting and Al-assisted systems

Text rewriting is a broad subarea in natural language processing that includes tasks such as style
transfer (Shen et al., 2017; Li et al., 2018), content debiasing (Pryzant et al., 2020; Ma et al., 2020),
and controllable text generation (Hu et al., 2017; Dathathri et al., 2020; Mai et al., 2020). We
propose empathic rewriting as a new text rewriting task in which conversational utterances are
rewritten to make them more empathetic. This task presents unique challenges different from
other text rewriting tasks: it requires understanding empathy in conversational contexts and
leveraging that understanding for making empathic changes while ensuring high conversational

quality in terms of language fluency, context specificity, and diversity.

Here, we propose a reinforcement learning (RL) model for the task of empathic rewriting.
Previous work has used RL for the task of sentiment transfer (Luo et al., 2019) by only using
text generations as actions. Here, we design an RL agent that simultaneously learns to (a) iden-
tify positions for making improvements and (b) generate empathic sentences for insertion or
replacement at the identified positions. These actions are important because the task of empathic
rewriting requires changes that go beyond simple word-level transformations, as common in
sentiment transfer tasks (e.g., change "bland" to "delicious" in "the food was bland" for transferring

from negative to positive sentiment).

Prior work has built systems that leverage the identification of effective conversational strate-
gies such as asking open-ended questions for training users in counseling (Tanana et al., 2019).
Computational methods that can perform empathic rewriting can be used to suggest ways to
make conversations more empathic in similar feedback and training systems for mental health
support and counseling. In a related context, researchers have built Al tools for writing assis-
tance in negotiations (Zhou et al., 2019), composing emails (Chen et al., 2019), language transla-
tion (Santy et al., 2019), creative writing (Clark et al., 2018), and communication of politeness (Fu

et al., 2020).
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2.5 Summary of Contribution to Thesis

In this chapter, we developed and evaluated a Human-AlI collaboration system that led to a 19.6%
increase in empathy in peer-to-peer conversations overall (Cohen’s d = 0.24) and a 38.9% increase
in empathy for mental health supporters who experience difficulty in writing responses (Cohen’s
d = 0.43) in a randomized controlled trial on a large peer-to-peer mental health platform. This
system was based on technical advancements in understanding empathy in conversations and
rewriting conversations to make them more empathetic. Concretely, we developed a new frame-
work, dataset, and computational method for understanding expressed empathy in text-based,
asynchronous conversations on mental health platforms. Our computational approach effectively
identified empathy with underlying rationales. Moreover, the identified components were found
to be important to mental health platforms. Also, we proposed a new task of empathic rewriting
for transforming low-empathy conversational posts in online mental health support platforms
to higher empathy. For this task, we developed and trained PARTNER, a reinforcement learn-
ing model which makes sentence-level edits to posts for making them empathic. We show that
PARTNER can effectively generate more empathic posts and outperforms baseline methods from
related tasks.

Our findings demonstrate the potential of feedback-driven, Al-in-the-loop writing systems to
empower online peer supporters to improve the quality of their responses without increasing the

risk of harmful responses.
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Chapter 3

Human-AlI Collaboration to Empower

People Seeking Support

In the previous chapter, we explored how to develop human-Al collaboration systems to sup-
port those who provide mental health support. Next, we shift our focus to individuals seeking
mental health support and study how human-AlI collaboration can support them. We focus on
self-guided mental health interventions and investigate the potential of human-AI collaboration

systems to make these interventions more effective.

Self-guided mental health interventions, such as tools to journal and reflect on negative
thoughts, offer great promise to expand modes of care and help people learn coping strate-
gies (Schleider et al., 2020; Patel et al., 2020; Schleider et al., 2022; Shkel et al., 2023). While
these interventions are not intended to replace formal psychotherapy, they provide immediate
“on-demand” access to resources that can help develop techniques for mental well-being, espe-
cially for those who do not have access to a trained professional, are on waiting lists, or seek to

supplement therapy with other forms of care (Adair et al., 2005).

However, developing interventions that individuals can effectively use without the assistance
of a professional therapist is challenging (Garrido et al., 2019). Currently, most self-guided inter-
ventions simply transform traditional manual therapeutic worksheets into digital online formats
with limited instructions and support (Shkel et al., 2023). Using these worksheets without pro-

fessional support often leads to cognitively demanding and emotionally triggering experiences,
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limiting engagement and usage (Garrido et al., 2019; Baumel et al., 2019; Fleming et al., 2018;
Torous et al., 2020). For example, a popular self-guided intervention involves independently
practicing Cognitive Restructuring of Negative Thoughts, an evidence-based, well-established pro-
cess that helps people notice and change their negative thinking patterns (Beck, 1976; Burns,
1980). However, the practice includes complex steps like identifying thinking traps (faulty or
distorted patterns of thinking like “all-or-nothing thinking”), which pose a significant challenge
for many (Beck, 1976; Burns, 1980). Most individuals lack the necessary knowledge or experi-
ence to successfully use such interventions independently without explicit training and support.
Moreover, analyzing one’s own thoughts, emotions, and behavioral patterns can be emotionally
triggering, especially for those actively experiencing distress. Such accessibility barriers inhibit
the widespread adoption of self-guided mental health interventions.

Al-based methods may be able to assist individuals in engaging with self-guided mental
health interventions to improve intervention accessibility and effectiveness. Specifically, lan-
guage models can help individuals learn and practice cognitively demanding tasks (e.g., through
automatic suggestions on potential thinking traps in a thought). Moreover, the language model
support could help users manage emotionally triggering thoughts and potentially enable a re-
duction in the emotional intensity of negative thoughts.

Previous work exploring self-guided mental health interventions based on human-language
model interaction has predominantly been limited to small-scale (Ly et al., 2017) and wizard-
of-oz-style research (Smith et al., 2021; Morris et al., 2015; Kornfield et al., 2023; Kumar et al.,
2023). These studies were conducted in controlled lab settings and evaluated on online crowd-
worker platforms, such as MTurk, which may not accurately represent the people who actively
seek mental health care or use such an intervention (Mohr et al., 2017). Much less is known
about intervention effectiveness in ecologically valid settings with individuals experiencing men-
tal health challenges and seeking care. This limits our understanding of end-user preferences
within these emerging forms of intervention (Mohr et al., 2017; Blandford et al., 2018; Borghouts
et al., 2021; Poole, 2013). Furthermore, language models can exhibit biases resulting in highly
varied performance across people from diverse demographics and populations (Caliskan et al.,
2017; Blodgett et al., 2020; Lin et al., 2022). There is a need to investigate and improve the equity

of language modeling-based interventions.

122



In this work, we study supporting self-guided mental health interventions with human-Al
collaboration. Specifically, we take Cognitive Restructuring, an evidence-based self-guided inter-
vention to help overcome negative thinking, as a case study. We design and evaluate a novel
language model-based method for cognitive restructuring. We conduct an ecologically valid and
large-scale randomized field study on Mental Health America (screening.mhanational.org; MHA;
a popular mental health website that hosts mental health tools and resources) with over 15,000
participants. We investigate its impact on people seeking mental health care, and evaluate and

improve its equity across key subpopulations.

3.1 Cognitive Restructuring of Negative Thoughts Through Human-
AI Collaboration

Negative thoughts are a natural part of human cognition. However, for people experiencing
mental health challenges, such thoughts are often entrenched, automatic, and emotionally trig-
gering, making it difficult to overcome them in-the-moment (Beck, 1976). An evidence-based,
well-established therapeutic intervention to overcome negative thoughts is Cognitive Restructur-
ing. Cognitive Restructuring fosters awareness of and methods for changing negative thinking
patterns (Beck, 1976; Beck et al., 2015). Cognitive Restructuring has been proven to be an ef-
fective treatment strategy for psychological disorders, especially anxiety and depression (Clark,
2013). It is a process that is central to Cognitive Behavioral Therapy (Beck, 1976), a modality of
treatment which has been demonstrated to be as effective as, or more effective than, other forms
of psychological therapy or psychiatric medications (Hofmann et al., 2012; Butler et al., 2006).
An individual initiates this process by writing the negative thought they are struggling with.
Next, they try to identify any potential thinking traps (biased or irrational patterns of thinking)
in their thought. Thinking Traps, alternatively known as cognitive distortions, refer to biased or
irrational patterns of thinking that lead individuals to perceive reality inaccurately (Beck, 1976;
Ding et al., 2022). These typically manifest as exaggerated thoughts, such as making assump-
tions about what others think (“Mind reading”), thinking in extremes (“All-or-nothing thinking”),
jumping to conclusions based on one experience (“Overgeneralizing”), etc. Finally, the individual

write a reframed thought which involves appropriately addressing their underlying thinking traps
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and coming up with a more balanced and helpful perspective on the situation.

As an example, consider a PhD student who has struggled with their research project and
starts to worry, “I'll never complete my PhD”. Some possible thinking traps that this thought is
falling into include Catastrophizing (thinking of the worst-case scenario) and Fortune telling (trying
to predict the future). Addressing these thinking traps, a possible way in which the student can
reframe the thought could be to say, “I'm imagining the worst-case scenario. This project did not work
out, but I was able to formulate meaningful hypotheses for my next research project.”

Prior NLP research has developed methods for a range of text reframing tasks like senti-
ment and empathy rewriting (Reif et al., 2022; Sharma et al., 2021) and more recently, positive
reframing (Ziems et al., 2022). However, little is known about how to develop cognitive restruc-
turing methods that automatically generate highly effective reframed thoughts that can assist
individuals in then cognitive restructuring process.

Here, we conduct a study of how language models can be used to reframe negative thoughts
(Figure 3.1). We study ways in which a negative thought can be reframed, how LMs can be
utilized to perform this reframing, and what types of reframes are preferred by people who
experience negative thoughts.

First, in collaboration with clinical psychologists and mental health professionals, we develop
a new conceptual framework for characterizing the ways in which a thought might be reframed.
We synthesize the most prominent cognitive restructuring processes used in therapy and define
seven linguistic attributes of reframed thoughts: whether the reframe addresses “thinking traps”
(faulty or distorted patterns of thinking), whether it is rational, positive, empathic, actionable, spe-
cific and readable. Building on prior research, we develop automated metrics to measure these
attributes and establish construct validity by correlating them with judgements from mental
health practitioners.

Next, to develop models for the cognitive restructuring task, we collect and share' a dataset
from mental health practitioners and clinical psychology graduate students. The dataset in-
cludes 600 situations and thoughts with expert-suggested reframes as well as annotations of the
proposed reframing attributes. Using this dataset, we develop a retrieval-enhanced in-context

learning method (Brown et al., 2020) to generate reframed thoughts and to control their linguis-

10ur code and datasets are available at github.com /behavioral-data/Cognitive-Reframing.
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Figure 3.1: (a) We consider the task of reframing negative thoughts with different, more hopeful thoughts
using LMs; (b) Different perspectives on a situation may result in different reframes. Here, we propose
a framework of seven reframing attributes (see gray box). Given a reframed thought, we control each
attribute (e.g., actionability) to generate reframes that score higher or lower on that attribute (e.g., more or
less actionable); (c) We deploy this model on Mental Health America, a large U.S. national mental health
website (bit.ly/changing-thoughts) and conduct a randomized field study with 2,067 participants. We
suggest LM-generated reframes to MHA visitors and assess which reframing attributes are desirable and
what constitutes a relatable, helpful and memorable reframe.

tic attributes. We show that this method achieves the highest overlap with expert-suggested
reframes and the highest relatability and helpfulness ratings based on evaluation from mental

health experts, when compared to popular NLP baselines.

We investigate which reframing attributes are desirable and what constitutes a relatable, help-
ful, and memorable reframe. In collaboration (and co-authorship) with mental health experts,
and after appropriate ethical review, we deploy a month-long randomized field study on Mental
Health America (MHA; a popular website that shares mental health resources and tools online),
with 2,067 participants with informed consent. We ask MHA visitors to describe situations and
negative thoughts they are experiencing and then suggest LM-generated reframed thoughts with
varying linguistic attributes. We find that highly specific and highly empathic reframing is the
most preferred and highly specific and actionable reframing is considered the most helpful and
memorable. However, we find that reframes that are highly positive are less preferred. These
findings provide key implications for cognitive restructuring of negative thoughts and for the

use of Human-AlI collaboration in this process.

125


https://bit.ly/changing-thoughts

3.1.1 Problem Definition and Goals

We work on the task of Cognitive Restructuring. Given a situation S; and a negative thought Tj,
the task is to generate a reframed thought R;.

Psychotherapy literature (Beck, 1976) highlights several desirable outcomes for a successful
restructuring: (a) Reduction in Emotion Intensity: the restructuring must help the individual
reduce the intensity of their negative emotion, (b) Reframe Relatability: the reframed thought
must be relatable to them, (c) Reframe Helpfulness: the reframe must help them overcome the
negative thought, (d) Reframe Memorability: the reframe must be memorable the next time a
similar negative thinking pattern emerges, and (e) Skill Learnability: the restructuring must
help them learn how to overcome negative thoughts.

Here, we aim to understand what constitutes successful cognitive restructuring and how lan-
guage models can assist people in this process. Toward this goal, we characterize the linguistic
attributes of reframed thoughts, develop methods to generate reframes and to measure and con-
trol their attributes, and investigate which linguistic attributes are related to different reframing

outcomes.

3.1.2 Framework of Linguistic Attributes of Reframed Thoughts

We draw from clinical therapy practices and collaborate with mental health experts (some of
whom are co-authors) to develop a framework of linguistic attributes of reframed thoughts.
We illustrate these attributes with the following example for all reframes below — Situation: “I

submitted a research paper and it got rejected;” Thought: “I'll never succeed as a researcher.”

Addressing Thinking Traps. Negative thinking often falls into common patterns, called “thinking
traps.” Also called cognitive distortions, these include exaggerated and biased patterns of thinking
which cause individuals to perceive reality inaccurately (Beck, 1976; Ding et al., 2022). Common
thinking traps include: assuming what others think (“Mind reading”), thinking in extremes (“All-
or-nothing thinking”), focusing on the worst-case scenario (“Catastrophizing”), trying to predict the
future (“Fortune telling”), etc. See Appendix B.3 for the full list.

A reframe may or may not directly address one or more of the thought’s thinking traps. A

reframe like “I don't know what the future will bring” directly addresses the thinking trap “Fortune
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telling,” whereas a reframe like “I will surely become a successful researcher” does not address this

thinking trap but rather continues to express it.

Rationality. Another strategy to reframe a thought is to reflect on evidence for and against it and
reason about what these evidence imply (Beck, 1976). For example, the rejection of the paper is
evidence of having the thought “I'll never succeed as a researcher.” However, the evidence against
this thought could be that acceptance or rejection of one paper does not make someone a failure,
which may lead to a reframe “Just getting one paper rejected doesn’t define my failure.” A rational
reframe is guided by such strong evidence whereas an irrational reframe is based on unrealistic

assumptions.

Positivity. A reframe of a negative thought tries to emphasize the positive perspectives of the
situation but different reframes may have different levels of positivity. An overly positive reframe
like “I'm going to win best paper awards for every paper from now on” exaggerates the positive per-
spectives, which is likely to set the person up for disappointment rather than success (Dember
and Penwell, 1980). On the other hand, a balanced response like “I may or may not succeed, but I'll

keep trying” considers both positive and negative perspectives of the situation.

Empathy. It can be helpful to acknowledge the feelings caused by negative thoughts (Allen
and Leary, 2010; Robert et al., 2011). A reframe may express empathy or self-compassion by

validating how one is feeling. E.g., “It is okay to feel disappointed when a paper gets rejected.”

Actionability. To encourage pleasant emotions, one commonly used therapeutic approach is
Behavioral Activation (Dimidjian et al., 2011; Burkhardt et al., 2021). This involves engaging in
behaviors or actions that may help in overcoming negative thoughts. A reframe may suggest
specific actions (e.g., “I can take the feedback I received and use it to improve my paper”), may not
suggest specific actions but be actionable (e.g., “I can use this experience to learn and grow”) or may

not be actionable at all (e.g., “I may or may not become a successful researcher”).

Specificity. A reframe may specifically address the situation and the thought (e.g., “One paper
rejection doesn’t define my failure as a researcher”) or may be generic enough to be applicable to a
wide range of negative situations and thoughts (e.g., “I'm going to succeed”). While a specific
reframe may be more helpful in-the-moment, a generic reframe could be effective for recurring

thoughts, which are frequently a result of the “core” beliefs that a person holds (Beck, 2005;
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David et al., 2009).

Readability. The linguistic reasoning capabilities of individuals may be different (e.g., across age
groups or education levels) (Kaplan et al., 1995). Accordingly, a reframe may either be simple or

complex to read (e.g., “I'll do well in the future” vs. “I'm resolute in my ambition to succeed”).

3.1.3 Data Collection

To facilitate computational methods for cognitive reframing, we collect a dataset of reframed

thoughts, annotated with their linguistic attributes.

Curated Situations & Negative Thoughts

We start by curating data sources for situations and negative thoughts.

Thought Records Dataset (Burger et al., 2021). This dataset contains hypothetical and real-world
situations, thoughts and emotional processes reported by crowdworkers on Amazon Mechanical

Turk. We manually curate 180 pairs of diverse situations with negative thoughts from this dataset.

Mental Health America (MHA). Situations and thoughts from crowdworkers may not reflect the
broad range of mental health challenges that people face in real-life. To incorporate more real-
world situations and thoughts, we ran a survey on the MHA website (screening.mhanational.org).
MHA visitors (who typically use the website for screening of mental illnesses) were asked to
describe any negative thoughts and the associated situations they were struggling with. We
manually curate 120 pairs of self-reported situations and thoughts to ensure broad coverage of

relevant topics based on high diversity and manual filtering.

Annotation Task and Procedure

Reframing negative thoughts is a cognitively difficult process that requires practice and training,
making crowdwork data collection approaches challenging. To ensure high-quality reframes and
annotations, we recruited 15 current mental health practitioners and clinical psychology grad-

uate students with significant practical experience in cognitive reframing.? For each (situation,

2For recruitment, we advertised our study through university mailing lists and newsletters of a mental health
organization. Recruited experts were paid @ 37.5 USD / hr.
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thought) pair in our data source, we ask them to (1) write two different reframed thoughts, (2) an-
notate the thinking traps addressed by each reframed thought and (3) compare the two reframes
and choose the one that is more rational, more positive, more actionable, more empathic, more
specific and more readable. In total, we collect 600 reframed thoughts with annotations on their
linguistic attributes. We share this dataset publicly at github.com/behavioral-data/Cognitive-

Reframing.

Ethics and Safety

Our data collection was conducted after a review and approval by the University of Washing-
ton’s Institutional Review Board and informed participants about study purpose, risks, and data
collection. All participants were 18 or older, provided informed consent, and were given access

to a crisis hotline. We do not assess any clinical outcomes.

3.1.4 Method

We design automated metrics for measuring linguistic attributes, and develop methods to gener-

ate reframed thoughts and to control their attributes.

Measuring Reframing Attributes

Addressing Thinking Traps. Given a situation S;, a negative thought T; and a reframed thought
R;, our goal is to identify the set of thinking traps addressed by the reframed thought. We
approach this as a multi-label classification task, and fine-tune a GPT-3 model® on the expert-

annotated thinking trap labels collected in Section 3.1.3.

Rationality. Rationality is the quality of being guided by reasons (Damielson et al., 2004). Here,
we operationalize rationality of a reframed thought R; as its reasoning strength and ask the follow-
ing two questions: (1) What might be the reasoning behind R;?; (2) Are the reasons sound? To
understand the reasoning behind R;, we develop an abductive explanation based method (Peirce,

1974; Bhagavatula et al., 2020; Jung et al., 2022). For a given (S;, T;), we use a language model

3We use text—-davinci-003 as our GPT-3 model for all experiments.
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to generate (a) the most plausible explanations that support R; and (b) the most plausible expla-
nations that refute it. Moreover, to check if the explanations are sound, we recursively generate
explanations behind the explanations to test their reasoning strength (Appendix B.4). Let sup(-)
be a generator function that generates explanation supporting a reframe and let ref(-) be a gener-
ator function that generates explanation refuting a reframe. Then, we recursively define reasoning

strength RS(S;, Tj, R;) as

(P(Rl = sound|Si, Ti) X ]E‘rfvsup(v) [RS (Si/ T;, 1’)])

— (P(Rl = flawed|Si,Ti) X ]Erwref(-) [RS (Si,Ti,T’)])

To design the explanation generator functions, sup(-) and ref(-), we leverage in-context learn-
ing (Brown et al., 2020). In collaboration with mental health experts, we design 10 demonstration
examples of situations, thoughts and reframed thoughts with explanations that support (“This
reframed thought is sound because...”) and refute (“This reframed thought is flawed because...”) a par-
ticular reframe. We use these examples to prompt GPT-3. Moreover, to estimate the probabilities
P(R; = sound) and P(R; = flawed), we use the token probability of generating “sound” and

“flawed” respectively, given S;, T;, R; and the text “This reframed thought is” as input to GPT-3.*

Positivity. To measure the positivity of the generated reframed thought, we use a RoBERTa-based

sentiment classifier fine-tuned on the TweetEval benchmark (Barbieri et al., 2020).

Empathy. To measure empathy, we build upon the empathy classification model presented in
Sharma et al. (2020b). This RoBERTa-based model leverages a theoretically-grounded framework
of empathy consisting of three empathy communication mechanisms (emotional reactions, in-
terpretations, and explorations) and predicts empathy levels in mental health conversations on
a scale from 0 to 6. Here, we further fine-tune this model on the domain of reframed thoughts
through a manually labeled dataset of 300 reframed thoughts with empathy labels (labeled by

one author with expertise in empathy in mental health context).

Actionability. To measure actionability, we hypothesize that an actionable reframe is one that

either (1) suggests a concrete action or (2) does not suggest a concrete action but is easy to act upon.

4We experimented with different alternatives for “sound” and “flawed” and observed similar results.
P
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We cast action concreteness as a binary classification task: given reframe R;, predict
contains_action(R;) € {0,1}. We make few-shot predictions by prompting GPT-3 with 10 ex-
amples of reframed thoughts paired with actionability ratings from Section 3.1.3 (details in Ap-
pendix B.1).

To determine the ease with which R; can be acted upon, we examine the next set of actions en-
tailed by R;. Our hypothesis is that a diverse next action set may indicate ambiguity which might
be less actionable, whereas a coherent next action set may indicate clarity which might be more
actionable. Here, we instruct GPT-3 to generate k = 5 next action candidates given a reframed
thought (instruction prompting; zero-shot). We compute the next action coherence — denoted
next_action_coherence(R;) — by embedding each of the k action candidates using RoBERTa (Liu
et al., 2019) and computing the average pairwise cosine similarity. Higher similarity indicates
greater coherence among the possible next actions. Our overall actionability measurement is

defined as contains_action(R;) + next_action_coherence(R;).

Specificity. Following prior work (Xu et al., 2018; Sharma et al., 2021), we measure specificity
using sentence embedding similarity between the reframed thought R; and the concatenation of

the situation S; and the thought T; (using RoBERTa embeddings (Liu et al., 2019)).

Readability. We employ the commonly used Coleman-Liau Index (CLI) metric (Coleman and
Liau, 1975) which assesses readability based on the character and word structure within a sen-
tence. The Coleman-Liau Index is calculated as 0.0588L — 0.296S — 15.8, where L: average number

of letters per 100 words; S is the average number of sentences per 100 words.

Reframe Generation

In-context learning methods can learn to generalize NLP tasks from a handful of examples (few-
shot learning) or from hand-written instructions alone (instruction prompting) (Brown et al., 2020).
However, through a qualitative analysis of 100 manually written situations and thoughts, we
found that a simple in-context learning method with a fixed set of examples often failed to
appropriately reframe situations and thoughts for which no relevant in-context examples were
provided (e.g., someone with anxiety having “racing thoughts”).

To appropriately reframe thoughts related to a range of situations and thoughts, we de-
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Attribute Pearson Correlation

Addressing Thinking Traps 0.680***
Rationality 0.448*
Positivity 0.550%***
Empathy 0.575%**
Actionability 0.647***
Specificity 0.427**
Readability 0.331*

Table 3.1: Correlation of our proposed attribute measures by with human judgments from mental health
experts. *:p < 0.05; *:p < 0.001; **:p < 107>,

velop a retrieval-based in-context learning method (Liu et al., 2022b). For each situation S;
and negative thought T;, we retrieve k-similar examples from our dataset (Section 3.1.3). We
tirst encode situations and thoughts using RoBERTa embeddings. Then, we retrieve k examples,
{(s1,t1), .-, (Sk, tx) }, from our dataset based on the top-k values of cosine_sim(concat(s,t), concat(S;, T;)).

We choose k = 5 (Appendix B.1).

Controlling Linguistic Attributes of Generated Reframes

While our proposed method allows us to generate a single reframe, it does not directly give
us control over its linguistic attributes beyond mimicking the retrieved examples (Section 3.1.2).
Here, we intend to vary the linguistic attributes of the reframes.

A reframed thought may or may not address a thinking trap in the original thought T;. Here,
we generate two reframes Ri(”'Y) and Ri(”'N), one that addresses the thinking traps in T; and
another that does not address it.” We extract two separate sets of in-context examples from our
dataset — those that address at least one thinking trap and those that do not (as collected in
Section 3.1.3). We use those examples to prompt GPT-3 to generate R;""¥) and R; "N,

Moreover, a reframed thought may have high or low rationality, positivity, empathy, action-
ability, specificity and readability values. For these six attributes, given a reframe R; and a
linguistic attribute a, we generate two additional reframes R;*™) and R;(*), one that scores
higher on attribute a and another that scores lower on it (e.g., higher or lower actionability). To

accomplish this, recall that each (situation, thought) pair from Section 3.1.3 is annotated with

5Ifa thought exhibits multiple thinking traps, we check if the reframe addresses at least one of them.
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Automatic Human
BLEU R-1 R-L BScore Rel. Help.

Model

Retrieval Only 216 188 142 86.7 258 314

Pos. Reframing 244 23.6 17.6 87.6 2.67 240

DialoGPT 225 174 135 86.3 249 321
T5 249 234 178 87.2 251 330
GPT-3 Only 250 239 180 88.3 297 398
Our Model 27.8 26.0 19.9 88.6 310 411

Table 3.2: Automatic and Human Evaluation Results. R-1: ROUGE-1; R-L: ROUGE-L; BScore: BertScore;
Rel.: Relatability; Help.: Helpfulness.

two reframes and that the reframes are compared along each linguistic attribute. For a human-
annotated instance j, let Rj*(”'H) and Rj*(”'L) be the reframes judged to be high and low on

(a,H)

attribute a, respectively. To generate R; from R;, we prompt GPT-3 with in-context examples

(aL)

{Rj*(“'L) — R]-*(“'H) k using k = 5. Similarly, to generate R; from R;, we prompt GPT-3

j=1

a, L)\ k

with examples {R]-*(”’H) — Rj*( =1

3.1.5 Experiments and Results

We assess the construct validity of proposed linguistic attributes and evaluate the performance

of the reframe generation model.

Construct Validity of Linguistic Attributes

We validate our proposed linguistic attribute measures by correlating them with the human judg-
ments of mental health experts, as obtained in Section 3.1.3. We find a strong Pearson correlation
for addressing thinking traps (0.680***) and actionability (0.647***), a moderate correlation for
rationality (0.448*), positivity (0.550***), empathy (0.575***) and specificity (0.427**), and a weak
correlation for readability (0.331*) (Table 3.1).°

0*:p < 0.05**:p < 0.001;**:p < 107>
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Reframe Generation Performance

We use both automatic and human evaluation to assess the performance of our proposed reframe

generation model as developed in Section 3.1.4.

Experimental Setup. We use top-p sampling with p = 0.6 for text generation (Holtzman et al.,
2020). We split the 600 expert-annotated examples (Section 3.1.3) into train and test using a 70:30

split.

Baselines. (1) Retrieval Only — For a test input, we retrieve the training set example with the
highest cosine similarity based on RoBERTa embeddings; (2) Positive Reframing — We reuse the
BART-based positive reframing model from Ziems et al. (2022); (3) DialoGPT — GPT-2 adapted
to dialogue (Zhang et al., 2020); (4) T5 — Text-to-text transfer LM (Raffel et al., 2020);” (5) GPT-3

Only — We randomly retrieve 5 examples from our training set and use them to prompt GPT-3.

Automatic Evaluation. We examine the semantic similarity between the model outputs and the
ground truth reframings in the above-created test split. We use BLEU (Papineni et al., 2002),
ROUGE-1, ROUGE-L (Lin, 2004) and the BERTScore (Zhang et al., 2019b) metrics. We find that
our proposed model has an 11.2% higher BLEU score and 9.7% higher ROUGE scores than the

next best-performing baselines — GPT-3 Only and Positive Reframing (Table 3.2).

Human Evaluation. We assess the two key reframing outcome metrics of relatability (how relat-
able would a reframed thought be) and helpfulness (how helpful would a reframed thought be
in overcoming negative thoughts). We recruit three mental health practitioners. We ask them
to rate the models’ outputs on test set examples based on their reliability and helpfulness on a
1 to 5 scale. We find that our proposed model achieves the highest relatability and helpfulness
ratings (Table 3.2). Surprisingly, the Positive Reframing method showed the least helpfulness and
low relatability, indicating that just reframing negative thoughts based on positivity may not be

highly relatable and helpful.

7Training DialoGPT and T5 on 600 samples only may be challenging. Here, we use an overgeneration strategy —
Starting from our collected data samples, we utilize the pattern replication capabilities of GPT-3 to generate 10,000
more examples, similar to Liu et al. (2022a).
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3.2 Randomized Field Study on a Large Mental Health Platform

Next, we study how our proposed cognitive restructuring model may assist people in overcoming
negative thoughts.

We conduct an ecologically valid and large-scale randomized field study on Mental Health
America (screening.mhanational.org; MHA; a popular website that hosts mental health tools
and resources) with over 15,000 participants (Section 3.2.1). We examine the design of our tool,
investigate its impact on people seeking mental health care, and evaluate and improve its equity

across key subpopulations. Specifically, we address the following research questions:

RQ1 - Design. How can we design a self-guided cognitive restructuring intervention that is

supported through human-AI collaboration?

RQ2a - Overall Effectiveness. To what extent does human-AlI collaboration based cognitive re-

structuring help individuals in alleviating negative emotions and overcoming negative thoughts?

RQ2b - Impact of Design Hypotheses. What is the impact of individual design hypotheses on

the intervention effectiveness?
RQ3a - Preference. What types of reframed thoughts do people prefer?

RQ3b - Linguistic Attributes. How do the linguistic attributes of reframed thoughts relate to

the desired outcomes of cognitive restructuring?

RQ4 - Equity. How equitable is the intervention and what strategies may improve equity?

To address these research questions, we first formulate the design hypotheses for this inter-
vention through qualitative feedback from participants of early prototypes of the system and
brainstorming with mental health professionals (Section 3.2.2). We hypothesize that assisting
users in cognitively and emotionally challenging processes, contextualizing thought reframes by
reflecting on situations and emotions, integrating psychoeducation, facilitating interactive refine-
ment of reframes, and ensuring safety will result in a more effective human-Al collaboration
system for cognitive restructuring. Taking these hypotheses into consideration, we design a new
system that uses a language model to support people through various steps of cognitive restruc-
turing, including the identification of thinking traps in thoughts and the reframing of negative

thoughts. Our language model suggests possible thinking traps a given thought may have, as
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well as suggests possible ways of reframing negative thought (Section 3.2.2).

After systematic ethical and safety considerations, active collaboration with mental health
professionals, advocates, and clinical psychologists, and IRB review and approval, we deploy
this system on MHA. We utilize a mixed-methods study design, combining quantitative and
qualitative feedback, to assess the outcomes of this system on the platform visitors. We find that
67.64% of participants experience a positive shift (i.e., reduction) in their emotion intensity and
65.65% report helpfulness in overcoming their negative thoughts through the use of our system.
Moreover, participants indicate that the system assists them in alleviating cognitive barriers by
simplifying task complexity and emotional barriers by providing a less triggering experience
(Section 3.2.3). Also, enabling participants to iteratively improve reframes by seeking additional
reframing suggestions leads to a 23.73% greater reduction in the intensity of negative emotions.
Moreover, participants who choose to make their reframes actionable report superior outcomes

compared to those who make them empathic or personalized (Section 3.2.4).

To address the needs of individuals from diverse demographics and subpopulations, it is
critical to develop equitable solutions. Here, we evaluate the performance of our system across
people of different demographics and subpopulations (Section 3.2.7). The intervention is found
to be more effective for individuals identifying as females, older adults, individuals with higher
education levels, and those struggling with issues, such as parenting and work. However, it is
found to be less effective for individuals identifying as males, adolescents, those with lower edu-
cation levels, and those struggling with issues such as hopelessness or loneliness. We investigate
the potential benefits of customizing the intervention for adolescents, who we found to have one
of the largest disparities in our intervention outcomes. We find that making the language model-
generated suggestions simpler and more casual leads to a 14.44% increase in reframe helpfulness

for adolescents in the age group of 13 to 14.

We discuss the implications of our study for the use of human-language interaction in the
development of self-guided mental health interventions, emphasizing the need for effective per-
sonalization, appropriate levels of interactivity with the language model, equity across subpop-

ulations, and its safety (Section 3.2.8).
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3.2.1 Study Overview

Our study was conducted over a nine-month process involving iterative ideation, prototyping,

and evaluation in collaboration with mental health experts (some of whom are co-authors).

Study Design

Platform. We used Mental Health America (MHA) for our study. We deployed our system
on this platform, where it was hosted with appropriate ethical considerations and participant
consent process (see Privacy, Ethics, and Safety), along with other existing self-guided mental

health tools.

Participants. Many MHA visitors are interested in mental health resources including self-guided
systems. Our study participants were visitors to MHA, who chose to use our system and pro-
vided informed consent to participate in the research study. Our study comprised a total of
15,531 participants.® We carried out several experiments in parallel, including randomized trials
with independent participants. The number of participants involved in each experiment is repre-
sented by “N” values throughout. Participants were 13 years and older (also, see Privacy, Ethics,

and Safety below for a discussion on our reasons for including minors).

Tasks and Procedures. We started our study by formulating design hypotheses for developing
self-guided cognitive restructuring through human-language model interaction. This was done
through feedback from users of early prototypes of the system, brainstorming with mental health
experts, and leveraging pertinent findings from prior work (Section 3.2.2). Based on these de-
sign hypotheses, we developed our final system for human-language model interaction powered
cognitive restructuring (Section 3.2.2).

We evaluated the effectiveness of our system on several psychotherapy based metrics through
a field study on the MHA platform (Section 3.2.3). In addition, we evaluated the importance of
our design hypotheses by conducting randomized trials on the platform, explicitly ablating spe-

cific design features, such as removing psychoeducation from the system (Section 3.2.4). Finally,

80verall, we had 43,347 participants in total who consented initially, but 27,816 (64.17%) dropped out before
completing the outcome survey. Analysis in the work only include the 15,531 (35.83%) participants who completed the
outcome survey. Note that dropout rates of online self-guided tools are commonly between 70% to 99.5% (Karyotaki
et al., 2015; Fleming et al., 2018).
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we analyzed and improved the equity of our system (Section 3.2.7).

Privacy, Ethics, and Safety. We designed and conducted our field study after carefully review-
ing the potential benefits and risks to participants in consultation and collaboration with mental
health experts. Our study, including the participation of minors, was approved by our Insti-
tutional Review Board. We included minors (those aged between 13 and 17) in this study as
they represent a large, key demographic on MHA and were already frequently using similar
self-guided interventions outside of our study. Therefore, we concluded that disallowing mi-
nors access to some self-guided tools would not decrease risk but potentially make an effective
intervention inaccessible to a large fraction of users.We obtained informed consent from adults
and informed assent from minors, ensuring they were fully aware of the study’s purpose, risks,
and benefits (Appendix Figure B.6 and Figure B.7). Participants were informed that they would
interact with an Al-based model that automatically generates reframed thoughts, without any
human supervision. Further, appropriate steps were taken to avoid harmful content generation
(Section 3.2.2), but participants were informed about the possibility that some of the generated
content may be upsetting or disturbing. Also, participants were given access to a crisis hotline.

Examples in this work have been anonymized using best privacy practices (Matthews et al., 2017).

For minors, we requested and received a waiver of parental permission from the IRB. This
is because discussing mental health issues with parents may pose additional risks including
discomfort in disclosing psychological distress (Smith et al., 2022a; Samargia et al., 2006) and
reduced autonomy (Wilson and Deane, 2012). Therefore, obtaining parental permission is gen-
erally avoided in similar studies (Schleider et al., 2022). Also, given our online setting, obtaining
parental permission is impractical and logistically difficult as we are not directly interacting with

the participants. We instead obtained the assent of minors as approved by the IRB.

3.2.2 RQI1: How can we design a self-guided cognitive restructuring intervention

that is supported through human-language model interaction?

Here, we design a novel system for human-language model interaction based self-guided cogni-

tive restructuring.
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Figure 3.2: We design a human-language model interaction based system for self-guided cognitive re-
structuring of negative thoughts. The system involves (a-b) describing the context by participants, (c-d)
LM-assisted identification of thinking traps, and (e-g) LM-assisted writing of reframed thoughts.

Design Hypotheses

The design of our system was based on hypotheses that were formulated by incorporating qual-
itative feedback from users of early prototypes of the system, brainstorming on design decisions
with mental health experts, and leveraging relevant insights from previous mental health studies.
Here, we briefly describe the design hypotheses that surfaced through this process. Our primary
contributions include the design (Section 3.2.2) and evaluation (Section 3.2.3) of a system based
on these hypotheses. In addition, we evaluate the impact of H,, H3, and Hy4 through randomized
trials (Section 3.2.4). Moreover, we evaluate Hiand Hs through qualitative analysis of participant

feedback (Sections 3.2.3 and 3.2.4 respectively).
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H;: Assisting participants in processes that are cognitively and emotionally challenging may
improve intervention effectiveness. Previous research suggests that restructuring negative thoughts
can be cognitively and emotionally challenging (Shkel et al., 2023). The limited availability of men-
tal health professionals and resources often acts as barriers to accessibility, typically resulting
in a lack of knowledge and exposure to therapeutic processes among people. Moreover, the
entrenched nature of thoughts makes them difficult to overcome in the moment. In fact, many
participants during our design exploration phase highlighted these challenges (e.g., a participant
wrote, “I struggle with formulating these thought —> situation —> thinking trap —> reframe scenarios by
myself”; another participant wrote, “I find it hard to think of these reframes myself in the moment”;
another participant wrote, “I have a hard time figuring out with cognitive distortions I'm using”).
Therefore, we aim to guide participants through the identification of thinking traps and assist
them in writing effective reframes. Here, we leverage language models to achieve this, as detailed

in Section 3.2.2. Section 3.2.3 evaluates the effectiveness of this assistance.

H,: Contextualizing thought reframes through situations and emotions may improve inter-
vention effectiveness. Cognitive Behavioral Therapy posits that our thoughts are shaped by our
situations, subsequently influencing our beliefs and emotions (Beck, 1976). Therefore, the ability
to reflect on situations and emotions and recognize their connection with negative thoughts could
be beneficial in accurately assessing thinking traps and writing effective reframes. Our system
enabled participants to contextualize their thoughts by answering additional questions related
to their situations and emotions (Section 3.2.2). However, it is well established that introducing
additional burdens in the form of questions may lead to increased dropout, a core challenge in
digital mental health (Baumel et al., 2019; Torous et al., 2020). Section 3.2.4 describes the random-
ized trial that assesses the impact of this contextualization on the tradeoff between intervention

effectiveness and overall participant engagement.

Hj: Integrating psychoeducation may improve intervention effectiveness. Cognitive Restruc-
turing is a skill people can learn. Learning this skill enables participants to identify their negative
thoughts, assess the thinking traps they often fall into, and develop the ability to reframe them
into something more hopeful in the moment (Hundt et al., 2013; Strunk et al., 2014). However,

acquiring this skill is not straightforward and typically requires comprehensive psychoeducation
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coupled with practice (e.g., one participant wrote “I don’t think that everyone knows about think-
ing traps and the types or kinds of thinking traps there is, so I think there should be a description or
definition about each thinking traps”). Here, we introduced participants to different thinking traps
through definitions and examples, along with strategies to reframe their specific thinking traps
(Section 3.2.2). Section 3.2.4 details the randomized trial that evaluates the impact of integrating

psychoeducation on skill learnability.

Hj: Facilitating interactive refinement of reframes may improve intervention effectiveness.
A key component of our design involves the suggestion of automatically generated reframes
through a language model (Hy; Section 3.2.2). However, we found that participants of early
prototypes of the system desired the ability to have varied Al suggestions. One participant said,
“[1 want] more choices and variation in the reframing”. Another participant said “I wish it included

7

actionable insights.” Moreover, many participants desired the ability to interactively refine the
reframes. One participant said, “I need to write the information and revise it as many times as possible.”

Another participant said, “It could be more interactive, also go more in depth.”

Therefore, our design included the option for iterative editing and updating of reframes.
This enabled participants to seek more specific suggestions from the language model, including
“making it more relatable to their situation”, “figuring out the next steps and actions”, and “feeling
more supported and validated” (Section 3.2.2). Section 3.2.4 evaluates the effects of this interactive

interaction through a randomized trial.

H;s: Mechanisms to avoid unsafe content generation and flag inappropriate content may make
the intervention more safe. The need for safety considerations is crucial when intervening in
high-stakes settings like mental health (Li et al., 2020; Martinez-Martin et al., 2018). There is a
risk that AI might inadvertently harm, rather than help, individuals coping with mental health
challenges. Therefore, a key goal was to ensure safety and minimize risks. Our design included
mechanisms to avoid unsafe content generation and flag inappropriate content, as described in

Section 3.2.2. We discuss the content that was flagged by participants in Section 3.2.4.
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System Design

In our system (Figure 3.2), we guided participants through a five-step process. This included (1)
describing the thought, (2) detailing the situation, (3) reflecting on the emotion, (4) identifying

the thinking traps, and (5) finally, reframing the thought.

Step I, II, and III: Participant describes the context. On selecting to use the system and after
consenting to participate in our study (Appendix Figure B.6 and Figure B.7), a participant first
articulates the thought they are struggling with (e.g., “I'll never complete my PhD”; Figure 3.2a).
Next, to contextualize their thought (H,; Figure 3.2b), the participant describes a recent situation
that may have led to this thought (e.g., “My research project failed”). Additionally, the participant
reflects on the emotion they are currently experiencing along with its intensity (e.g., “stressed”; 9

out of 10).

Step IV: LLM-assisted selection of thinking traps. The next step is to identify thinking traps.
The typical process of identifying thinking traps involves participants navigating through a list
to single out possible traps in their thoughts, which we identified as a cognitive and emotional
barrier (Hy). Here, we use a language model to assist participants in the identification of thinking
traps among 13 common thinking traps (see Appendix Table B.3).

For this, we rank the thinking traps for the given thoughts using a language model and show
those to the participants along with their individual estimated likelihoods (e.g., “Catastrophiz-
ing — 70%, Fortune Telling — 23%; Owvergeneralizing — 7%”"; Figure 3.2c). In order to incorporate
psychoeducation, we provide definitions and examples of these thinking traps (Hs; Appendix
Table B.3). We use the GPT-3 model (Brown et al., 2020) finetuned over a dataset of thinking
traps developed in Section 3.1.4. This model achieves a top-1 accuracy of 62.98% on the 13-class
thinking trap classification problem.

The participant selects one or more thinking traps from this ranked list that they most closely
identify with based on their thinking pattern (e.g., “Catastrophizing”; Figure 3.2d).

Step V: LLM-assisted writing of reframes. Finally, the participant writes a reframed thought
addressing their thinking traps. Writing reframes to negative thoughts while maintaining com-

posure in the moment is challenging (H;), therefore, we use the retrieval-enhanced in-context

learning method developed in Section 3.1.4 to assist participants.
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Using this language model, we generate multiple suggestions for possible thought reframes
and show them to the participant as a potential starting point (Figure 3.2e).” The multiple sug-
gestions are aimed at offering varying perspectives to the participant’s original thought (e.g.,
“I'm imagining the worst-case scenario. This project did not work out, but I can use this experience for my
future projects.”, “This research project was a setback, but it is just one step in my PhD journey. 1 will take
this as a learning experience and I'm sure I will do better next time.”, “I am disappointed that my research
project failed, but I can still complete my PhD if I keep working hard and don’t give up.”'?). In addition,
to incorporate psychoeducation, we provide instructions on ways in which the participant can
reframe the specific thinking traps selected by them in the previous step (e.g., “Tips to overcome

catastrophizing”; Hs; Appendix Table B.3).

The participant initiates reframing by choosing a reframe from the initial suggestion list or
by writing a reframe on their own (Figure 3.2f). The participant then iteratively refines this
reframe through manual edits, as well as through additional, optional help from the language
model. For this, we provide participants with an option to seek more specific suggestions from
the language model, including “making it more relatable to their situation”, “figuring out the next steps
and actions”, and “feeling more supported and validated” (Hy; Figure 3.2g). For the option selected by
the participant, we generate additional suggestions using the language model. Participants can
either copy these additional suggestions, add them to their initial reframe, replace their initial
reframe with it, or use it as an inspiration. Also, see Appendix Figure B.13 for the detailed

interface.

Safety considerations. To minimize harmful outputs generated by language models (Hs), we
combined classification-based content filtering with rule-based content filtering. We use a clas-
sification based content filtering system provided by Azure OpenAl (bit.ly/azure-content-filter)
which identifies and filters out content related to “hate”, “sexual”, “violence”, and “self-harm”
categories. In addition, we developed a rule-based method to filter out any generated content that
contained words or phrases related to suicidal ideation or self-harm. To achieve this, we created

a list of 50 regular expressions (e.g., to identify phrases like “feeling suicidal”, “want to die”, and

9To generate multiple suggestions, we perform top-p sampling (Holtzman et al., 2020) multiple times. We show
three suggestions by default, but participants are provided with an option to seek more suggestions if needed.
19The reframing suggestions in this example have been generated by our GPT-3 based model.
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“harm myself”) based on suicidal risk assessment lexicons such as the one by Gaur et al. (2019).
A language model-generated reframe suggestion that matched any of the regular expressions
was filtered out and not suggested to the participants. Also, participants were given the option
to flag inappropriate reframing suggestions through a “Flag inappropriate” button (Figure 3.2f;
Section 3.2.4).

We deployed this system on the MHA platform and studied its effectiveness with platform
visitors (see Section 3.2.1). We make the code used to design the system publicly available at

github.com /behavioral-data/Self-Guided-Cognitive-Restructuring.

3.2.3 RQ2a - To what extent does our intervention help individuals in alleviating

negative emotions and overcoming negative thoughts?

We used a mixed-method approach to evaluate the effectiveness of our system. Here, we first
describe the different quantitative and qualitative measures used in our study, followed by the

evaluation of our system on these metrics.

Quantitative Measures

Drawing from various metrics prevalent in the cognitive behavioral therapy literature, we con-
ducted a comprehensive analysis of our system. We assessed the effects of our system on the

participants” emotions, the efficacy of the reframes they wrote, and learnability of the skill:

1. Reduction in Emotion Intensity: Intensity of the participant’s emotion before the system
use — Intensity of the participant’s emotion after the system use. We collected the emotion
associated with the participant’s negative thought before the system use (“What emotion
does this thought make you feel?”) and collected its intensity both before and after the system

use (“How strong is your emotion? (1 to 10)”).

2. Reframe Relatability: After the system use, we asked the participant: “How strongly do you
agree or disagree with the following statement? — I believe in the reframe I came with” (1 to 5; 1:
Strongly Disagree; 5: Strongly Agree).

3. Reframe Helpfulness: After the system use, we asked the participant: “How strongly do you
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Figure 3.3: (a) Reduction in emotion intensity of participants before and after using the system (emotion
scale: 1 to 10). We found that 67% of the participants reported having a positive reduction in (negative)
emotions (N=1,922). (b) Participants with higher emotion intensity before using the system reported a
higher reduction in emotion intensity post the system usage (N=1,922). Error bars represent 95% boot-
strapped confidence intervals.

agree or disagree with the following statement? — The reframe helped me deal with the thoughts I

was struggling with” (1 to 5; 1: Strongly Disagree; 5: Strongly Agree).

4. Reframe Memorability: After the system use, we asked the participant: “How strongly do
you agree or disagree with the following statement? — I will remember this reframe the next time I

experience this thought” (1 to 5; 1: Strongly Disagree; 5: Strongly Agree).

5. Skill Learnability: After the system use, we asked the participant: “How strongly do you
agree or disagree with the following statement? — By doing this activity, I learned how I can deal

with future negative thoughts” (1 to 5; 1: Strongly Disagree; 5: Strongly Agree).

Qualitative Measures

We also collected subjective feedback from participants. At the end of the system usage, we
asked an optional open-ended question “We would love to know your feedback. What did you like or

dislike about the tool? What can we do to improve?”

Results: Quantitative

67.64% of the participants reported a positive change in emotions. We assessed the difference in

the intensity of participants’ self-reported negative emotions before and after utilizing our system
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Outcome Measure Mean Std

Reduction in Emotion Intensity (-10 to 10) 1.90 1.29

Reframe Relatability (1 to 5) 3.84 1.17
Reframe Helpfulness (1 to 5) 333 1.35
Reframe Memorability (1 to 5) 352 1.36
Skill Learnability (1 to 5) 3.39 1.39

Table 3.3: Mean and standard deviation of the five quantitative measures as reported by participants.

Initial Emotion Intensi
Outcome Measures ty

<=7 >7
Reduction in Emotion Intensity (-10 to 10) 0.95 213
Reframe Relatability (1 to 5) 3.98 3.65
Reframe Helpfulness (1 to 5) 3.49 3.09
Reframe Memorability (1 to 5) 3.67 3.33
Skill Learnability (1 to 5) 3.57 3.14

Table 3.4: Participants with higher emotion intensity before using the system reported a higher reduction
in emotion intensity post the system usage. Participants with higher initial emotion intensities reported
worse reframing outcomes, suggesting that writing effective reframes and learning the cognitive restruc-
turing skill was harder when individuals were emotionally agitated (N=1,922).

(N=1,922). Figure 3.3a shows the distribution. Our findings revealed a positive emotional shift
in 67.64% (1,300) of the participants, while 24.56% (472) of the participants reported no change in
their emotion intensity. A small 7.80% (150) of the participants reported a negative shift in their
emotions, with the majority (72%; 108) of them experiencing a relatively minor negative shift of

-1.

Participants with higher initial emotion intensity experienced a greater improvement in emo-
tions. We checked the effects of our system on participants with different initial emotion in-
tensities. We found that participants with more intense initial emotions (>7 out of 10) reported
124.21% more substantial positive shifts in their emotional state than those with less intense ini-
tial emotions (2.13 vs. 0.95; <=7 out of 10; N=1,922; p < 10°!; Fig 3.3b). Psychotherapy research
suggests that a higher intensity of negative moods and depression is associated with stronger
negative cognition and maladaptive thoughts (Beevers et al., 2007). Our findings indicate that

participants with greater initial emotional intensity could have a greater benefit from a cogni-

e use a Two-sided student’s t-test for all statistical tests in this work.
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tive restructuring intervention like ours, potentially due to the positive effects it has on their

cognition, which in turn may positively effect mood and emotion.

Majority of participants found the reframes believable, helpful, and memorable. We evalu-
ated the effectiveness of the reframes that people are able to write using our system (N=1,922).
Overall, we found that 80.49% of the participants found the reframes relatable to them, 65.65%
of participants found the reframes helpful in overcoming negative thoughts, and 70.49% of par-
ticipants found the reframes memorable or easy to remember. Further investigating people with
different emotional intensities, we found that people with higher initial emotional intensities
(> 7 out of 10) reported 8.29% lower reframe relatability (3.65 vs. 3.98; p < 1075), 11.46% lower
reframe helpfulness (3.09 vs. 3.49; p < 107°), 9.26% lower reframe memorability (3.33 vs. 3.67;
p < 1075), and 12.04% lower skill learnability (3.14 vs. 3.57; p < 107°) than those with lower
initial emotional intensities (< 7 out of 10; N=1,922; Table 3.4). This suggests that when individ-
uals are emotionally agitated, it is harder to come up with effective reframes and learn cognitive

restructuring.

Most participants found the system helpful in learning cognitive restructuring. We assessed
how effectively our system can be used to learn the skill of managing negative thoughts. We
found that 67.38% of the participants reported that the system helped them in learning how to
deal with negative thoughts.

We also report mean and standard deviations of the quantitative outcome measures in Ta-

ble 3.3.

Results: Qualitative

On analyzing the qualitative feedback from participants, we observed that participants high-
lighted three key ways in which they found assistance from our system (Hy).

First, many participants indicated that the system helped them overcome cognitive barriers,
especially when they “feel stuck”, and doing this exercise is “difficult”, “on their own” and
“in the moment.” A participant wrote, “My own reframes are difficult, and Al gives multiple other

perspectives to consider.” Also, some participants reported that it helped them find “the right

words” or “ideas to start with.” A participant wrote, “Thank you for helping me to find the right
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words to clearly reframe a negative thought and how to apply the thought to my own thinking processes.”
Another noted, “I appreciated that the option of having the Al tool walk you through the reframing
process step by step (e.g., by choosing the negative thought you may be experiencing + giving possible

reframing ideas to start with/add more details to).”

Second, participants expressed how the system enabled a less emotionally triggering experi-
ence. One participant wrote, “I felt in control and more comforted that I can handle difficult situations

7

with confidence.” Another participant wrote, “This activity let me calm down...”. Another partic-

7

ipant noted, “...this made the process much less daunting...”. This is perhaps consistent with the

quantitative findings on reduced emotion intensity (Section 3.2.3).

Third, participants valued that the system allowed them to explore multiple viewpoints. One
participant wrote, “... After reading several reframes and looking over them I realized that there are many
options, many positive sides.” Another participant wrote, “I felt reassured to see multiple views, and

reflect upon them...”

Overall, these results suggest that there are opportunities to assist participants in cognitively
challenging and emotionally triggering psychological processes through human-language model

interaction.

3.2.4 RQ2b - What is the impact of individual design hypotheses on the effectiveness

of the intervention?

Here, we studied the impact of individual design hypotheses (Section 3.2.2) on the effectiveness
of the intervention and overall participant engagement. To facilitate this, we deployed differ-
ent design variations of our system by ablating specific design features (e.g., one variation that
includes psychoeducation and another variation that removes it). For each design ablation, we
conducted randomized controlled trials in which incoming participants were randomly assigned
one of the two design variations. To measure the impact, we evaluated the difference in outcomes
between participants involved in the two design variations. In this section, we report the results

from ablating contextualization (H;), psychoeducation (H3), and interactivity (Ha).
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Contextualizing through Situations Improves Reframe Helpfulness

Reflecting on situations and emotions and understanding their connection with negative thoughts
can help in writing more personalized and effective reframes (Hj). However, asking participants
for additional information like descriptions of a relevant situation and emotion can potentially in-
crease dropout which could prevent successful outcomes. Therefore, the reflection process comes
with a tradeoff with higher participant burden and higher dropout rates. Here, we conducted two
different randomized trials. One where we enabled contextualization through situations to half
of the participants at random. Another where we enabled contextualization through emotions to
half of the participants at random.

We found that contextualizing participant thoughts through their situations led to 2.80%
more helpful reframes and similar levels of relatability (3.31 vs. 3.22; N=1,636; p = 0.0192; Fig-
ure 3.4a). This indicates the benefits of increased reflection in self-guided mental health interven-
tions. Also, while typically an increased information request is correlated with a higher dropout
rate, we found that a similar number of participants reached the end of the tool, regardless of the

additional information requested (Figure 3.4b).
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Figure 3.4: Randomized controlled trial to estimate the effects of contextualizing thoughts through situa-
tion (N=1,636). (a) Contextualizing participant thoughts through their situations led to 2.80% more helpful
reframes (3.31 vs. 3.22; p = 0.0104) but did not lead to more relatable reframes. (b) Asking for additional
context did not lead to a lower completion rate. Error bars represent 95% bootstrapped confidence inter-
vals. Effects without p-values were not significant at & = 0.05.

Surprisingly, participants who contextualized their thoughts through emotions reported 3.86%

lower levels of relatability (3.87 vs. 3.72; N=4,016; p < 0.001; Appendix Figure B.8). This may be
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because our language model does not incorporate emotions while identifying thinking traps or
suggesting reframes, due to the lack of relevant cognitive restructuring dataset containing self-
reported emotion annotations. Consequently, this could possibly lead participants to develop
unwarranted expectations where they anticipate their emotional states to be addressed in the
reframing suggestions, even when they are not. Note that this is different for descriptions of sit-
uations, which the language model does take into account and typically reflects in the generated
reframes.

Qualitative feedback from participants indicated that they desired the inclusion of these steps
as it helped them better process their thoughts (e.g., a participant wrote “What made it especially

helpful was being able to contextualize my feelings, which I feel allows for a more relatable reframe”).

Integrating Psychoeducation has Limited Impact on Overall Effectiveness

Providing psychoeducation with the intervention may help people learn the cognitive restruc-
turing skill more effectively. While users of early prototypes expressed interest in integrating
psychoeducation (H3; Section 4.1), our randomized trial indicated that it did not lead to sig-
nificant quantitative improvement in outcomes including skill learnability as self-reported by
participants (at « = 0.05; N=1,850; Appendix Figure B.8).

Nevertheless, qualitative feedback from participants indicated that they found the provided
definitions, examples, and strategies helpful (e.g. one participant wrote, “I like how the tool pro-
vided explanations”; another participant wrote, “I like the simple explanations and examples for each

thought trap”).

Increased Interactivity with the Language Model is Associated with Improved Out-

comes

We provided participants with an option to seek more specific suggestions from the language
model, including “making the reframe more relatable to their situation”, “fiquring out the next steps and
actions”, and “feeling more supported and validated” (Hy; Figure 3.2g; Appendix Figure B.13).

In our randomized trial, where only half of the participants at random were given this option,

we found that having this option available led to a 23.73% greater reduction in emotion intensity
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Figure 3.5: Randomized controlled trial to estimate the effects of enabling participants to iteratively edit
reframes through increased interaction with the language model (N=2,165). 38% of participants chose to
use this intervention. (a) Having the option of interactive reframe edits available to participants led to a
23.73% greater reduction in emotion intensity (2.19 vs. 1.77). (b-e) However, it did not lead to significant
differences in other outcomes (at « = 0.05). Error bars represent 95% bootstrapped confidence intervals.
Effects without p-values were not significant at & = 0.05.

(219 vs. 1.77; p = 0.0192; N=2,165) and insignificant differences in other outcomes (Figure 3.5).
Also, some participants appreciated having this option. One participant wrote, “I'm glad there

was an option to get supported and validated” .

Further, among the study participants who were provided this option, we observed that
38.60% of them made use of it. Those who chose to use it to further interact with the language
model to seek additional reframing suggestions of specific types (actionable, empathic, or per-
sonalized) reported 5.57% higher reframe helpfulness (3.41 vs. 3.23; p < 107°) and 4.86% higher
skill learnability (3.45 vs. 3.29; p < 0.001) than participants who did not use it (N=992; Appendix
Figure B.10). Moreover, those who chose to make their reframes actionable during this step (by
choosing the option, “I want to figure out the next steps and actions”) reported significantly superior
effectiveness across all five outcomes than those who did not (Figure 3.6a). Prior work has high-
lighted the importance of behavioral activation which involves engaging in behaviors or actions
that may help in overcoming negative thoughts (Dimidjian et al., 2011; Burkhardt et al., 2021).
Our work shows that participants explicitly seeking out actionable reframed thoughts are more

likely to report better outcomes.

Moreover, those who chose to make their reframe empathic reported a 21.86% higher reduc-
tion in emotion intensity (2.23 vs. 1.83; p = 0.0204), 5.52% higher reframe helpfulness (3.44 vs.
3.26; p < 0.001) and 5.14% higher skill learnability (3.48 vs. 3.31; p < 0.001) and no significant

differences based on reframe relatability and reframe memorability (at « = 0.05; N=992; Fig-
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Figure 3.6: Participants were provided with an option to seek one or more of the following types of
more specific suggestions from the language model — actionable, empathic, or personalized. Among those
who used any of the options (N=992), (a) those who chose to make their reframes actionable experienced
superior effectiveness across all five outcomes; (b) those who chose to make their reframes empathic
reported 21.86% higher reduction in emotion intensity (2.23 vs. 1.83), 5.52% higher reframe helpfulness
(3.44 vs. 3.26), and 5.14% higher skill learnability (3.48 vs. 3.31) and no significant differences based on
reframe relatability and reframe memorability (at « = 0.05); (c) those who chose to make their reframes
personalized reported no significant differences in outcomes (at « = 0.05). Error bars represent 95%
bootstrapped confidence intervals. Effects without p-values were not significant at & = 0.05.
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Figure 3.7: Which linguistic attributes of reframed thoughts do people prefer? For a given situation
and thought from MHA visitors, we show them multiple LM-generated reframes with variance across a
randomly selected attribute (e.g., low, medium, and high actionability). We find that highly empathic and
highly specific reframings are more preferred. On the other hand, reframes with high positivity are less
preferred. N: No; Y: Yes; L: Low; M: Medium; H: High. Error bars represent 95% bootstrapped confidence
intervals.

ure 3.6b). We did not find significant differences based on whether a participant chose to make a

reframe personalized or not (at & = 0.05; N=992; Figure 3.6c).

3.2.5 RQ3a - What types of reframed thoughts do people prefer?

To understand which reframing attributes people prefer, we suggest multiple LM-generated re-
frames which vary across our attribute values. Given a situation and thought, we start by gen-
erating one reframed thought using our model. Next, we randomly select an attribute (e.g.,
actionability) and vary the first reframe based on it (e.g., to generate two additional reframes
with higher or lower actionability) using our proposed controllable text generation method
(Section refsubsec:control-reframe). Figure 3.7 reveals key differences between the linguistic at-

tributes of reframes that people select and prefer:

(1) Highly empathic and specific reframings are preferred more. We find that highly empathic
reframes are preferred 55.7% more frequently than reframes with lower empathy (39.7% vs.
25.5%; p < 107°); highly specific reframes are preferred 43.1% more frequently than reframes
with lower specificity (39.2% vs. 27.4%; p < 107?). Prior work has shown the importance of
empathy and less “templated” responses in mental health support conversations (Althoff et al.,
2016). Here, we show that empathy and specificity of LM-generated reframes may support

people in reframing negative thoughts.
(2) Overly positive reframes are preferred less. On the other hand, reframes with high positivity
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Figure 3.8: Which linguistic attributes are associated with desired cognitive reframing outcomes? For
a given situation and thought, we show one LM-generated reframe to MHA participants and ask them
to rate it on relatability, helpfulness and memorability on a 1 to 5 scale. For each linguistic attribute, we
compare the first (Q1) and the fourth quartile (Q4). We find that (a) reframes that have higher rationality
are more relatable; (b) reframes that address thinking traps, have higher actionability or higher specificity
are more helpful; (c) reframes that have higher actionability or higher specificity are more memorable.
Error bars represent 95% bootstrapped confidence intervals. *:p < 0.05;**:p < 0.01.

are preferred 22.7% less frequently than reframes with lower positivity (29.6% vs. 38.3%; p <
107°). This may be because adopting an overly positive reframed thought may be challenging
for individuals who are already experiencing emotionally triggering negative thoughts (Dember

and Penwell, 1980).

Participants also prefer medium-readability reframes over very simple or very complex re-

frames, perhaps because their language is balanced for a wider audience.
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3.2.6 RQ3b - How do the linguistic attributes of reframed thoughts relate to the

desired outcomes of cognitive reframing?

We assess what characterizes a reframe that is relatable, helpful and memorable. We show a
single model-generated reframe to the participants and ask them to rate it on a 5-point Likert
scale (Likert, 1932) with regards to the three outcome measures (1: Strongly Disagree; 5: Strongly
Agree). We do not provide participants in this experiment with a choice of multiple reframes to
avoid any selection effects (Section refsubsec:reframing:design:preference). Figure 3.8 offers key

insights on which attributes of reframed thoughts are related to different desired outcomes:

(1) Reframes that are more rational are more relatable. We find that reframes that have higher
rationality are 10.8% more relatable than lower rationality reframes (3.91 vs. 3.53; p < 0.05). This
may be because higher rationality reframes, by definition, are more likely to be based on reasons

and are less likely to make unrealistic assumptions, making them easier to relate to.

(2) Reframes that address thinking traps and are more actionable and specific are more helpful.
Reframes that address thinking traps are 6.3% more helpful than reframes that do not address
them (3.39 vs. 3.19; p < 0.01). Such reframes specifically challenge the cognitive biases in
thinking patterns (e.g., “Fortune Telling”; Appendix B.3), which has shown to be more effective in
dealing with negative thoughts in psychotherapy research (Beck, 1976; Burns, 1980). Moreover,
we find that reframes with higher actionability are 6.6% more helpful than lower actionability
reframes (3.41 vs. 3.20; p < 0.05) and reframes with higher specificity are 9.6% more helpful than

lower specificity reframes (3.42 vs. 3.12; p < 0.01).

(3) Reframes that are more actionable and more specific are more memorable. We find that
reframes with higher actionability are 7.9% more memorable than lower actionability reframes
(3.67 vs. 3.40; p < 0.01) and reframes with higher specificity are 6.3% more memorable than

lower specificity reframes (3.70 vs. 3.48; p < 0.05).
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Reduction Reframe Reframe Reframe Skill

Issues iII‘ Emot.ion Relatability Helpfulness Mem'orabil- Learnability N
ntensity ity
Body Image 1.42 3.89 3.20 3.49 3.38 71
Dating & Marriage 2.05 3.79 3.20 3.47 3.33 328
Family 1.99 3.78 3.26 3.35 3.34 170
Fear 1.63 3.53 3.07 3.26 3.20 123
Friendship 191 3.65 3.20 3.48 3.20 159
Habits 1.72 3.98 3.50 3.52 3.57 42
Health 2.36 391 3.45 3.77 3.47 53
Hopelessness 1.11 3.41 2.66 3.06 2.84 70
Identity 2.54 4.00 3.55 3.64 3.09 11
Loneliness 1.56 3.43 2.74 3.03 2.77 146
Money 1.71 3.73 2.80 343 3.17 30
Parenting 2.06 4.19 3.69 3.97 3.61 36
School 1.94 3.79 3.20 3.34 3.13 181
Tasks & Achievement 1.65 3.56 3.04 3.23 2.99 232
Trauma 1.42 3.33 2.58 3.00 2.50 12
Work 2.31 3.89 3.54 3.77 3.58 258

Table 3.5: Effectiveness of our system across different issues expressed by participants. Numbers high-
lighted in green indicate outcomes that are significantly better than the population mean (p < 0.05).

Numbers highlighted in red indicate outcomes that are significantly worse than the population mean
(p < 0.05). We found that participants who expressed Parenting and Work related issues reported better
outcomes than the population means. Moreover, participants who expressed Hopelessness, Loneliness, and
Tasks & Achievement related issues reported worse outcomes.

3.2.7 RQ4 - How equitable is the intervention and what strategies may improve its

equity?

Next, we assess how equitable our intervention is across the issues expressed by participants
(Section 3.2.7) and across participant demographics (Section 3.2.7). Moreover, we work towards
improving equity of our system by improving its effectiveness for a specific subpopulation expe-

riencing one of the worst outcome disparities, adolescents (Section 3.2.7).

Assessing Outcomes across Issues

To better determine the effectiveness of our intervention in various scenarios, we assessed the
outcomes across different types of situations and thoughts that individuals might experience. We

characterized participants’ situations and thoughts based on the broader issues that they relate
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to. In collaboration with mental health experts (some of whom are co-authors), we manually
labeled 500 thoughts and situations to identify the potential issues that they are associated with.
The result of this iterative open-ended coding process was a set of 16 different issues expressed
by participants. These include Body Image, Dating & Marriage, Family, Fear, Friendship, Habits,
Health, Hopelessness, Identity, Loneliness, Money, Parenting, School, Tasks & Achievement, Trauma, and
Work. See Appendix Table B.1 for their definitions and examples.

We used this dataset to finetune a GPT-3 model (text—-davinci), which achieved an accu-
racy of 73.00% on a held-out set (random performance 6.25%). We used this model to analyze
the outcomes for people experiencing different issues and to identify the issues where our inter-
vention performed better or worse (Table 3.5).

We found that participants expressing Hopelessness and Loneliness related thoughts reported
worse outcomes relative to other issues. Participants with Hopelessness (e.g., “I will never be better”)
reported 41.27% lower reduction in emotion intensity (1.11 vs. 1.89; p = 0.0220), 8.33% lower
reframe relatability (3.42 vs. 3.72; p = 0.0200), 16.61% lower reframe helpfulness (2.66 vs. 3.19;
p < 0.001), 10.53% lower reframe memorability (3.06 vs. 3.42; p = 0.0169), and 12.07% lower
skill learnability (2.84 vs. 3.23; p = 0.0119) than the population means. Moreover, participants
with Loneliness (e.g., “I feel like no one is with me”) reported 8.45% lower reframe relatability (3.43
vs. 3.72; p = 0.0031), 14.11% lower reframe helpfulness (2.74 vs. 3.19; p < 0.001), 11.40% lower
reframe memorability (3.03 vs. 3.42; p < 0.001), and 14.24% lower skill learnability (2.77 vs. 3.23;
p < 0.001) than the population means. These differences could suggest that thoughts related
to some issues are more challenging to overcome than others (as also suggested in psychology
theory (Hawkley and Cacioppo, 2010; Heinrich and Gullone, 2006; Beck et al., 1975) ) or that
they represent a different subpopulation. However, we also found a lower reduction in emotion
intensity (i.e., an outcome measured pre- and post-intervention), suggesting that our system
might have had greater difficulty in assisting these issues. In fact, some participants commented
that the reframing suggestions did not work well for issues that were too complex and nuanced.
One participant wrote, “It might be too simple for more complicated problems.” Another participant
wrote, “More complex problems need more precise results in my opinion.” Some participants thought
that the suggestions to such complex problems were “superficial”, “artificial,” or “hard to relate

to.” Future iterations of the system could benefit from designing more sophisticated language
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modeling solutions for complex issues.

We also observed Tasks & Achievement related thoughts (e.g., “I can't finish my work”) to have
4.30% lower reframe relatability (3.56 vs. 3.72; p = 0.0299), 5.56% lower reframe memorability
(3.23 vs. 3.42; p = 0.0274), and 7.42% lower skill learnability (2.99 vs. 3.23; p = 0.0071). Qual-
itative feedback from participants with such thoughts revealed that they often sought concrete

actions beyond what the reframe suggestions could offer.

Moreover, those who used our system for Parenting and Work reported significantly better
outcomes than the population means. Those with Parenting issues reported 12.63% higher re-
frame relatability (4.19 vs. 3.72; p = 0.0102), 15.67% higher reframe helpfulness (3.69 vs. 3.19;
p = 0.0145), and 16.08% higher reframe memorability (3.97 vs. 3.42; p = 0.0080). And those with
Work issues reported 22.22% higher reduction in emotion intensity (2.31 vs. 1.89; p = 0.0197),
4.57% higher reframe relatability (3.89 vs. 3.72; p = 0.0198), 10.97% higher reframe helpfulness
(3.54 vs. 3.19; p < 0.001), 10.23% higher reframe memorability (3.77 vs. 3.42; p < 0.001), and
10.84% higher skill learnability (3.58 vs. 3.23; p < 0.001).

Assessing Outcomes across Demographics

Language modeling interventions are known to be biased toward people of specific demograph-
ics. For interventions targeting mental health, previous research has found that language models
are likely to perpetuate social stereotypes, for example, under-emphasizing men’s mental health
(Lin et al., 2022). Broadly, this corresponds to the principle of demographic parity in the fairness
in machine learning literature (Caliskan et al., 2017; Mehrabi et al., 2021; Blodgett et al., 2020).

Here, we studied the difference in outcomes of our intervention across participants of dif-
ferent demographics. We asked participants to optionally provide demographic information,
including age (ranges between 13 to 65+), gender (Female, Male, or Non-Binary), race/ethnicity
(American Indian or Alaska Native, Asian, Black or African American, Hispanic or Latino, Mid-
dle Eastern or North African, Native Hawaiian and Pacific Islander, White, More than One, or
Other), and education levels (Middle School, High School, Undergraduate, Graduate, or Doctor-
ate).

Table 3.6 reports the outcome differences. We found that participants aged 17 or younger
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Reduction Reframe .
Demographics in Emotion RRefrarp.e Reframe Memorabil- Sk111. . N
Intensity elatability Helpfulness ity Learnability
Age

13-14 1.84 3.64 2.94 3.03 2.99 146
15-17 1.64 3.50 2.68 3.07 2.83 149
18-24 1.98 3.78 3.13 348 3.15 247
25-34 2.00 3.89 3.32 3.70 3.40 179
35-44 2.15 3.97 3.40 3.69 3.51 109
45-54 1.64 3.96 3.32 3.64 3.56 71
55-64 1.88 3.96 3.46 3.96 3.21 32

65+ 1.20 4.00 3.38 3.88 413 8

Gender
Female 1.92 3.78 3.21 3.44 3.26 646
Male 2.19 3.74 2.95 3.38 3.04 258
Non-Binary 1.94 3.76 3.30 3.46 3.22 54
Race/Ethnicity

AIAN 2.17 2.50 2.67 3.17 2.67 6
Asian 191 3.79 3.08 343 3.12 216
Black / African Am. 2.43 3.85 3.30 3.62 3.49 47
Hispanic or Latino 1.97 3.91 3.43 3.59 3.47 76
MENA 1.90 3.78 2.90 2.98 2.80 50

NHPI 2.00 4.40 4.00 3.60 3.20 5
White 2.05 3.73 3.12 3.47 3.22 438
More than One 2.83 3.84 3.29 3.24 3.16 38
Other 0.78 3.75 3.06 3.29 3.02 48

Education

Middle School 1.80 3.58 2.89 2.96 2.79 120
High School 1.80 3.65 2.97 3.31 3.09 313
Undergraduate 2.04 3.79 3.19 3.54 3.28 239
Graduate 2.30 3.98 3.47 3.69 3.52 211
Doctorate 1.46 4.21 2.96 3.93 3.07 28
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Table 3.6: Effectiveness of our system across different demographic population. Numbers highlighted in
green indicate outcomes that are significantly better than the population mean (p < 0.05). Numbers high-

lighted in red indicate outcomes that are significantly worse than the population mean (p < 0.05). AIAN:
American Indian or Alaska Native; MENA: Middle Eastern or North African; NHPI: Native Hawaiian and
Pacific Islander. We found that adolescents, males, and those with middle school education reported worse
outcomes. Moreover, adults (age > 25) and those with graduate and doctorate education reported better
outcomes.



reported 4.84% lower reframe relatability (3.54 vs. 3.72; p = 0.0091), 10.03% lower reframe
helpfulness (2.87 vs. 3.19; p < 0.001), 10.23% lower reframe memorability (3.07 vs. 3.42; p <
0.001), and 10.22% lower skill learnability (2.90 vs. 3.23; p < 0.001) compared to the population
mean. On the other hand, those aged 25 or above reported significantly better outcomes overall.
This suggests that our intervention is less effective for adolescents and more effective for adults.

Section 3.2.7 explores improving the effectiveness of our intervention for adolescents.

Moreover, we found that male participants reported 7.52% lower reframe helpfulness (2.95
vs. 3.19; p = 0.0162), and 5.88% lower skill learnability (3.04 vs. 3.23; p = 0.0364) than the
population mean. This is consistent with prior work that shows that language models are likely
to be disparate toward men’s mental health (Lin et al., 2022). Race or ethnicity of the participants
was not consistently associated with better or worse outcomes. However, those who identified
their race as “Other” reported a 58.73% lower reduction in emotion intensity than the population
mean (0.78 vs. 1.89; p = 0.0058). Moreover, those who identified their race as “Middle Eastern
or North African” reported 12.87% lower reframe memorability (2.98 vs. 3.42; p = 0.0180) and
13.31% lower skill learnability (2.80 vs. 3.23; p = 0.0207).

Finally, based on education levels, participants with a “Middle School” education reported
9.40% lower reframe helpfulness (2.89 vs. 3.19; p = 0.0249), 13.45% lower reframe memorability
(2.96 vs. 3.42; p < 0.001), and 13.62% lower skill learnability (2.79 vs. 3.23; p < 0.001). On
the other hand, those who identified as “Graduate” reported 6.99% higher reframe relatability
(3.98 vs. 3.72; p = 0.0020), 8.78% higher reframe helpfulness (3.47 vs. 3.19; p < 0.001), 7.89%
higher reframe memorability (3.69 vs. 3.42; p = 0.0019), and 8.98% higher skill learnability
(3.52 vs. 3.23; p = 0.0017). Note that age and education are strongly correlated (pearson’s
correlation = 0.62), especially for younger participants that did not yet have the time to advance
their education, suggesting that the relationship between education and outcomes may be at least

partially explained by age.

Improving Intervention Equity by Improving the Experience of Adolescents

Because intervention effectiveness differs significantly across people’s issues and demographics,

it is crucial to identify solutions that improve intervention equity. This may require adapting the
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Figure 3.9: Randomized controlled trial to estimate the effects of making reframes easier to understand
and more casual on adolescents in age group 13 to 14 (N=148). Adolescents reported 8.60% higher reframe
relatability (4.04 vs. 3.72) and 14.44% higher reframe helpfulness (3.17 vs. 2.77) if they were suggested
easier to understand and more casual reframes compared to instances where such reframes were not
suggested. Error bars represent 95% bootstrapped confidence intervals. Effects without p-values were not
significant at « = 0.05.

intervention to different subpopulations.

Here, we performed one specific experiment to study how our language model-based inter-
vention may be adapted to make it more equitable. We particularly focused on teenagers and

adolescents whom we found to have one of the largest outcome discrepancy.'?

Research suggests that current treatment methods are often structurally incompatible with the
ways adolescents engage with, or wish to engage with, mental health care (Kruzan et al., 2022a).
Although adolescents are more likely to use self-guided mental health interventions (Schleider
et al., 2020), our analysis suggests that our human-language modeling based intervention may
be less effective for this demographic (Section 3.2.7). Given the escalating youth mental health
crisis (Avenevoli et al., 2015), it is important to develop solutions that bridge this gap. To achieve
this, we tried and identified the challenges that uniquely affect adolescents.

We hypothesized that the linguistic complexity of our system may affect its performance
among adolescents. Research in sociolinguistics has shown that language use varies with age
(Barbieri, 2008). On analyzing the reading complexity of the reframed thoughts authored by par-
ticipants of different age groups, we found that those between the ages of 13 and 17 tend to write
thoughts and reframes with the lowest levels of reading complexity (based on the Coleman-Liau

Index (Coleman and Liau, 1975); Appendix Figure B.11). Therefore, we tried to reduce the

12\While we also observed a large outcome discrepancy across educational attainment, this can largely be explained
through age (as a 15 year old almost certainly did not yet have a chance to complete a college education yet).
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reading complexity of the reframing suggestions to adolescents. For this, given a reframing sug-
gestion, we asked the GPT-3 language model (Brown et al., 2020) to make it easier to understand
and more casual (using the prompt, “Revise the following text to make it easy to
understand for a 5th grader. Also, make it more casual: {reframe}"), sim-
ilar to other efforts targeting people of different subpopulations (e.g., for scientific communica-
tion (August et al., 2022)). Also, see Appendix Table B.2 for examples that illustrate this rewriting
process.

Figure 3.9 reports the results of a randomized trial that only provides these easier to under-
stand and more casual reframing suggestions to half of the participants at random. We found
that adolescents in the age group 13 to 14 reported 8.60% higher reframe relatability (4.04 vs.
3.72; p = 0.0161) and 14.44% higher reframe helpfulness (3.17 vs. 2.77; p = 0.0049) when they
were suggested reframes with lower reading complexity (N=148). Moreover, adolescents in the
age group 15 to 17 reported 15.58% higher reframe helpfulness (3.19 vs. 2.76; p = 0.0042) when
they were suggested such reframes (N=174). We did not find significant differences for adults
(> 18) through this intervention (N=760; Appendix Figure B.12). This suggests that a simpler
and more casual language might be beneficial to many. However, based on qualitative feedback,
certain adult participants expressed a preference for a less casual language. Future work could

explore how to accommodate such individual preferences.

3.2.8 Discussion
Supporting the Learning and Practice of Self-Guided Interventions

Our work demonstrates how language modeling interventions can support mental health. Ap-
proximately 20% of people worldwide are experiencing mental health problems, but less than
half receive any treatment (WHO, 2022; Olfson, 2016). Due to widespread clinician shortages,
lengthy waiting lists, and lack of insurance coverage, many vulnerable individuals have lim-
ited access to therapy and counseling. In addition, mental health issues are heavily stigmatized,
which frequently prevents individuals from seeking appropriate care (Sickel et al., 2014).
Effective self-guided mental health interventions could rapidly increase access to care (Schlei-

der et al., 2020; Patel et al., 2020; Schleider et al., 2022; Shkel et al., 2023). However, despite their
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inherent promise, the wide-scale implementation of these interventions remains a challenge ow-
ing to the cognitive and emotional challenges that they pose (Shkel et al., 2023; Garrido et al.,
2019). Most interventions that digitally facilitate self-guided interventions simply transform tra-
ditional manual therapeutic worksheets into digital online formats (Shkel et al., 2023). These
provide limited instructions and support, which affects user engagement and usage (Garrido
et al.,, 2019; Baumel et al., 2019; Fleming et al., 2018; Torous et al., 2020). Other studies have
used wizard-of-oz methods to assist users (Ly et al., 2017; Smith et al., 2021; Morris et al., 2015;
Kornfield et al., 2023; Kumar et al., 2023). However, the controlled research setting of these stud-
ies limit their ecological validity, thereby limiting our understanding of user preferences when
systems are deployed in real world (Mohr et al., 2017; Blandford et al., 2018; Borghouts et al.,
2021; Poole, 2013).

Here, we contribute the design of a novel system for human-language model interaction-
based self-guided cognitive restructuring of negative thoughts. We conduct a large-scale, ran-
domized, empirical studies in an ecologically informed setting to understand how people with
lived experience of mental health interact with it.

Our findings open up opportunities for improved learning and practicing of key mental
health strategies and coping skills. Moreover, these interventions could complement traditional
treatment options, e.g., by being accessible to users when they have difficulties finding a therapist,

or in between sessions.

Implications on the Design of Self-Guided Mental Health Intervention

Several of our design hypotheses (Section 3.2.2) were observed to improve intervention outcomes.
These include personalizing the intervention to the participant, facilitating iterative interactivity
with the language model, and pursuing equity, all of which may generalize to support other

self-guided mental health interventions.

Personalization. Effectively supporting humans through self-guided interventions necessitates
personalization (Kornfield et al., 2022). Our design incorporated personalization of reframes by
not only seeking more information from the participants in the form of their situations, but also

integrating it into the suggestions generated by the language model. We found that this form of
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personalization led to more helpful reframes than an intervention without it (Section 3.2.4). This
was potentially beneficial in generating suggestions that were more realistic and made fewer as-
sumptions about the participant. Moreover, it emphasized the benefits of increased self-reflection

by participants, particularly when thinking about the situation associated with negative thoughts.

On the other hand, when we solicited emotions from the participants and failed to incor-
porate them into the generated suggestions, we observed a significant decrease in helpfulness
(Section 3.2.4). This can likely be attributed to unrealistic expectations set up by our intervention,
where participants might presume that their emotional states will be addressed in the reframing

suggestions, even when that is not the case.

This shows the significance of personalizing language modeling suggestions when develop-
ing such self-guided interventions. Note that we did not find significant improvements based
on whether participants explicitly sought specific suggestions to make a reframe personalized

(Section 3.2.4).

Interactivity. In our intervention, participants who interacted more actively with the language
model (by seeking additional suggestions) achieved better outcomes (Section 3.2.4). This high-
lights the significance of designing interventions that enable a better interaction between the

participant and the language model.

Moreover, qualitative feedback from participants revealed that many of them anticipated a
continuous, back-and-forth interaction with the language model. Some participants desired a
more in-depth exploration of thoughts. One participant wrote, “I like it but it needs to go deeper
with the thoughts.” Our design facilitates the iterative refinement of reframes. However, a more
in-depth exploration could potentially involve addressing new thoughts that arise during the
writing of a reframe for the original thought, or even tackling multiple related thoughts at once.
Future iterations of the system could work towards a design that is capable of processing multiple
thoughts in parallel.

Some participants even expected a chat-like interaction, probably influenced by their experi-
ences with popular systems like OpenAl’s ChatGPT (chat.openai.com). While such mechanisms
may offer greater interactivity, their open-ended and uncontrollable nature creates challenges

in making them conform to well-established therapeutic processes like cognitive restructuring
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(Stade et al., 2024; De Choudhury et al., 2023; Li et al., 2020; Tate et al., 2023). In evidence-based
cognitive behavioral therapy, cognitive restructuring is typically exercised in a very structured
manner (e.g., by asking a specific set of questions in a sequence). Our work shows the promise
of extending such exercises with language models with similar digital interfaces.

While it is possible to replicate these steps within a pure chatbot paradigm, the nature of
chat-based interactions can become more complex and may differ from the current methods
employed in these interventions. For example, reviewing multiple thinking traps or integration
of expandable psychoeducation content is more complex in a purely chat-based interface. Due
to the similarity of our intervention with well-established therapy exercises and worksheets, our
interface is likely to be a lower burden than a new chat interface. Reducing participant burden
has often been associated with improved engagement and completion outcomes (Garrido et al.,
2019; Baumel et al., 2019; Fleming et al., 2018; Torous et al., 2020). In particular, this has been
observed many times in our studied population (MHA platform visitors with lived experience
in mental health that are not driven by study compensation incentives). Therefore, appropriate
care is required when designing interventions that offer the right trade-off between interactivity
and principled adherence to theory.

Another key aspect related to interactivity is over-reliance on the language model assistance.
Taking away any “productive struggle” and doing the restructuring for the user without fostering
reflection and independent practice is likely unproductive. This relates to “desirable difficulty”
that differentiates true, long-term “learning” of a skill from the short-term “performance” during
skill acquisition (Guadagnoli and Lee, 2004; Bjork, 2017; Bjork and Bjork, 2020). A longer-term
goal would be to modulate the difficulty of the self-guided intervention relative to the skill level
of the user of the intervention such that the user can build their skills optimally, which forms an
interesting direction of future research.

To assess if users are being over-reliant on a system like ours or being able to learn the skill
through it, one could observe if users progressively apply the skill they are being taught in their
daily lives. This would involve asking users whether they caught themselves thinking negatively,
recognized the negative thinking patterns, and reframed the thought in-the-moment while they
were having the thought. There exist standardized measures such as the “Competencies of Cog-

nitive Therapy Scale” that operationalize this type of assessment (Strunk et al., 2014). While ours
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was a short single-use intervention, this kind of assessment requires a more longer term study,
which may require different incentives, recruiting, and platforms and was therefore outside the

scope of this work.

Equity. We found that our intervention was less effective for adolescents, males, and individuals
with lower levels of education (Section 3.2.7). This is consistent with prior research, which has
revealed a bias in language models used in mental health contexts toward similar demograph-
ics (Lin et al., 2022). These findings highlight the importance of adapting self-guided mental
health interventions utilizing Al models to suit the needs of different demographics and key

subpopulations.

Our work proposes a rewriting-based method to achieve this goal (Section 3.2.7). This could
involve identifying the specific challenges associated with intervening in certain populations
(e.g., reading complexity for adolescents) and then, designing appropriate solutions to address

those challenges (e.g., lowering the reading complexity).

Limitations

Our evaluation was confined to a population from a single platform. Yet, our sample size was
relatively large and diverse. However, only a few participants over the age of 65 and identifying
as American Indian or Alaska Native and Native Hawaiian or Pacific Islander (Table 3.6). While
outcomes varied especially across age rather than race/ethnicity, more work is needed to identify
and evaluate opportunities for culturally responsive interventions. The focus of this study was
limited to short-term outcomes, necessitating further research to evaluate the long-term effects
on participants. Still, our study contributes multiple large-scale randomized trials to inform the
design and efficacy of digital mental health interventions. Our outcomes rely significantly on the
quality of language model-generated thinking traps and reframes and therefore could change as
language models improve. However, the algorithms and models used for generation in this work

represent the current state-of-the-art.
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3.3 Related Work

Our work builds upon previous research on digital mental health interventions, Al for mental

health, and the design of human-AlI collaboration and text reframing systems.

Digital Mental Health Interventions

The critical gap between the overwhelming need for and limited access to mental health care has
prompted clinicians, technologists, and advocates to develop digital interventions that provide
accessible care for all. Several efforts have concentrated on facilitating digital, text-based sup-
portive conversations, through peer-to-peer support networks, such as TalkLife (talklife.com) and
Supportiv (supportiv.com), as well as through on-demand talk therapy platforms like Talkspace
(talkspace.com), BetterHelp (betterhelp.com), and SanVello (sanvello.com). Researchers have con-
ducted randomized controlled trials to study the efficacy of these interventions compared to tra-
ditional methods of care, such as in-person counseling and worksheet-based skill practices (Hull
and Mahan, 2017; Song et al., 2023; Moberg et al., 2019).

Another key focus in this pursuit has been the development of self-guided mental health
interventions (Schleider et al., 2020; Patel et al., 2020; Schleider et al., 2022; Shkel et al., 2023).
These interventions are designed in various forms, such as “Do-It-Yourself” apps to improve men-
tal health “in-the-moment” of crisis, self-help tools for learning and practicing therapeutic skills,
and more. Popular examples include self-guided meditation such as Headspace (headspace.com)
or Calm (calm.com). Researchers have also explored the design of apps to track mood changes
(Schueller et al., 2021), emotion regulation (Smith et al., 2022b) and to combat loneliness (Boucher
et al., 2021). Kruzan et al. (2022b) studied the process of online self-screening of mental illnesses
and its role in help-seeking. Howe et al. (2022) designed and evaluated a workplace stress-
reduction intervention system and found that high-effort interventions reduced the most stress.
Also, Cognitive Behavioral Therapy (CBT) is an evidence-based, well-established psychological
treatment (Beck, 1976). Researchers have designed digital self-guided interventions that stream-
line elements of CBT like cognitive restructuring of negative thoughts by transforming traditional
manual worksheets into digital online formats (Rennick-Egglestone et al., 2016; Shkel et al., 2023).

Other work has focused on digital mental health interventions based on Dialectical Behavioral
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Therapy (DBT) (Schroeder et al., 2018, 2020).

Our work extends this literature by investigating how to design and evaluate self-guided
digital mental health interventions that leverage human-AlI collaboration. We take CBT-based
cognitive restructuring as a case study and design and evaluate a system that assists individuals
in restructuring of negative thoughts through language models in a large-scale randomized field

study.

Al for Mental Health

Our work is related to the growing field of research in Artificial Intelligence (AI) and Natural
Language Processing (NLP) for mental health and wellbeing.

Several human-AlI collaboration tools for mental health assist support providers, e.g., clini-
cians (Tanana et al., 2019; Shen et al., 2020) or peer supporters as in the case of the work presented
in this thesis (Chapter 2). This work provides insights on how human-AlI collaboration may di-
rectly support people struggling with mental health challenges through cognitive restructuring.
Computational work on cognitive restructuring has relied on small-scale crowdsourcing stud-
ies (Smith et al., 2021; Morris et al., 2015). Our work develops scalable methods for cognitive
restructuring and conducts a randomized field study on a large mental health platform.

In their human-centered study, Kornfield et al. (2022) sought to understand the adoption
of automated text messaging tools. The study revealed that the participants were interested
in making the tools more personalized, favored varying levels of engagement, and wanted to
explore a broad range of concepts and experiences. The design of our self-guided intervention
builds on these findings aiming to facilitate intervention personalization through situations and
emotions of participants, iterative engagement with the language model, and to improve the
equity of the intervention across different participant issues and demographics.

Prior work has also studied mental health bias in language models. Lin et al. (2022) inves-
tigated gendered mental health stigma present in masked language models and showed that
models captured social stereotypes, such as the perception that men are less likely to seek treat-
ment for mental illnesses. We study the disparities of our intervention’s effectiveness among

individuals from diverse demographics and facing different issues. We also propose a way of
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improving the interventions for a key subpopulation.

More broadly, our work relates to the growing body of research in NLP for mental health and
psychological well-being (Althoff et al., 2016; Sharma and De Choudhury, 2018; Gaur et al., 2019;
Lee et al., 2019; Miner et al., 2019; Pendse et al., 2020; Pérez-Rosas et al., 2019; Pruksachatkun
et al., 2019; Yang et al., 2019; Zhang et al., 2019a; Jaidka et al., 2020; Saha and Sharma, 2020;
Wadden et al., 2021; Welch et al., 2020; Zhang and Danescu-Niculescu-Mizil, 2020; Lahnala et al.,
2021; Naseem et al., 2022; Pérez-Rosas et al., 2022; Shah et al., 2022; Shen et al., 2022; Stewart
et al., 2023).

Design of Human-AI Collaboration and Text Reframing Systems

Broadly, our work relates to the design of human-AlI collaboration systems that facilitate an inter-
active setting in which humans can effectively engage with language models to accomplish real-
world tasks (Amershi et al., 2019; Lee et al., 2022). Examples include systems for creative writing
(Clark et al., 2018), programming (e.g., CoPilot (github.com/features/copilot)), and brainstorm-
ing ideas (e.g., Jasper (jasper.ai)). Our work studies how such human-AlI collaboration systems
can support self-guided mental health interventions.

Prior text reframing research has developed methods for related tasks including style, senti-
ment, and politeness transfer (Reif et al., 2022; Madaan et al., 2020) as well as positive refram-
ing (Ziems et al., 2022). Our work develops text-reframing methods for cognitive restructuring
and demonstrates that linguistic attributes of addressing thinking traps, rationality, actionability,

specificity, and readability are critical to high-quality reframes.

3.4 Summary of Contribution to Thesis

In this chapter, we designed a human-AlI collaboration system that leverages language models
to support people through various steps of cognitive restructuring. We defined a framework
of seven linguistic attributes of cognitive restructuring, developed automatic metrics to measure
these attributes, and validated their measurements with mental health experts. We collected and
shared a dataset of 600 situations, thoughts, and reframes from mental health experts and used it

to train a retrieval-enhanced in-context learning model based on GPT-3. Through a series of field
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studies and randomized trials on a large mental health website, we evaluated this system with
15,531 participants. Our findings demonstrated the effectiveness of this system in helping peo-
ple reduce the intensity of their negative emotions and effectively reframing negative thoughts.
Also, we proposed and validated various design hypotheses including contextualizing people’s
thoughts through their situations and facilitating iterative interaction with the language model.
We found that people struggling with negative thoughts prefer reframes that are highly empathic
or specific, but do not prefer reframes that are highly positive. Moreover, we assessed the equity
of our system across people with different issues and people of different demographics, and im-
proved equity by demonstrably improving the experience of adolescents through lowering the

reading complexity of the language model suggestions.
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Chapter 4

Evaluating Al-based Mental Health

Interventions

In the previous two chapters, we have demonstrated the potential of human-AlI collaboration sys-
tems to empower people seeking and providing mental health support through in-the-moment

feedback. Next, we work towards developing methods to evaluate these systems.

As shown in Chapters 2 and 3, human-AlI collaboration techniques have the potential to aug-
ment and empower both support providers and support seekers. Al-based techniques are also
being developed to train therapists (Tanana et al., 2019), assess their adherence to treatment (Fle-
motomos et al., 2022), and streamline administrative tasks such as note-taking (Krishna et al.,
2021). Traditionally, such processes can be slow, expensive, labor-intensive, and require extensive
expert instruction (Tanana et al., 2019; Moyers et al., 2005). By training Al systems on thou-
sands of therapy conversations, they can be used to simulate virtual clients with a wide range
of psychological profiles, allowing therapists to practice their skills in a safe and controlled envi-
ronment. Moreover, such Al systems may provide feedback on key therapy skills and help assess
the quality of care. This ultimately could enhance the efficiency and effectiveness of the way in

which therapy is delivered.

Simultaneously, Al-based self-guided interventions for mental health are increasingly becom-
ing available, offering innovative tools and techniques for individuals seeking support. Spe-

cialized therapy chatbots like Woebot (woebothealth.com), Wysa (wysa.com), and Sonia (sonia-

171


woebothealth.com
wysa.com
soniahealth.com
soniahealth.com
soniahealth.com

health.com) are being developed to provide personalized support at scale. Interestingly, many
individuals are also using general purpose LLMs like ChatGPT for therapeutic purposes, even
when not explicitly designed for it, sharing anecdotal LLM examples that resemble therapist
behaviors (Al-Sibai, 2023; Reddit-1, 2023; Reddit-2, 2023; Twitter, 2023).

However, mental health experts have cautioned about the potential risks of using Al-based
systems in mental health contexts. Both general-purpose and mental health-specific Al systems
have been scrutinized for generating biased, harmful, or factually incorrect information (Blodgett
et al., 2020; Lin et al., 2022; Ganguli et al., 2022), potentially undermining their effectiveness in
supporting both therapists and clients. Moreover, exposing vulnerable individuals to untested
interventions, such as under-development chatbots, raises potential risks and ethical concerns.
Therefore, evaluating and addressing the potential risks and ethical concerns is critical to ensure
the safe and effective integration of these LLMs into existing and new mental health interven-
tions. To achieve this, experts have called for developing mechanisms for continuous monitoring
and evaluation of Al systems used within a high-stakes domain like mental health to ensure
responsible usage and adherence to established interventions (Stade et al., 2024; De Choudhury
et al., 2023; Li et al., 2020; Tate et al., 2023; Van Veen et al., 2024).

Currently, there is a significant lack of research and evidence demonstrating the effectiveness,
safety, and feasibility of Al systems in providing mental health interventions. Established in-
terventions like Cognitive Behavioral Therapy (CBT) and Motivational Interviewing (MI), even
in computer-assisted formats, are widely recognized as evidence-based practices for a variety
of mental health conditions due to extensive research and evaluation (Beck, 1976; Miller and
Rollnick, 2012; Wright et al., 2019). There are well-defined guidelines on how clinicians should
implement them (Beck, 1976; Miller and Rollnick, 2012). While high-quality Al-delivered CBT or
MI could potentially be effective, we currently lack methods to evaluate this technology. There
is a risk of Al exhibiting clinically contraindicated behaviors (e.g., offering solutions before re-
flecting on client’s feelings and experiences (Cochran and Cochran, 2015)). Without systematic
large-scale evaluation frameworks, we cannot determine the presence or frequency of such un-
desirable behaviors. Furthermore, the circumstances under which LLMs might prioritize certain
behaviors like emotional reflecting on client emotions or problem-solving, and whether it aligns

with high-quality evidence-based practices like CBT or MI. Understanding the behavior of LLMs
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is particularly important in high-stakes settings such as mental health where undesirable behav-
ior could have severe consequences on vulnerable clients. Moreover, identifying the desirable
and undesirable behaviors can help identify the potential benefits and risks, which can inform
adoption, iterative development, and continuous monitoring.

Here, we propose two different approaches to evaluate Al-based interventions for mental
health. First, we demonstrate how clinical trials can be conducted to effectively evaluate short-
term and long-term outcomes, equity, and safety of Al-based mental health interventions. We
evaluate the Al-based cognitive restructuring intervention developed in Chapter 3, comparing it
against traditional interventions including an equivalent non-Al tool and psychoeducation only
in an ecologically valid setting. In collaboration with mental health experts, we establish the
relevant outcome measures and develop a guiding framework for the essential ethical and safety
considerations. We present the conceptual model that outlines this clinical trial, followed by the
results demonstrating key similarities and differences between the various intervention groups
(Section 4.1).

Next, we conduct a proof-of-concept study proposing a framework for evaluating LLMs in
mental health support. We develop BoLt, a novel, general computational framework to system-
atically study the Behavior Of LLMs in the context of their application in Therapy. We quanti-
tatively measure LLM behavior across 13 psychotherapeutic approaches with in-context learning
methods. Then, we compare the behavior of LLMs against high- and low-quality human therapy.
Our analysis based on Motivational Interviewing therapy reveals that LLMs often resemble be-
haviors more commonly exhibited in low-quality therapy rather than high-quality therapy, such
as offering a higher degree of problem-solving advice when clients share emotions. However,
unlike low-quality therapy, LLMs reflect significantly more upon clients” needs and strengths

(Section 4.2).

4.1 A Clinical Trial of AI-Based Mental Health Intervention

Clinical trials involving human participants are the gold standard for assessing the efficacy and
safety of new health interventions. Various types of psychotherapy, such as Cognitive Behavioral

Therapy (CBT) (Beck, 1976), Dialectical Behavior Therapy (DBT) (Linehan, 2014), or Motivational
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Interviewing (MI) (Miller and Rollnick, 2012), have been evaluated in clinical trials to determine
their efficacy in addressing specific mental health concerns like depression, anxiety, or PTSD
(Arch et al., 2012; Silverman et al., 1999; Linehan et al., 2015; Burke et al., 2003). As new Al-based
interventions are developed for mental health, such clinical trials become relevant for expanding
treatment options, advancing relevant science, and improving patient care.

While Al-based mental health interventions are increasingly being developed, there is limited
research directly comparing them with similar non-Al interventions through clinical trials. We do
not have a clear understanding of how Al-based interventions stack up to traditional approaches
in terms of effectiveness, user engagement, or their ability to help individuals learn key mental
health skills. Moreover, there is a notable absence of research evaluating key long-term effects
of Al-based interventions like weeks- and months-long changes in symptoms of depression or
anxiety and long-term skill acquisition. This necessitates evaluating outcomes from a single user
over a long duration and assessing repeated intervention usage, which is non-trivial. Also, the
use of Al systems comes with harms and risks they inadvertently perpetuate (De Choudhury
et al., 2023; Huang et al., 2023; Duffourc and Gerke, 2023; Weidinger et al., 2021). The absence
of clinical trials means that there is a significant knowledge gap regarding the safety of Al-
based mental health interventions, as well as how such safety measures should be established
and evaluated in the critical high-risk setting of mental health. Additionally, Al systems are
prone to biases that can lead to significant variance in performance across diverse demographics
and populations. The extent to which Al-based interventions will have consistent effects across
different subpopulations remains unknown.

Here, we demonstrate how clinical trials can effectively evaluate short-term and long-term
outcomes, equity, and safety of Al-based mental health interventions. We use the Al-based cog-
nitive restructuring intervention we developed in Chapter 3 as a case study. We conduct a clinical
trial in an ecologically valid setting to compare our Al-based self-guided cognitive restructuring
tool (DIY w/ Al) against an equivalent non-Al tool (DIY w/o Al) and psychoeducation only
(Psychoeducation Only) control conditions (see Figure 4.1 for an overview).

We discuss the intervention groups that we intend to compare in this clinical trial, the rel-
evant outcome measures, and the essential ethical and safety considerations. We then present

the conceptual model that outlines this clinical trial, followed by the results demonstrating key
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Figure 4.1: A conceptual model outlining our study. We conducted a between-subjects study where
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had education components that included the education of restructuring skills. DIY w/o Al and DIY w/
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similarities and differences between the various intervention groups.

4.1.1 Intervention Groups for Randomized Controlled Trials

We implemented a between-subjects study design in which each participant was randomly as-

signed to one of the following three conditions:

(1) Psychoeducation Only. This group focuses on education components, teaching participants
cognitive restructuring skills through traditional psychoeducation materials. Participants as-
signed to this group receive a PDF containing definitions and examples of various cognitive
distortions, along with ways in which those thinking traps can be overcome, curated by mental

health experts based on psychotherapy manuals.

(2) DIY w/o AL This group provides participants with a DIY tool to practice cognitive restruc-
turing. Participants use an online tool to guide them through the different steps of cognitive
restructuring including identifying thinking traps and writing reframed thoughts. In addition,
the DIY tool is integrated with the same education components as the Psychoeducation Only
group.

(3) DIY w/ Al This group additionally integrates the DIY tool from the DIY w/o Al group with
Al components. Using the language model developed in Section 3.1, participants are provided
with suggestions on the potential cognitive distortions that their thoughts entail and multiple

possible thought reframes as possible starting points.

4.1.2 Study Measures to Assess Short-term and Long-term Effects

We collaborate with mental health experts to identify and define key short-term and long-term

outcomes that should be evaluated in this clinical trial:
(1) Reframing Effectiveness. The effectiveness of each reframe written by participants:

1. Reframe Relatability: 1 believe in the reframe I came up with (5: Strongly agree; 4: Somewhat

agree; 2: Somewhat disagree; 1: Strongly disagree)

2. Reframe Helpfulness: The reframe helped me deal with the thought I was struggling with (5:

Strongly agree; 4: Somewhat agree; 2: Somewhat disagree; 1: Strongly disagree)
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3. Reframe Memorability: I will remember this reframe the next time I experience this thought

(5: Strongly agree; 4: Somewhat agree; 2: Somewhat disagree; 1: Strongly disagree)

4. Skill Learnability: By doing this activity, I learned how I can deal with future negative
thoughts (5: Strongly agree; 4: Somewhat agree; 2: Somewhat disagree; 1: Strongly dis-

agree)

(2) Emotional Regulation. The effects that each reframe had in regulating the beliefs and emo-

tions of the participants in-the-moment:

1. Belief Change: After doing this activity, how strongly do you believe in your original thought?
(1to7)

2. Emotion Change: After doing this activity, how strong is your emotion? (1 to 7)

(3) PHQ-9. Questionnaire to assess the severity of depression. It asks: Over the last 2 weeks, how

often have you been bothered by any of the following problems?
1. Little interest or pleasure in doing things (0 to 3)
2. Feeling down, depressed, or hopeless (0 to 3)
3. Trouble falling or staying asleep, or sleeping too much (0 to 3)
4. Feeling tired or having little energy (0 to 3)
5. Poor appetite or overeating (0 to 3)

6. Feeling bad about yourself or that you are a failure or have let yourself or your family down

(0 to 3)

7. Trouble concentrating on things, such as reading the newspaper or watching television (0

to 3)

8. Moving or speaking so slowly that other people could have noticed. Or the opposite being

so figety or restless that you have been moving around a lot more than usual (0 to 3)

9. Thoughts that you would be better off dead, or of hurting yourself (0 to 3)
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(4) GAD-7. Questionnaire to assess the severity of anxiety. It asks: Over the last 2 weeks, how

often have you been bothered by any of the following problems?

—_

. Feeling nervous, anxious, or on edge (0 to 3)

2. Not being able to stop or control worrying (0 to 3)
3. Worrying too much about different things (0 to 3)
4. Trouble relaxing (0 to 3)

5. Being so restless that it is hard to sit still (0 to 3)

6. Becoming easily annoyed or irritable (0 to 3)

N

. Feeling afraid, as if something awful might happen (0 to 3)

(5) Emotional Mechanisms. The participant’s level of hope, motivation, confidence, and willing-

ness towards mental health goals or actions:
1. How hopeful do you feel about the future? (1 to 7)
2. How hopeful do you feel about managing negative thoughts? (1 to 7)
3. How worried do you feel about managing negative thoughts? (1 to 7)
4. How motivated are you to keep working on managing negative thinking? (1 to 7)
5. How confident are you in your ability to identify thinking traps? (1 to 7)
6. How confident are you in your ability to reframe negative thoughts? (1 to 7)

7. How willing are you to commit to engaging in this practice three times a week after this

study? (1 to 7)

8. How likely are you to recommend it to a friend? (1 to 7)

(6) Competencies of Cognitive Therapy Scale (Skill Acquisition). Assessing the participants’

cognitive therapy skills (Strunk et al., 2014)
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1. CCTS 20: I caught myself thinking negatively, recognized the negative bias, and re-evaluated

the situation. (1 to 7)

2. CCTS 28: When I got upset, I took time to step back from a situation and consider that my

negative thoughts might be inaccurate. (1 to 7)

3. CCTS 21: 1 often caught myself thinking in an irrational way and I actively worked to

develop more rational views. (1 to 7)

4. CCTS 6: When my negative thoughts and emotions really bothered me, I had a specific

action plan of things I could do to cope. (1 to 7)

5. CCTS 24: When I blamed myself for something bad that happened, I took time to consider

other factors that may have been involved. (1 to 7)

6. CCTS 11: When I found myself upset about something, I took note of what I was thinking

and worked to develop a more balanced view. (1 to 7)

4.1.3 Ethical and Safety Considerations

The systematic ethical and safety considerations in this clinical trial were based on a principle-
based ethics framework, following Coghlan et al. (2023), Floridi and Cowls (2022), and Beauchamp
and Childress (2001).

Here, we discuss the five common principles derived from these frameworks, providing sys-
tematic guidance on how to responsibly navigate potential risks while developing and evaluating

Al-based mental health interventions.

(1) Non-maleficence. Avoid causing physical, social, or mental harm to participants. Our tool was
co-designed the tool with mental health experts, patient advocates, and clinicians to identify any
potential risks early. We further studied the safety implications prior to deployment. For this,
we developed a realistic sandbox environment to ensure thorough testing instead of immediate
deployment. Our safety testing involved examining system inputs that could potentially produce
harmful outputs. Our safety filtering mechanisms were updated accordingly to address the

potentially harmful LM-generated content (e.g., by adding specific regular expressions and using
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a content moderation API). Additionally, throughout the study, participants were given access to

a crisis hotline and were able to quit at any point.

(2) Beneficence. Ensure that interventions do good or provide real benefit to participants. This involved
co-designing with mental health experts, patient advocates, and clinicians to identify opportu-
nities to benefit. This led us to focus on cognitive restructuring, which is a well-established,
evidence-based intervention that has been shown to positively impact people’s mental well-
being. Our initial study on Mental Health America demonstrates that our system positively
impacts emotional intensity for 67% of participants and helps 65% overcome negative thoughts

(Section 3.2).

(3) Respect for Autonomy. Respect participants” values and choices. We prioritized human agency
and initiative by enabling participants to maintain control over what they want to write. Our
language model initially offered suggestions on how to reframe thoughts. However, further
interaction with the model was only possible when explicitly requested by the participant. Col-

lection of demographic and outcome data was intentionally left optional.

(4) Justice. Treat participants without unfair bias, discrimination or inequity. Our clinical trial in-
corporated a broad set of participants with varied demographics, including underrepresented
subpopulations. We explicitly evaluated the equity of positive outcomes and identified key sub-

populations where the intervention was found to be less effective.

(5) Explicability. Provide users with sufficient transparency about the nature and effects of the technology,
and be accountable for its design and deployment. We sought informed consent from participants and
were transparent about the use of Al, risks, and data use (Appendix Figure B.6 and Figure B.7).
We also continuously monitored quantitative and qualitative feedback for potential concerns,
which also informed our design hypotheses. Finally, we make our code publicly available at

github.com /behavioral-data/Self-Guided-Cognitive-Restructuring.

4.1.4 Study Procedure

Our clinical trial was conducted over a period of 8 weeks and consisted of several phases.
During the initial 4 weeks, participants completed weekly questionnaires assessing their de-

pression (PHQ-9), anxiety (GAD-7), emotional mechanisms, and cognitive therapy competence
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Figure 4.2: We found that DIY w/ Al led to significantly higher reframing effectiveness compared to DIY
w/o Al during the first usage (Cohen’s d = 0.18). We also found that DIY w/ Al led to similar emotional
regulation as DIY w/o Al (Cohen’s d=0.07). The point estimates represent the mean and the error bars
represent bootstrapped 95% confidence intervals. *: p < 0.05

(CCTS). Those in the DIY w/ Al and DIY w/o Al groups were also required to use their respec-
tive online tools at least three times per week, while the Psychoeducation Only group received
weekly psychoeducation materials.

In week 5, participants completed an exit survey to gather qualitative feedback on their overall
experience.

Finally, in week 8, we conducted a follow-up survey to assess whether the effects were sus-

tained.

4.1.5 Results

Increased short-term effectiveness when using Al First, we examined the differences between
DIY w/ Al and DIY w/o Al when the DIY component of cognitive restructuring is used for the
first time. Since these individuals are likely unfamiliar with cognitive restructuring techniques,
their understanding of how to practice them effectively may be limited. Therefore, Al-based
assistance could offer valuable assistance in navigating the various steps, such as identifying
thinking traps and writing effective reframes.

We found that participants in the DIY w/ Al group reported significantly higher reframing
effectiveness during the first usage compared to participants in the DIY w/o Al group (Cohen’s
d = 0.18; p-value = 0.047; Figure 4.2a). Also, we found that participants in both groups reported
similar levels of regulation in emotions (Cohen’s d = 0.07; p-value = 0.426; Figure 4.2b).

This suggests that integrating Al into self-guided mental health tools could significantly im-
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Figure 4.3: We assess the outcomes of DIY w/ Al, DIY w/o Al and Psychoeducation Only groups over a
period of 8 weeks. We found that participants in the DIY w/ Al and DIY w/o Al conditions demonstrated
similar levels of Emotional Mechanisms, Skill Acquisition, Reduction in PHQ-9, and Reduction in GAD-7.
However, participants in the Psychoeducation Only condition demonstrated significantly lower emotional
mechanisms and skill acquisition levels than participants in DIY w/ Al and DIY w/o Al conditions. The
point estimates represent the mean and the error bars represent bootstrapped 95% confidence intervals.

prove initial reframing effectiveness.

Increased long-term engagement and similar levels of long-term effectiveness when using Al
While an intervention might initially regulate emotions and reduce the symptoms of a mental
illness, it is the sustained impact over time that truly reveals its effectiveness. Without sustained
change, the symptoms are likely to resurface. Here, through a controlled and ecologically valid
study, in which engage users for 8 weeks, we assess the long-term outcomes of DIY w/ Al, DIY
w/o Al, and Psychoeducation Only groups.

We found that Al-based self-guided cognitive restructuring intervention significantly im-
proved long-term engagement, as measured by the number of times cognitive restructuring is
practiced, as compared to the non-Al intervention. Concretely, we found that participants in the
DIY w/ Al used the DIY tool significantly more than participants in the DIY w/o Al condition
(Cohen’s d = 0.13; p-value < 0.001).
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Furthermore, participants in the DIY w/ Al condition demonstrated similar long-term effec-
tiveness as DIY w/o Al condition, including similar levels of skill acquisition (Cohen’s d = 0.027;
p-value = 0.613), similar levels of emotional mechanisms (Cohen’s d = -0.064; p-value = 0.236),
and similar reductions in depression (Cohen’s d = 0.060; p-value = 0.266) and anxiety (Cohen’s

d =-0.043; p-value = 0.429) as measured over weeks 1 to 8 (Figure 4.3c-f).

Moreover, they demonstrated similar levels of reframing effectiveness (Cohen’s d = -0.022;
p-value = 0.443) and emotional regulation (Cohen’s d = 0.018; p-value = 0.535) aggregated over
weeks 1 to 8 (Figure 4.3a-b).

Participants in Psychoeducation Only demonstrated significantly lower emotional mecha-
nisms and skill acquisition levels than participants in DIY w/o Al and DIY w/ Al groups sug-

gesting that the practice of restructuring through a DIY tool is much more effective.

These findings suggest that Al is particularly helpful in improving engagement, a key out-
come in mental health interventions. Also, Al and non-Al interventions demonstrate similar
long-term effectiveness. While AI might be assumed to be “doing the thinking for you”, partic-
ipants who used Al actually improved their cognitive restructuring skills and achieved similar

positive mental health outcomes in the long term as those who did not use AL

Heterogeneous treatment effects across subpopulations. Al-based interventions are known to
be disparate across different populations. Here, we found that people of certain demographics

found Al to be more effective than others.

We found significant differences between the effects of Al based on the age and initial PHQ-9
and GAD-7 levels of the participants (Table 4.1). We found that young adults (age 18 to 24)
assigned to DIY w/ Al reported significantly higher levels of reframing effectiveness (Cohen’s
d = 0.23; p-value = 0.001), emotional regulation (Cohen’s d = 0.69; p-value = 6.09 * 1072%), and
emotional mechanisms (Cohen’s d = 0.28; p-value = 0.038) compared to young adults assigned

to the DIY w/o Al

We also found differences based on the initial PHQ-9 and GAD-7 levels reported at the start
of the study. Participants with medium depression (PHQ-9 from 15 to 19) assigned to DIY w/
Al reported significantly higher levels of reframing effectiveness (Cohen’s d = 0.19; p-value =

0.0003), emotional regulation (Cohen’s d = 0.22; p-value = 2.98 x 10~%), and reduction in PHQ-9
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Reframing . Emotional . . .
. . Emotional Skill Reduction Reduction
Population Effective- Regulation M.echa- Acquisition in PHQ-9 in GAD-7 N
ness nisms
Age
18-24 0.23 0.69 0.28 0.22 -0.13 -0.25 356
25-34 -0.09 -0.26 -0.19 0.01 0.10 -0.09 607
35-44 -0.12 0.03 -0.21 -0.05 0.21 0.03 564
45-54 0.14 0.14 0.19 0.05 -0.12 -0.18 401
55-64 -0.21 -0.30 -0.47 -0.11 0.21 0.72 171
65+ -0.12 -0.56 -0.40 -0.12 -0.62 -0.60 57
Initial PHQ-9
10-14 -0.01 -0.09 -0.06 -0.05 -0.03 -0.26 584
15-19 0.19 0.22 0.05 0.06 0.24 0.13 704
20-27 -0.11 -0.01 -0.11 0.07 -0.02 0.03 796
Initial GAD-7
10-14 0.03 -0.01 0.08 0.30 -0.00 0.00 707
15-21 -0.16 -0.05 -0.25 -0.16 0.07 0.01 1121

Table 4.1: Effect sizes (Cohen’s d) comparing outcomes between DIY w/ Al participants and DIY w/o Al
participants, across various subpopulations. Numbers highlighted in green indicate outcomes where

DIY w/ Al is significantly better than DIY w/o Al (p < 0.05). Numbers highlighted in red indicate
outcomes where DIY w/ Al is significantly worse than DIY w/o Al (p < 0.05). We found that young
adults (age 18 to 24) assigned to DIY w/ Al reported significantly higher levels of reframing effectiveness
and emotional regulation compared to young adults assigned to the DIY w/o Al

(Cohen’s d = 0.24; p-value = 0.012) compared to participants with medium depression assigned
to the DIY w/o AL On the other hand, participants with severe depression (PHQ-9 from 20 to
27) assigned to DIY w/ Al reported significantly lower levels of reframing effectiveness (Cohen’s
d = -0.11; p-value = 0.024) compared to participants with severe depression assigned to the
DIY w/o Al Moreover, participants with severe anxiety (GAD-7 from 15 to 21) assigned to DIY
w/ Al reported significantly lower levels of reframing effectiveness (Cohen’s = -0.16; p-value =
4.62 * 107°), emotional mechanisms (Cohen’s d = -0.25; p-value = 0.0007), and skill acquisition
(Cohen’s d =-0.16; p-value = 0.028) compared to participants with severe anxiety assigned to the

DIY w/o Al

Analysis of the Language Model Generated Content that was Flagged Inappropriate

We implemented a feature for participants to report any inappropriate content generated by

the language model. This was achieved by including a distinct “Flag inappropriate” button
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for each generated reframe (Section 3.2.2). Overall, we found that 0.65% (301 out of 46,593)
of the reframing suggestions shown were flagged. After conducting a qualitative review of
these flagged reframes, we found a few dozen instances where the model’s suggestions repeated
the negative factors/sentiment described by the participant in the original thought which may
inadvertently reinforce negative beliefs about oneself (e.g., “I may be a “failure”, but I'm still trying
my best.” in response to the thought “I'm a failure”). Note that in most cases repeating parts of the
participant’s thought or situation helps to validate their experience and emotional reaction and
personalize their reframe. Therefore, this highlights the importance of effectively differentiating
which aspects of the participant’s thoughts to re-state in the reframing suggestions. Future work
should look more closely at how to facilitate this differentiation.

Nevertheless, for many of the 301 flagged instances, because all participants were shown three
reframes as starting points, participants were able to select a different reframing suggestion from
the three options presented to them, eventually reporting favorable outcomes. We also checked
user dropout between users who flagged content vs. those who did not and found no significant
differences. Interestingly, the dropout rate was slightly lower among users who flagged content,
at 38.2%, compared to 46.5% for those who who did not. Notably, none of the flagged instances
had references to suicidal ideation or self-harm, suggesting that the safety mechanisms designed

to address these concerns were likely effective (Section 3.2.2).

4.2 A Computational Framework for Behavioral Assessment of LLM

Therapists

The previous section demonstrates how Al-based mental health interventions can be evaluated
with human participants through clinical trials. However, the rapid pace at which LLMs are be-
ing developed and iteratively improved also necessitates the exploration of automated evaluation
methods to keep up with advancements. Here, we study how to conduct automatic, systematic
evaluation of Al-based mental health interventions.

Ever since Eliza, a mock psychotherapist, was introduced in the 1960s (Weizenbaum, 1966),
the prospect of therapy chatbots that can offer mental health support has intrigued clinicians,

researchers, as well as the general public. The recent advent of ChatGPT and the rapid progress
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in large language models (LLMs) (Brown et al., 2020; OpenAl, 2023; Touvron et al., 2023; Bubeck
et al.,, 2023) have amplified the excitement. This growing excitement is driven by a stark re-
ality: Hundreds of millions of people do not or cannot receive mental health care for various
reasons, including a shortage of professionals, lack of insurance coverage, high costs, and stigma
surrounding therapy (Hosny and Aerts, 2019; WHO, 2022; Olfson, 2016; Sickel et al., 2014). As
a result, individuals and researchers have started using LLMs as a potential solution to bridge
this critical access gap (Hamilton, 2023; Broderick, 2023; Stade et al., 2024; Youper, 2023; Sharma
et al., 2023a; Lin et al., 2024). However, mental health experts have raised concerns and cau-
tion about using LLMs in therapeutic contexts without appropriate evaluation (Stade et al., 2024;
De Choudhury et al., 2023; Li et al., 2020; Tate et al., 2023; Van Veen et al., 2024).

As such rapidly evolving trends continue in the critical high-stakes setting of mental health,
our field lacks methods to systematically assess LLMs used for mental health support. At a
fundamental level, our understanding of the behaviors exhibited by LLMs, i.e., ways in which
they respond to clients seeking mental health support, is significantly limited. It remains unclear
under what circumstances LLMs emphasize certain behaviors like reflecting on client emotions
or problem-solving and to what degree. Understanding the behavior of LLMs is particularly
important in high-stakes settings such as mental health where undesirable behavior could have
severe consequences on vulnerable clients. Moreover, identifying the desirable and undesirable
behaviors can help identify the potential benefits and risks, which can inform adoption and
iterative development.

Such contexts highlight the critical need to evaluate whether LLM-based interventions are
feasible, effective, and safe in mental healthcare, how they compare to established interventions,
and whether they would ultimately be helpful to patients and clinicians. However, evaluating
LLMs being used for mental health support poses significant ethical and technical challenges.
Directly recruiting clients struggling with mental health issues and asking them to interact with
untested LLMs for evaluation poses significant potential risks. It exposes these vulnerable pop-
ulations to potentially harmful LLM generations. Also, the evaluation necessitates a large-scale
assessment of different types of open-ended texts that LLMs may generate, in response to a di-
verse range of clients, for different types of support, and at different stages of support, making

the behavioral assessment complex and multi-faceted. Traditional evaluation methods, such as
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the Cognitive Therapy Rating Scale (CTRS) (Vallis et al., 1986), outline desirable and undesirable
therapist behaviors. However, they have been designed for manual assessment of human thera-
pists. Due to the complexity of such scales, it is difficult to adapt them to automated, large-scale
LLM evaluation. Therefore, efforts to translate these guidelines into actionable metrics for au-
tomatic, large-scale evaluations have been limited, with existing work focusing only on specific
therapy types (Flemotomos et al., 2022).

In this work, we conduct a proof-of-concept study proposing a framework for evaluating
LLMs in mental health support. We develop BoLt, a novel, general computational framework
to systematically study the Behavior Of LLMs in the context of their application in Therapy.
Given an LLM (e.g., GPT-4) that is being used as a therapist (Section 4.2.1), we aim to quantita-
tively assess the ways in which it responds when supporting clients with mental health issues
(Section 4.2.2). Subsequently, we aim to compare the behavior of LLM therapists against that of
high- and low-quality human therapists, and study whether their behavior can be modulated
into more desirable behaviors (Section 4.2.2).

To analyze the behavior of LLM therapists, we need conversations between LLM therapists
and clients. BoLT simulates conversations between simulated clients and LLMs, leveraging client-
human therapist conversations from existing public datasets of therapy conversations to ensure
high fidelity (Section 4.2.2). Next, to assess the conversational behavior of therapists and clients in
these conversations, BOLT leverages a prompting-based classifier that uses psychotherapy-based
definitions and in-context examples to identify the psychotherapy techniques underlying all ut-
terances. The techniques, which are operationalized based on those established by mental health
experts, include REFLECTIONS, QUESTIONS, SOLUTIONS, NORMALIZING, and PSYCHOEDUCATION for
therapists and BEHAVIOR CHANGE, SELF-DISCLOSURE OF AFFECT OR EXPERIENCE, and GAINING
INs1GHTS for clients (Section 4.2.2).

Furthermore, BoLT establishes behaviors that are representative of high-quality therapy and
low-quality therapy sessions. We use high-quality and low-quality conversations as annotated
by previous NLP for Mental Health research (Pérez-Rosas et al., 2019) based on established prin-
ciples of Motivational Interviewing. We analyze these conversations using our prompting-based
behavior classifier to identify specific therapist and client behaviors associated with high-quality

and low-quality Motivational Interviewing. This allows us to distinguish between potentially
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(d) Computational assessment of psychotherapy behavior: We characterize and classify the conversational behavior of

1 therapists and clients based on those established by mental health experts (Lee et al., 2019, Can et al., 2019).
Behavior within low- Average across all Behavior within high-
quality human therapy human thgrapy quality human therapy
conversations conversations conversations

L J
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(e) Our analysis approach: We establish a baseline by calculating the average conversational behavior across all human therapy
conversations. We consider behaviors aligned with low-quality conversations as undesirable and behaviors aligned with high-quality
conversations as desirable. The behavior of LLM A is undesirable because they are closer to low-quality therapy than high-quality
therapy. The behavior of LLM B is desirable as it is closer to high-quality therapy. The behavior of LLM C is not statistically
significantly different from average-quality, which is why it is uncertain whether such behavior is desirable.

Figure 4.4: Overview of BoLT, a computational framework that enables systematic assessment of the
behavior of LLM therapists and compares them to high- and low-quality human therapy.
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desirable and undesirable behaviors (Section 4.2.2).

Finally, BoLT assesses the behavior of these LLM therapists based on the frequency of their
behavior, the temporal order in which the behavior is expressed in conversations, their adaptability
to different behaviors from clients, and the expressed linguistic attributes. For each of these assess-
ments, we make comparisons with average-, high- and low-quality conversations from human
therapists.

To illustrate the utility of BoLt, we develop a case study applying it to Motivational In-
terviewing (MI), a popular, well-established therapeutic approach (Miller and Rollnick, 2012).
In this study, we evaluate the behavior of four popular, state-of-the-art LLM variants — GPT-
4 (OpenAl, 2023), GPT-3.5-turbo (Brown et al., 2020), Llama2-70b, and Llama2-13b (Touvron
et al., 2023), when providing MI. As different therapy frameworks (e.g., MI vs. Problem-Solving
Therapy (Haley, 1992)) might have varying nuances regarding what is considered high-quality
therapy, an assessment within a specific therapeutic approach is required in order to interpret
the findings in a principled manner and at high granularity. However, note that BoLT is inten-
tionally designed to be generalizable, with behavioral techniques that are broadly applicable in
psychotherapy. Such a design could potentially generalize to other psychotherapy contexts and
varied therapeutic frameworks. We demonstrate this through a secondary experiment with other
therapeutic approaches (Section 4.2.2).

While anecdotal examples have demonstrated striking similarity to plausible therapist state-
ments, our systematic approach reveals that LLM therapists often more closely resemble the

behavior of human therapists in low-quality rather than high-quality sessions.

4.2.1 Bolt: Framework for Assessing Conversational Behavior of LLM Therapists
LLM Therapists

A common way in which current LLMs are being used as therapists is through custom “system
prompts” that instruct them to function as therapists. BOLT uses a simple “system prompt”
which was designed based on commonly reported example prompts by users on mental health

subreddits (Reddit-1, 2023; Reddit-2, 2023):

Act as if you're a professional therapist. You provide evidence-based therapy to help clients
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seeking help with mental health challenges. You should maintain your therapist persona while
responding. Communicate in a conversational style, mirroring the style of previous therapist

responses.

We make subtle variations to this prompt to adapt it to different therapy types, such as
Motivational Interviewing (Appendix Figure C.2). We study the effects of variations in “system

prompts” (Section 4.2.2).

Datasets of Therapy Conversations

Acquiring datasets of therapy conversations poses a significant challenge as they are typically
private and rarely shared. Moreover, potential privacy issues may arise when exposing therapy
datasets to public LLM APIs as they may contain sensitive client information. To circumvent
these potential concerns, BoLT leverages publicly available datasets of therapy conversations.
Publicly available therapy conversation datasets are limited. Here, we use two datasets that
carefully preprocess publicly available YouTube videos on therapy. This ensures high-quality
transcripts while maintaining the confidentiality of sensitive personal information. We use both
datasets with appropriate license and consent as provided by the authors within their terms of

use.

(1) High-and-Low-Quality Therapy Conversation Dataset (High-Low Quality). The first dataset,
created by Perez-Rosas et al. (Pérez-Rosas et al., 2019), comprises 259 therapy conversations, pri-
marily focusing on the evidence-based motivational interviewing (MI) therapy. Based on the MI
psychotherapy principles, they evaluate the quality of conversations in the dataset to have 155
high-quality therapy transcripts and 104 low-quality transcripts. We use both high-quality and
low-quality therapy conversations by human therapists to understand desirable and undesirable

conversational behaviors.

(2) HOPE Dataset. The second dataset from Malhotra et al. (Malhotra et al., 2022) was used
to study dialogue acts in therapy. This dataset contains 212 therapy transcripts and includes
conversations employing different types of therapy techniques (e.g., MI, Cognitive Behavioral
Therapy).

Both of these datasets (available in CSV formats with speaker and utterance columns) were
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originally sourced from public video-sharing platforms like YouTube. We use these datasets to
simulate conversations between LLM therapists and simulated clients. Moreover, we use them to

study the behavior of LLM therapists in varied mental health contexts (Section 4.2.2).

Simulating Conversations between LLM Therapists and Clients

To characterize and analyze the behavior of LLM therapists, we need conversation data between
LLM therapists and clients. BoLT uses public therapy datasets to simulate these conversations.

We develop two simulation strategies representing common LLM therapist use cases —

(1) LLM Single Response Simulation. We use LLMs to write a single response within an ongoing
conversation session between a human therapist and a client. Let C; be an ongoing conversation

between a human therapist and client with utterances u;1, u;, ..., u;; ending with a client utter-

ance u;;. We aim to use an LLM L to generate a single response ul(]ﬁll to the client utterance.
To simulate such single responses, we use the therapy datasets to create all possible sequences
of uj1,u;p, ..., u;; ending with a client utterance. For each of these sequences, we use the “system
prompt” to generate the next LLM therapist response uf]ﬁil The LLM therapist here responds to
a prior, real-world, authentic interaction between a human client and a human therapist. This is
helpful in not biasing the LLM based on simulated clients or therapists. Check Appendix Tables

of the first part C.28 and second part C.29 for an illustrative example.

(2) LLM Full Conversation Simulation. In addition to single-response generation, we also sim-
ulate a full, multi-turn conversation session between LLMs and clients through a novel method
based on highly consistent simulated clients. Such a simulation is helpful in assessing the behav-
ior of LLM therapists across multiple turns of support to the same simulated client. Importantly,
we evaluate the consistency of these simulated conversations. Here, we leverage the utterances
from clients in the therapy datasets to simulate artificial clients using GPT-4. For each human-
human conversation between a client and a therapist, we provide it as input to GPT-4 and ask
it to simulate the same client talking to a different therapist in a parallel universe, ignoring that
this conversation ever happened (to avoid GPT-4 continuing from the provided human-human
conversation rather than simulating a new similar conversation), but keeping the same conversa-

tional style, the manner of addressing certain topics or concerns, and the life events and emotions

191



being discussed (also see Appendix Figure C.2). Then, we generate a conversation between this
artificial client and the LLM therapist. We start the generation by randomly picking between the
client or therapist to go first. We let them talk for up to 20 turns (which roughly corresponds to
the mean conversation length (20.8 turns) in the two datasets used) or until one of them outputs

an end token. See Appendix Tables C.30 and C.31 for illustrative examples.

Evaluating Simulated Conversations. We evaluate the consistency of the simulated conversa-
tions. We define consistency as generating an utterance that is logically and semantically consis-
tent with the previous utterances without conflicting with them. We use a GPT-4-based few-shot
prompting method (Ziems et al., 2023) to measure the consistency and coverage of the simulated
conversations (this measure achieves an accuracy of 95.83% and macro-f1 of 82.22% in our hu-
man evaluation). We find that the simulated conversations have a near-perfect mean consistency
of 2.95 (out of 3; std = 0.13). In addition, we qualitatively assess the conversations and find
that simulated conversations follow the source conversational snippets in their overall theme and

structure.

Behavioral Techniques in Psychotherapy

To assess the conversational behavior exhibited by therapists and clients during therapy sessions,
we characterize the psychotherapeutic approaches underlying utterances. We draw upon the
clinically relevant dialogue acts of therapist and client utterances (intentions of the speaker in the
utterance (Stolcke et al., 2000)) established by experts in psychotherapy in two previous studies
(Lee et al., 2019; Cao et al., 2019).

We discuss the conversational behaviors in the following. Then we describe our method for

automatically identifying these behaviors.

Conversational Behavior of Therapists For characterizing the conversational behavior of ther-
apists, we focus on 13 major psychotherapeutic approaches based on techniques identified in Lee
et al. (Lee et al., 2019) and Cao et al. (Cao et al., 2019) organized into five semantically related

categories:
(a) Reflections. A foundational tool for any therapist is to understand, restate, and emphasize
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the client’s feelings and experiences (e.g., “You are feeling overwhelmed and struggling to find a
balance between work and family”) (Arnold, 2014). Such reflective listening has been shown to
help clients gain a deeper understanding of their feelings and experiences and also improve the
therapeutic relationship between the therapist and client through increased empathy (Braillon
and Taiebi, 2020; Rautalinko et al., 2007). Here, we focus on six different ways of reflecting
differentiating between (1) NEEDs, (2) EMoOTIONS, (3) VALUES, (4) CONSEQUENCES, (5) CONFLICTS,

and (6) STRENGTHS (Appendix Table C.23)

(b) Questions. Open-ended questions constitute a fundamental element of therapy, helping
clients express emotions and share thoughts and experiences they might not explore otherwise
(e.g., “"How were you feeling in that moment?”) (Lundh, 2019; Rautalinko et al., 2007). Also, ex-
pressing an active interest in clients” emotions and experiences enhances relationship forming
with clients (Miller et al., 2003; Robert et al., 2011). Here, we focus on open-ended questions
differentiating between (7) EXPERIENCES, (8) PERSPECTIVES, and (9) EMoTIONS (Appendix Table

C.23).

(c) Solutions. To achieve the therapeutic goal effectively, therapists often offer solutions to client’s
problems by discussing concrete problem-solving approaches and constructing a specific plan of
action (Nelson-Jones, 2013; Solomonov et al., 2019; Fawcett and Borck-Jameson, 2014). Here, we
focus on these two types of solutions differentiating between (10) PROBLEM-SOLVING, and (11)

PLANNING (Appendix Table C.23).

(d) Normalizing. Being warm, friendly, and respectful has been found to contribute positively to
the relationship (or alliance) between the client and therapist, which can be achieved through ac-
knowledging and validating clients’s feelings and experiences, empathizing, and reassuring (e.g.,
I hear you, it’s perfectly normal to feel overwhelmed...). Hence, we combine these related concepts into

(12) NORMALIZING.

(e) Psychoeducation. Therapists commonly educate clients about coping strategies, treatment
approaches, symptoms, or diagnosis (e.g., “Cognitive Behavioral Therapy aims to...”) (Lundh, 2019).
Here, we broadly call this aspect as (13) PSYCHOEDUCATION.

Refer to Appendix Table C.23 for definitions and examples of all 13 therapist conversational

behaviors.
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Conversational Behavior of Clients For a therapist, knowing when to express specific behav-
iors based on different client behaviors (e.g., when to reflect vs. when to utilize problem-solving)
is an important skill. Here, to more thoroughly assess therapist behavior based on how they
respond and adapt to clients, we characterize the conversational behavior of clients. We use six
types of expressions from clients based on the existing works (Lee et al., 2019; Cao et al., 2019)
organized into three semantically related categories. We focus on a combination of client behav-
iors that include the changes in client behaviors, the emotions and experiences they share, and

the insights they gain from therapy (Carey et al., 2007; Tulver et al., 2023):

(a) Behavior Change. Some clients may struggle with unhealthy behaviors or symptoms (E.g.,
“I'm having trouble sleeping”). Here, we differentiate between clients expressing (1) CHANGING

UNHEALTHY BEHAVIOR and (2) SusTAINING UNHEALTHY BEHAVIOR (Appendix Table C.24).

(b) Self-Disclosure of Affect or Experiences. During the conversation, clients may share their
feelings or related experiences (e.g., “I lost my job due to the pandemic”). Here, we focus on clients’
expression of (3) SHARING PosITivE EMOTIONS, (4) SHARING NEGATIVE EMOTIONS, and (5) SHAR-

ING ExPERIENCES (Appendix Table C.24).

(c) Gaining Insights. Clients often report learning something new about themselves or their
situation during therapy (e.g., “I hadn’t considered how much I avoid confrontations”). Here, we
detect such (6) GAINED INSIGHTS by clients.

Refer to Appendix Table C.24 for definitions and examples of all six client conversational

behaviors.

Identifying Conversational Behavior in Psychotherapy Conversations

BoLt automatically identifies the conversational behavior of LLM therapists based on the simu-
lated conversations. We annotate the therapy datasets with conversational behavior and use it to

train and evaluate GPT-based methods.

Classification Setup

We frame the identification of conversational behaviors as either a single multi-label classification

task (identify all possible behaviors in a given utterance at once simultaneously) or a multiple
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binary-label classification task (identify independently whether a particular conversation behav-
ior is exhibited by an utterance).

Let C; be a conversation between a therapist and a client with utterances u; 1, u;», ....

Multi-label classification. For each therapist utterance, u e {uis,, vit,, ...}, we aim to identify
all possible behaviors exhibited by u®) among the 13 different therapist codes. Similarly, for each
client utterance, u(®) € {u;,, u;.,, ...}, we aim to identify all possible behaviors exhibited by u(°)

among the 6 different client codes.

Binary-label classification. For each therapist utterance, ult) e {uis, uit,, ...} and for each thera-
pist behavioral code in the 13 possible therapist codes, we aim to identify whether u(*) exhibits
that behavior. Similarly, for each client utterance, MONS {uti e, ic,, ...} and for each client behav-

ioral code in the 6 possible client codes, we aim to identify whether 1u(¢) exhibits that behavior.

Annotations of Conversational Behavior

The broad range of therapist and client conversational behavior and their complexity make
crowdwork data annotation process challenging. Here, two co-authors of this paper with sig-
nificant expertise in NLP and mental health research, and who were actively engaged in defining
the conversational behaviors of therapists and clients, annotated 283 therapist utterances and 91
client utterances (inter-rater agreement, krippendorff’s alpha = 0.7834). Our annotated dataset
includes conversations from the human therapy datasets as well as the simulated conversations

based on LLM therapists.

Models

We compare three models to identify conversational behaviors in therapist and client utterances.

Note that GPT-4-based methods are the state-of-the-art for this task.

Finetuning (multi-label). The first method involved fine-tuning GPT-3 series models (GPT-3:
davinci-002, GPT-3.5: gpt-3.5-turbo-0613) (Brown et al., 2020) with our annotated dataset de-
scribed above (Note that GPT-4 did not allow finetuning at the time of the writing of this paper.
Finetuning for classifying individual conversational behavior for the binary classification method

was prohibitively expensive. Therefore, we instead finetune two multi-label classification models
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for the conversation behaviors of therapists and clients, respectively.)

Prompting / In-context Learning (multi-label). We facilitate in-context learning by prompting
GPT-3 (Brown et al., 2020) and GPT-4 (OpenAl, 2023) models to identify all possible multiple in-
tents in a single utterance. We explored two variations of prompting — (1) We prompt the models
with definitions of different conversational behaviors sourced from prior work (Lee et al., 2019;
Cao et al., 2019) (Appendix Tables C.23 and C.24); (2) We prompt the models with definitions as
well as in-context examples from our annotated dataset(We tried different numbers of in-context
examples and found three examples to work the best). We use the following base instruction
prompt for both variations — “What are all possible conversational behaviors of this utterance.” Check

Appendix Figure C.1 for all employed prompts.

Prompting / In-context Learning (binary-label). We create binary questions focusing on one
intent at a time with its definition and in-context examples (e.g., “Classify if the utterance contains
{conversational behavior}. Answer in Yes or No”). Check Appendix Figure C.1 for all employed

prompts.

Experiments and Results

Experimental Setup. We create five random train-test splits of our annotated dataset, each with
a 60:40 split. We use the training split to finetune GPT-3 models and as demonstration examples
for in-context learning. For all models, we report the mean and standard deviation of Macro-
Precision, Macro-Recall, and Macro-F1 scores for the 13-class therapist behavior classification
task and the 6-class client behavior classification task. Given the limited dataset size, averaging
across five random splits ensures a more robust reflection of classification performance. As a

baseline for comparison, we assign random conversational behavior to utterances.

Results. We find that the prompting-based methods outperform the fine-tuned models for both
therapist and client behavior (Table C.22). For therapist behavior, among the different variations
of the prompts, using definitions and examples in the multi-label setting achieves the best per-
formance with a macro-F1 score of 57.7% (std = 2.5%) which is 43.6% greater than the random
baseline, which attained macro-F1 score of 14.1% (std = 1.3%). For client behavior, using defi-

nitions and examples in the binary-label setting achieves the best performance with a macro-F1
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score of 76.7% (std = 6.3%). This performance is promising especially when compared to the
random baseline, which only obtained a 25.9% macro-F1 score (std = 6.2%).

Our analysis shows that the inclusion of examples in prompts significantly enhances the per-
formance of the classification models. This improvement can be attributed to the fact that exam-
ples provide the model with a clearer understanding of the nuanced differences in conversational
behaviors, particularly those that are complex, such as REFLECTIONS ON VALUES, REFLECTIONS ON
CONSEQUENCES, etc. For therapist behaviors, our best classification model has high accuracy for
most of the conversational behaviors ranging from 75.6% (QUESTIONS ON EXPERIENCES) to 95.3%
(QuEestioNs oN EmoTIONS). For client behaviors, our model performs well for all conversation be-
haviors, with accuracy ranging from 81.0% (SHARING NEGATIVE EMOTIONS) to 95.4% (SUSTAINING
UNHEALTHY BEHAVIOR). See Appendix Table C.25 and C.26 for individual behavior performances

of therapists and clients.

4.2.2 Results
Associating Conversational Behavior with High-Quality and Low-Quality Therapy

Now that we can identify behaviors in conversations, we need to understand which behaviors are
high-quality or low-quality. This differentiation is crucial, as it helps us determine desirable and
undesirable behaviors. Here, we leverage the High-Low Quality dataset from Perez-Rosas et al.
(Pérez-Rosas et al., 2019) containing 259 Motivational Interviewing (MI) conversations annotated
as either high-quality or low-quality. We analyze these conversations using our behavior classifier
to identify specific therapist and client behaviors associated with high-quality and low-quality
MI. Our assessment focuses on the frequency of behavior, the temporal order in which it’s expressed,
and its adaptability to different client behaviors.

What differences between high- and low-quality human-delivered MI therapy does this dataset
reveal? We find that therapists from high-quality human therapy conversations more frequently
express REFLECTIONS ON NEEDS, REFLECTIONS ON EMOTIONS, REFLECTION ON VALUES, REFLEC-
TIONS ON CONFLICTS, REFLECTIONS ON STRENGTHS, QUESTIONS ON EXPERIENCES, and QUESTIONS
ON EmoT10NSby 5.6%, 8.3%, 3.0%, 3.3%, 6.6%, 9.9%, and 3.2%, as compared to low-quality human

therapy. Moreover, therapists from high-quality human therapy conversations less frequently ex-

197



press REFLECTIONS ON CONSEQUENCES, PROBLEM SOLVING, NORMALIZING, and PSYCHOEDUCATION
by 7.7%, 9.2%, 5.4%, and 4.6% than low-quality human therapy.

Moreover, previous psychotherapy research has demonstrated that focusing on solving client
problems before empathizing may negatively affect relationship forming between therapists and
clients (Cochran and Cochran, 2015). Here, we find that therapists from high-quality human
therapy conversations respond with RerFLECTIONS ON NEEDs 8.8 turns earlier, REFLECTIONS ON
EMmoTIONS 5.3 turns earlier, REFLECTIONS ON CONSEQUENCES 3.8 turns earlier, REFLECTIONS ON
ConrLICTS 8.4 turns earlier, and REFLECTIONS ON STRENGTHS 8.2 turns earlier than low-quality
human therapy.

Also, it is important to appropriately respond and adapt to the client’s behavior (Bordin,
1979; Horvath and Greenberg, 1989; Miller and Rollnick, 2012). When analyzing adaptability to
client behaviors, if clients express GAINED INSIGHTS, therapists from high-quality human therapy
respond with 15.0% lower PsYCHOEDUCATION compared to low-quality human therapy. If clients
express CHANGING UNHEALTHY BEHAVIOR, therapists from high-quality human therapy respond
with 9.6% higher REFLECTIONS ON STRENGTHS than low-quality human therapy, likely to rein-
force the positive change and promote self-efficacy in clients. Also, if clients SHARE NEGATIVE
EmotIoNs therapists from high-quality human therapy respond with 15.9% higher REFLECTIONS
oN EMotIONS than low-quality human therapy, potentially to foster empathy.

These differences between high-quality and low-quality conversations help us analyze LLMs.
We assess how LLM therapists compare against human therapists, determining whether their
conversational behavior is closer to high-quality or low-quality human therapists. To establish
a baseline, we calculate the average conversational behavior across all human therapy conversa-
tions. We consider behaviors aligned with low-quality conversations as below average quality
and behaviors aligned with high-quality conversations as above average quality. We then assess
the LLM therapists’ behavior in relation to this average. This allows us to assess whether the
behavior of LLM therapists falls below (undesirable) or above (desirable) this average, indicating
closer alignment with low-quality or high-quality human therapists, respectively. Figure 4.4e
provides an overview with example LLM behaviors.

Our null hypothesis is that the behavior of an LLM therapist is similar to that of average-

quality human therapy. To test this, we conduct a two-sided Student’s t-test. The results reported
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below are statistically significant at p = 2%, following Bonferroni correction (m: number of

intents tested). We report descriptive statistics in Supplementary Tables C.1-C.6.

Behavior Frequency — How frequently do LLM Therapists exhibit specific conversa-

tional behaviors relative to human therapists?

Summary. Based on behavior frequency, LLM therapists providing MI support often resemble
therapists in low-quality MI sessions (Figure 4.5; Supplementary Table C.1). Both tend to of-
fer more SOLUTIONS compared to average-quality human therapy. However, unlike low-quality

human therapy, LLMs tend to emphasize REFLECTIONS.

LLM therapists respond with significantly higher degrees of Solutions, similar to low-quality
human therapy conversations. Specifically, we find that GPT-4, GPT-3.5, Llama2-70b, and
Llama2-13b are more frequent in exhibiting PROBLEM-SOLVING by 31.9%, 23.1%, 19.9%, and 8.5%
respectively than average human therapists (Figure 4.5a). This more closely resembles the higher
degrees of PROBLEM-SOLVING behavior observed in low-quality therapy, suggesting that such be-
havior may be undesirable. In fact, GPT-4, GPT-3.5, Llama2-70b, and Llama 2-13b even exceeds
the frequency of low-quality therapy by 27.3%, 18.5%, 15.3%, and 3.9% respectively, raising con-
cerns about their potentially overly aggressive approach to problem-solving. To corroborate this
finding, we also evaluate the word usage of LLM therapists using LIWC — the gold-standard
lexicon-based method for analyzing psychologically relevant constructs in text (Boyd et al., 2022)
and find a similar trend significantly more Behavioral Activation (Kanter et al., 2010) words
related to identifying goals, problem-solving, and planning (Supplementary Table C.9).

A likely, plausible reason for this problem-solving prominent behavior could be the Rein-
forcement Learning with Human Feedback (RLHF) alignment that these LLMs incorporate. A
key focus of RLHF alignment in LLMs is helping users solve their tasks and provide advice (Bai
et al., 2022; Ouyang et al., 2022). This so-called alignment may lead to LLMs overly focusing on

offering solutions to client’s problems even when LLMs are used as therapists.

LLM therapists respond with higher Normalizing and Psychoeducation, similar to low-quality
human therapy. Also, we we find that GPT-4, GPT-3.5, and Llama2-13b are more frequent in ex-

hibiting NORMALIZING by 24.9%, 13.5%, and 4.4% respectively than average human therapists
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Conversational Behavior Frequency

Figure 4.5: Difference in the frequency of conversational behaviors exhibited by LLM therapists (GPT-4,
GPT-3.5-turbo, Llama2-70b, Llama2-13b), relative to average-, low-, and high-quality human therapy. A:
average-quality, Low: low-quality, and High: high-quality therapy. The direction of the arrow on the x-axis
indicates the direction in which the frequency is increasing (we flip the axis if low-quality is more frequent
than high-quality, such that low-quality is visualized below the average quality marker). Values colored
in indicate desirable behaviors (significantly closer to high-quality than low-quality) whereas values
colored in indicate undesirable behaviors (significantly closer to low-quality than high-quality).
Values in gray are not statistically significantly different from average-quality at p = 0.05 at p = O'mﬁ
using Two-sided Student’s t-test, following Bonferroni correction (m: number of intents tested = 13). Error
bars indicate 95% bootstrapped confidence intervals. A key insight we find is that LLMs respond with
significantly higher PROBLEM-SOLVING (subfigure (a)), similar to low-quality human therapy. On the other
hand, LLMs respond with significantly higher REFLECTIONS ON STRENGTHS (subfigure (1)), similar to high-
quality therapy, but with a frequency that significantly exceeds high-quality therapy.
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(Figure 4.5c). GPT-4, GPT-3.5, and Llama2-70b are also more frequent in exhibiting PsycHOEDU-
CATION by 8.8%, 20.1%, and 5.0% respectively than average human therapists (Figure 4.5d). This
more closely resembles the higher degrees of NORMALIZING and PSYCHOEDUCATION observed in
low-quality therapy, suggesting that such behavior may be undesirable. Such behavior aligns
with previous studies on RLHF data, which have demonstrated that “empathetic” and “infor-
mative” LLM generations are considered more helpful and more preferred based on human

feedback (Sharma et al., 2023c).

Most LLM therapists respond with significantly fewer Questions on Experiences and Ques-
tions on Emotions, similar to low-quality human therapy. Among LLM therapists, we observe
that GPT-4, GPT-3.5, and Llama2-13b are less frequent in exhibiting QUESTIONS ON EXPERIENCES
by 14.2%, 12.9%, and 3.2% than average human therapists (Figure 4.5f). Furthermore, GPT-4,
GPT-3.5, and Llama2-70b are less frequent in exhibiting QuUEsTIONS ON EMOTIONS by 9.5%, 9.8%,
and 2.8% than average human therapists (Figure 4.5g). This more closely resembles the lower
degrees of QUESTIONS ON ExXPERIENCES and QUESTIONS ON EMOTIONS observed in low-quality

therapy, suggesting that such behavior may be undesirable.

LLM therapists respond with more Reflections, unlike low-quality human therapy. Moreover,
all LLM therapists respond with more REFLECTIONS than average-quality human therapy con-
versations in general (Figures 4.5h-m). We find that GPT-4, GPT-3.5, Llama2-70b, and Llama2-
13b are more frequent in exhibiting REFLECTIONS ON EMOTIONS by 3.4%, 7.9%, 4.4%, and 4.0%
respectively than average-quality human therapy. This resembles high-quality human therapy
suggesting that such a behavior may be desirable. All LLM therapists are also above average-
quality therapy in exhibiting REFLECTIONS ON STRENGTHS and REFLECTIONS ON NEEDs. However,
their frequency significantly exceeds high-quality therapy as well, raising concerns about the

desirability of such behavior.

Temporal Order of Behavior - How do LLM therapists structure their conversation

compared to human therapists?

Summary. LLM therapists providing MI support exhibit a temporal ordering of behaviors that

often aligns with low-quality human MI therapy (Figure 4.6; Supplementary Table C.3). For
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Conversational Behavior Temporal Order (Average Turn Number of First Occurrence)

Figure 4.6: Difference in the temporal order of conversational behaviors, operationalized as the turn num-
bers in which behaviors are first exhibited in a conversation by LLM therapists (GPT-4, GPT-3.5-turbo,
Llama2-70b, Llama2-13b), relative to average-, low-, and high-quality human therapy. A: average-quality,
Low: low-quality, and High: high-quality therapy. The direction of the arrow on the x-axis indicates the
direction in which the order is increasing (we flip the axis if low-quality is exhibited later than high-quality,
such that low-quality is visualized below the average quality marker). Values colored in indicate de-
sirable behaviors (significantly closer to high-quality than low-quality) whereas values colored in
indicate undesirable behaviors (significantly closer to low-quality than high-quality). Values in gray are
not statistically significantly different from average-quality at p = %% using Two-sided Student’s t-test,
following Bonferroni correction (m: number of intents tested = 13). Error bars indicate 95% bootstrapped
confidence intervals. Most LLM therapists start providing PLANNING (subfigure (b)) earlier in the conver-
sations but provide NORMALIZING (subfigure (j)) later against common recommendations (Cochran and
Cochran, 2015).
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instance, both tend to offer SoLuTIONS before NORMALIZING.

Most LLM therapists do not prioritize Normalizing before Solutions, similar to low-quality
human therapy. We compare the order between SoLuTiONs and NORMALIZING exhibited by LLM
therapists (Figure 4.6a-b, Figure 4.6j). We find that GPT-4 and Llama2-70b provide PROBLEM-
Sorving 0.5 and 0.9 turns earlier and GPT-4, GPT-3.5, and Llama2-70b provide PLANNING 2.6,
1.8, and 3.2 turns earlier than average-quality human therapy (Figure 4.6a-b). In addition, GPT-4,
Llama2-70b, and Llama2-13b exhibit NorMmALIZING 1.0, 2.1, and 2.3 turns later than average-
quality human therapy. This more closely resembles the earlier expression of SoLuTiONs and
later expressions of NORMALIZING in low-quality therapy than high-quality therapy. Importantly,
previous psychotherapy studies have shown that the earlier focus on providing SOLUTIONS rather
than NORMALIZING may negatively impact the therapeutic relationship both in MI as well as gen-
eral psychotherapy (Cochran and Cochran, 2015; Hill, 2009). This suggests that LLM therapists

often exhibit an undesirable temporal ordering of SoLuTIONS and NORMALIZING.

Most LLM therapists provide Psychoeducation later, similar to low-quality human therapy.
PSYCHOEDUCATION acts as an effective supplement approach to help clients understand ther-
apy, and be better equipped with coping skills (Bhattacharjee et al., 2011). We find that GPT-4,
Llama2-70b, and Llama2-13b first respond with PsycaoEDUCATION 2.2, 2.6, and 3.0 turns later
than therapists from average-quality human therapy respectively (Figure 4.6i). Interestingly, we
do not find significant differences for GPT-3.5. This is more similar to the later expressions of Psy-
CHOEDUCATION in low-quality therapy than high-quality therapy suggesting that such a behavior

may be undesirable.

Psychotherapists commonly begin sessions by imparting psychoeducation to set the objectives
and to outline client expectations (e.g., “In this session, we will focus on cognitive restructuring, which
is a key technique to help with our negative thinking patterns...”). However, our qualitative analysis

suggests that LLM therapists frequently do not start sessions with such psychoeducation.
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Adaptability to Client Behaviors — In what ways do LLM Therapists adapt to different

client behaviors compared to human therapists?

Summary. LLM therapists providing MI support respond to some client behaviors similar to
low-quality human MI therapy (Figure 4.7; Supplementary Tables C.5-C.6). For example, both
respond with more PROBLEM-SOLVING when clients SHARE NEGATIVE EMoTIONS. However, un-
like low-quality human therapy, LLM therapists respond with more REFLECTIONS ON STRENGTHS
when clients express CHANGING UNHEALTHY BEHAVIOR, which may be more desirable due to

their empathetic and validating nature.

If clients express Changing Unhealthy Behavior, LLM therapists respond with significantly
higher Reflections on Strengths, unlike low-quality human therapy. We observe that GPT-4,
GPT-3.5, and Llama2-70b are more frequent in expressing REFLECTIONS ON STRENGTHS by 6.5%,
2.9%, and 2.4% respectively when clients express CHANGING UNHEALTHY BEHAVIOR, compared to
average-quality human therapy (Figure 4.7a). This suggests that LLM therapists tend to reinforce
the strengths of clients towards changing unhealthy behaviors when clients express a desire
or take action to do so. This more closely resembles the higher degrees of REFLECTIONS ON
STRENGTHS behavior observed in high-quality therapy than low-quality therapy, suggesting that

such behavior may be desirable.

If clients express Sustaining Unhealthy Behavior, LLM therapists respond with significantly
fewer Questions on Emotions, similar to low-quality human therapy. When clients express
SuSTAINING UNHEALTHY BEHAVIOR, we find that GPT-4, GPT-3.5, and Llama2-70b are less fre-
quent in exhibiting QUEsTIONS ON EMOTIONS by 8.8%, 8.7%, and 6.7% respectively, compared to
average-quality human therapy (Figure 4.7b). This more closely resembles low-quality therapy,
suggesting that such behavior may be undesirable, potentially hindering the deeper understand-

ing of the sustenance of unhealthy behavior.

If clients Share Negative Emotions, LLM therapists respond with higher Problem-Solving,
similar to low-quality human therapy. We find that GPT-4, GPT-3.5, and Llama2-70b are more
frequent in expressing PROBLEM-SOLVING by 18.1%, 16.6%, and 14.2% respectively when clients

SHARE NEGATIVE EMOTIONS, compared to average-quality human therapy (Figure 4.7d). This
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Therapist Conversational Behavior Frequency Based on Client Conversational Behavior

Figure 4.7: Difference between the frequency of conversational behaviors observed in LLM therapists
(GPT-4, GPT-3.5-turbo, Llama2-70b, Llama2-13b) or low-quality human therapy in response to specific client
behaviors (Adaptability), relative to average-, low-, and high-quality human therapy. A: average-quality,
Low: low-quality, and High: high-quality therapy. The direction of the arrow on the x-axis indicates
the direction in which the frequency is increasing (we flip the axis if low-quality is more frequent than
high-quality, such that low-quality is visualized below the average quality marker). Values colored in

indicate desirable behaviors (significantly closer to high-quality than low-quality) whereas values
colored in indicate undesirable behaviors (significantly closer to low-quality than high-quality).
Values in gray are not statistically significantly different from average-quality at p = %% using Two-sided
Student’s t-test, following Bonferroni correction (m: number of (client, therapist) intents tested = 13*6 =
78). Error bars indicate 95% bootstrapped confidence intervals. Here, a key finding is that LLMs respond
with significantly lower QUESTIONS ON EMOTIONS when clients express SUSTAINING UNHEALTHY BEHAVIOR
(subfigure (b)), similar to low-quality human therapy.
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more closely resembles low-quality therapy than high-quality suggesting that such a behavior

may be undesirable.

If clients share Gained Insights, all LLM therapists respond with fewer Questions on Experi-
ences, similar to low-quality human therapy. When clients express QUESTIONS ON EXPERIENCES,
we find that GPT-4, GPT-3.5, and Llama2-13b express fewer QUESTIONS ON EXPERIENCES by 16.1%,
13.1%, and 11.8% respectively, compared to average-quality human therapy (Figure 4.7f). Asking
fewer QUESTIONS ON ExPERIENCES could indicate lesser engagement with client insights. This
more closely resembles low-quality therapy than high-quality therapy suggesting that such a

behavior may be undesirable.

Generalizability of Bolt to other contexts

Borr is general and could be instantiated to assess different LLM therapists based on varied
therapeutic frameworks. Our main analysis and findings are focused on the High-Low Quality
dataset, which facilitates assessment within a specific therapeutic approach of Motivational In-
terviewing and enables the interpretation of findings within a specific therapeutic framework.
To test the generalizability of our results, we apply Borr on the HOPE dataset that includes
more general therapy. We find highly similar results for all four of our analyses including the
frequency (Supplementary Table C.11), temporal order (Supplementary Table C.13), and adapt-
ability (Supplementary Tables C.15-C.16). This suggests that LLM therapists might be exhibiting
similar behavior more broadly. Future work is needed to assess their behavior on more datasets

and more types of therapeutic frameworks.

Can LLM Behavior be Modulated Towards High-Quality Psychotherapy?

LLMs are being used to support mental health (Hamilton, 2023; Broderick, 2023; Stade et al., 2024;
Youper, 2023; Sharma et al., 2023a,b; Al-Sibai, 2023; Reddit-1, 2023; Twitter, 2023), but the behav-
ior of LLM therapists often differs significantly from high-quality human therapy. Therefore, it
is crucial to develop methods that make them more consistent with high-quality care.

Here, we perform one specific experiment to study whether variations in prompts may help in

modulating their behavior toward high-quality therapy. We noticed that LLM therapists respond
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Figure 4.8: We incorporate simple prompts that aim to calibrate LLM therapists, specifically (a) increase
QUESTIONS ON EXPERIENCES, (b) decrease PROBLEM-SOLVING, and (c) decrease NORMALIZING. Subfigures
show changes in the frequency of conversational behaviors based on changes in prompts to different
LLM therapists (GPT-4, GPT-3.5 turbo, Llama2-70b, Llama2-13b). Changes to individual LLMs are shown
in pairs (left — Original prompt; right — modulated prompt). The corresponding high-quality human
therapy behavior frequency is shown as green dashed lines. For instance, GPT-4 increases the frequency
of QUESTIONS ON EXPERIENCES from 29.9% to 57.0% with the modulated prompt. In general, we find that
only GPT-4 is able to modulate behavior frequency to a statistically and practically significant amount into
the desired direction always, whereas the modulation is inconsistent for other models. Error bars indicate
95% bootstrapped confidence intervals.

less with QUESTIONS ON EXPERIENCES, more on PROBLEM-SOLVING, and more on NORMALIZING

than human high-quality therapy (Figure 4.8, Results).

We noticed that LLM therapists respond less with QUESTIONS ON EXPERIENCES, more on
PROBLEM-SOLVING, and more on NORMALIZING than human high-quality therapy (Figure 4.8, Re-
sults). Here, we vary our original system prompt stated in Methods to: (a) increase QUESTIONS
ON EXPERIENCES, by adding an instruction that asks LLMs to “focus more on asking questions to
allow client to express their experiences”, (b) decrease PROBLEM-SOLVING, by adding an instruction
that asks LLMs to “focus less on offering possible solutions to client’s problem”, and (c) decrease NOR-
MALIZING, by adding an instruction that asks LLMs to “focus less on validating client’s experiences
or feelings as normal, on sympathizing with their challenges, and on providing reassurance”. Figure 4.8

shows the effects of this modulation on GPT-4, GPT-3.5 turbo, Llama2-70b, and Llama2-13b.

Only GPT-4 is able to modulate these behaviors successfully. We find that only GPT-4 is able
to successfully modulate the three behaviors in the intended direction, whereas the behavior
modulation of GPT-3.5, Llama2-70b, and Llama2-13b is inconsistent (Figure 4.8). Specifically,

GPT-4 increases the occurrence of QUESTIONS ON EXPERIENCES from 29.9% to 57.0%, decreases
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the PROBLEM-SOLVING behavior from 47.6% to 26.5%, and decreases NORMALIZING behavior from

21.9% to 10.5%.

GPT-3.5 is able to increase behavior frequency successfully, but does not decrease behavior
frequency. Certain behaviors (e.g., QUESTIONS), might necessitate an increase in frequency, while
others may call for less frequent occurrences (e.g., SOLUTIONS) depending on what is preferred in
high-quality care. We observe that GPT-3.5 has better modulation performance when increasing
QUESTIONS ON EXPERIENCES — it increases such questions from 31.4% to 43.9%. However, it attains
unsatisfactory performance when decreasing PROBLEM-SOLVING (a reduction in frequency from

40.1% to 39.2%) and decreasing NORMALIZING (a reduction in frequency from 21.9% to 20.5%).

Llama2 variants perform better with the modulation of decreasing a behavior rather than in-
creasing. Llama2-70b and Llama2-13b, in contrast to GPT-3.5, are able to decrease the frequency
of behaviors but not increase them when required for modulation. Specifically, for PROBLEM-
SoLvING, Llama2-70b decreases the behavior frequency from 34.3% to 20.2%, and Llama2-13b
decreases it from 28.0% to 12.4%. For NORMALIZING, they decrease the frequency from 9.6% to
4.5%, and from 13.7% to 4.7% respectively. However, they fail to successfully increase the fre-
quency of QUESTIONS ON EXPERIENCES. Llama2-70b slightly decreases the behavior frequency

from 48.0% to 46.5%, and Llama2-13b decreases the behavior frequency from 40.1% to 32.3%.

Overall, our findings indicate that the ability to modulate the LLM behavior to a statistically
and practically significant amount is inconsistent across LLMs. Currently, people using LLMs
as therapists may struggle to modulate LLM behaviors to a desired direction always, potentially
compromising the quality of care. Even if that was possible, most users do not have the expertise
to design effective LLM prompts (Zamfirescu-Pereira et al., 2023), and may not possess a clear
understanding of what constitutes quality psychotherapy. Future LLMs with improved prompt

tuning may enable better control over behaviors.

4.2.3 Discussion

This section discusses our findings” implications for using LLMs for psychotherapy.
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Frequency Order Adaptability Aggregate (Average)
v X ? v X ? v X ? v X ?

GPT-4 30.8% 46.2% 23.0% 462% 7.7% 46.1% 24.3% 42.3% 33.4% 33.7% 321% 34.2%
GPT-35 385% 61.5% 0.0% 23.1% 154% 61.5% 24.4% 359% 39.7% 28.7% 37.6% 33.7%
Llama2-70b 38.5% 30.8% 30.7% 46.2% 15.4% 38.4% 30.8% 282% 41.0% 38.4% 24.8% 36.7%
Llama2-13b 30.8% 30.8% 38.4% 30.8% 23.1% 46.1% 23.1% 20.5% 56.4% 282% 24.8% 47.0%

Model

Table 4.2: Percentage of analysis in which the models were found to be desirable (v), undesirable (X),
or uncertain (?). On one hand, in some cases, LLMs demonstrate desirable behaviors resembling high-
quality therapy, which could be promising. However, the prevalence of undesirable behaviors resembling
low-quality therapy is concerning. These behaviors deviate from established therapeutic guidelines and
could affect the overall quality of care.

More research is needed to ensure quality care

LLM technologies hold great promise to improve the access to mental health support through
scalable interventions that can reach a large population (De Choudhury et al., 2023). To illus-
trate this potential, developers and end users have shared anecdotal examples on social media
and other platforms that demonstrate striking similarities between LLMs like ChatGPT and hu-
man therapists (e.g., being able to problem-solve (Twitter, 2023) or being heard (Reddit-1, 2023;
Reddit-2, 2023)). This is prompting developers and users alike to substitute human therapists
and established, evidence-based techniques with them. Many people are now choosing LLM
therapists to work through their mental health issues (Al-Sibai, 2023; Reddit-1, 2023; Twitter,
2023).

However, our research suggests that LLM therapists currently often resemble the behavior of
therapists in low-quality therapy rather than high-quality therapy sessions. Table 4.2 summarizes
the number of instances in which the LLM therapist behavior was found to be desirable (v'), un-
desirable (X), or uncertain (?). We can interpret these reuslts from multiple perspectives. On one
hand, some behaviors show promise aligning more closely high-quality therapy than low-quality
therapy. Conversely, the prevalence of undesirable behaviors closer to low-quality therapy could
be a cause for concern. These behaviors deviate from established treatment methods and are
discouraged according to psychotherapy recommendations. This may result in inferior and pos-
sibly harmful interactions, or unhealthy relationships between clients and LLMs, affecting overall
therapeutic alliance and quality of care (Horvath, 2001; Fairburn and Cooper, 2011). Our results

suggest that more research is needed to ensure high-quality care, consistent with concerns raised
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by experts about the lack of evidence supporting the efficacy of LLMs and the risks associated
with their use for mental health support (Stade et al., 2024; De Choudhury et al., 2023; Li et al.,
2020; Tate et al., 2023).

LLM training prioritizes certain behaviors, but psychotherapy applications exhibit

conflicting needs

Our research identifies behaviors that LLMs currently overemphasize (e.g., PROBLEM-SOLVING)
or underemphasize (e.g., asking QUESTIONS), which are actually more closely associated with
low-quality therapy sessions. The overemphasized /underemphasized behaviors could have been
learned during RLHF which LLM-training organizations use to align LLM behaviors with human
preferences and improve model performance (Bai et al., 2022; Ouyang et al., 2022). However, such
behaviors may not be preferable across all settings, including not in mental health. Current RLHF
alignment focuses on short-term outcomes like the helpfulness of the immediate next response
(Bai et al., 2022; Ouyang et al., 2022). However, mental health prioritizes longer-term outcomes
like assessing behavioral change across multiple sessions (Lambert, 2013). Such a notion may
affect which behaviors are emphasized at different stages of a conversation.

Recent studies advocate for a pluralistic alignment of LLMs to accommodate diverse values
and perspectives (Sorensen et al., 2024). In particular, RLHF optimizing for a reward from a
single user is insufficient in representing diverse human preferences (Chakraborty et al., 2024)
and is insufficient for tailoring LLMs to specific contexts like therapy. This reward is currently
based on a “third person without relevant expertise,” which is unlikely to train LLMs to exhibit
the behaviors in therapy. This highlights the need for a human-centered approach in building
these models that considers the unique requirements of different applications, such as the quality

of care in healthcare.

Need for public, transparent evaluation methods to inform development, deployment,

and adoption of LLM-supported mental health applications

As LLMs are integrated with new and existing mental health interventions in both commercial

(Hamilton, 2023; Broderick, 2023; Youper, 2023) and academic settings (Stade et al., 2024; Sharma
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et al., 2023a,b; Hsu et al., 2023; Xu et al., 2023), it is important to have public, transparent, trusted
means of evaluating LLMs. Our framework serves as an initial step towards this goal. More work
is needed to comprehensively assess LLM use in mental health, particularly in terms of quality,
safety, and ethical considerations (De Choudhury et al., 2023; Pendse et al., 2022; Huang et al.,
2023; Duffourc and Gerke, 2023; De Freitas et al., 2022; Weidinger et al., 2021). This important
line of research could build upon the qualitative perspectives offered by mental health experts
and researchers (De Choudhury et al., 2023; Chung et al., 2023; Stade et al., 2024) and quality,
safety, and ethical considerations set up in psychotherapy research (Miller and Rollnick, 2012;
Lambert, 2013; Fairburn and Cooper, 2011; Barlow et al., 1999; Waltz et al., 1993).

4.3 Related Work

Recent research has offered qualitative insights into the opportunities, challenges, and risks as-
sociated with using Al systems for mental health (De Choudhury et al., 2023; Chung et al., 2023;
Stade et al., 2024; Dash et al., 2023). Our work develops evaluation methods for systematic quan-
titative assessment of the behavior and quality of Al systems used for mental health support.
Researchers have also developed LLM-based systems to assist mental health applications (Hsu
et al., 2023; Xu et al., 2023; Perez-Rosas et al., 2023; Pérez-Rosas et al., 2022). Our work serves
as an initial step towards how such systems can be more thoroughly evaluated through clinical

trials as well as automated assessment.

More broadly, research has assessed the use of LLMs in psychology (Demszky et al., 2023),
computational social science (Ziems et al., 2023), and other related applications (Bail, 2023; Clus-
mann et al., 2023). Also, various works have developed methods to evaluate LLM behavior
including their alignment with US demographic groups (Santurkar et al., 2023), investigating the
degree to which model responses correspond with user beliefs (Sharma et al., 2023c), evaluat-
ing their ability to comprehend psychological emotional stimuli (Li et al., 2023), and studying
whether LLM generations are grounded in dialogue acts (Shaikh et al., 2023). Our study aims to
further this body of work by evaluating the behavior of LLMs in responding to clients who are

seeking mental health support in response to clients seeking mental health support.
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4.4 Summary of Contribution to Thesis

This chapter delves into the evaluation of efficacy and safety of -Al collaboration systems for
mental health. Through a clinical trial with human participants, we showed that Al-based self-
guided cognitive restructuring intervention demonstrates superior short-term efficacy and long-
term engagement as compared to traditional approaches, while maintaining similar levels of
long-term efficacy. We also develop a guiding framework for ethical and safety considerations.
Moreover, we proposed BoLt, a novel computational framework to systematically assess the
conversational behavior of LLMs when employed as therapists. Our analysis revealed that LLMs

often resemble behaviors more commonly exhibited in low-quality therapy rather than high-

quality therapy.
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Chapter 5

Conclusion

51 Summary of Contributions

Approximately 20% of people worldwide are experiencing mental health problems, but less than
half receive any treatment (WHO, 2022; Olfson, 2016). Due to widespread clinician shortages,
lengthy waiting lists, and lack of insurance coverage, many vulnerable individuals have limited
access to therapy and counseling. In addition, mental health issues are heavily stigmatized,
which frequently prevents individuals from seeking appropriate care (Sickel et al., 2014).

My dissertation research aimed to bridge this critical gap between need and access to men-
tal health support. I built and evaluated human-Al collaboration systems to support people
who seek mental health support and people who provide mental health support by developing
human-centered NLP methods and designing and deploying human-AlI interaction.

In Chapter 2, I developed a human-Al collaboration approach for helping untrained peer sup-
porters write more empathic responses. I introduced a new task of empathic rewriting to transform
low-empathy conversational posts to higher empathy. I proposed PARTNER, a deep reinforcement
learning agent that learns to make sentence-level edits to posts to increase the expressed level
of empathy while maintaining conversation quality. Through a randomized controlled trial with
real-world peer supporters on TalkLife, a large online peer-to-peer support platform, I showed
that our human-AlI collaboration approach leads to a 19.6% increase in expressed empathy overall
and a 39% increase for those who report challenges in providing empathic support.

Fully replacing humans with Al for empathic care has previously drawn skepticism from
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psychotherapists (Blease et al., 2020; Doraiswamy et al., 2020). My findings suggest that it is
feasible to empower untrained peer supporters with appropriate Al-assisted technologies in rel-
atively lower-risk settings, such as peer-to-peer support (Lee et al., 2021; Vaidyam et al., 2021;
Miner et al., 2019; Imel et al., 2015; Kazdin and Blase, 2011). Moreover, empathy is complex
and nuanced (Davis et al., 1980; Riess, 2017; Blease et al., 2020; Doraiswamy et al., 2020) and
thus presents a greater challenge for Al than many other human-AI collaboration tasks, such
as checking grammar in text or scheduling therapy appointments. My thesis develops novel
computational techniques to effectively model empathy.

Next, in Chapter 3, I investigated how human-Al collaboration can support people who
seek support through self-guided mental health interventions. I took cognitive restructuring,
an evidence-based therapeutic technique to overcome negative thinking (Beck, 1976), as a case
study. In a large-scale randomized field study on a large mental health website with 15,531
participants, I designed and evaluated a system that uses language models to support people
through various steps of cognitive restructuring. My findings revealed that our system positively
impacts emotional intensity for 67% of participants and helps 65% overcome negative thoughts.
Although adolescents reported relatively worse outcomes, we found that tailored interventions
that simplify language model generations improve overall effectiveness and equity.

My findings open up opportunities for improved learning and practicing of key mental health
strategies and coping skills through human-AI collaboration interventions. Such interventions
could complement traditional treatment options, e.g., by being accessible to users when they have
difficulties finding a therapist, or in between sessions. Also, my thesis develops novel compu-
tational techniques to effectively model the cognitively difficult process of effectively reframing
people’s negative thoughts.

Finally, in Chapter 4, I studied how we can evaluate the efficacy and safety of human-AlI col-
laboration systems for mental health. Through a clinical trial with human participants, I showed
that Al-based self-guided cognitive restructuring intervention demonstrates superior short-term
efficacy and long-term engagement as compared to traditional approaches, while maintaining
similar levels of long-term efficacy. Moreover, I proposed BoLt, a novel computational framework
to systematically assess the conversational behavior of LLM therapists. My analysis revealed that

LLMs often resemble behaviors more commonly exhibited in low-quality therapy rather than
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high-quality therapy.

My thesis contributed two human-Al collaboration systems to support mental health and
well-being. The first system helped untrained peer supporters on online peer-to-peer support
platforms express empathy more effectively. The second system assisted individuals in self-
guided cognitive restructuring of negative thoughts. I demonstrated the effectiveness of these
systems through randomized controlled trials with real-world participants in ecologically valid
settings. My cognitive restructuring system has been deployed in the real-world by Mental
Health America.

Broadly, my thesis makes significant technical contributions to the fields of artificial intelli-

gence, natural language processing, human-computer interaction, psychology, and mental health.

5.2 Future Work

This dissertation made significant progress in developing human-Al collaborative systems to
support mental health and well-being. However, several directions remain to be explored to

maximize the impact of these systems and facilitate their widespread adoption.

5.2.1 Long-term Assistance

Current human-Al collaboration systems excel as short-term, in-the-moment assistants. As
shown in my dissertation work, they can assist individuals in short-term tasks such as rewriting
messages to make them more empathetic or suggesting different ways of thinking. However, for
mental health and well-being, long-term outcomes are critical. While an intervention might ini-
tially regulate emotions and reduce the symptoms of a mental illness, it is the sustained impact
over time that truly reveals its effectiveness. Without sustained effects, the symptoms are likely
to resurface. Moreover, when used long-term, the intervention needs to incorporate the changing
user skill levels over time. This raises the critical question of how to design human-AlI collabora-
tion systems that adapt to evolving user contexts over extended periods. Future research could
explore how to effectively model long-term user behavior, intentions, and goals. This would
enable human-AlI collaboration systems that offer a more personalized and adaptive experience

by understanding long-term behavior dynamics, ultimately leading to improved mental health
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outcomes.

5.2.2 Robust Safety Evaluation

Another significant challenge that I have identified during my dissertation work is designing
frameworks for more robust safety assessments of human-AlI collaboration systems designed for
the high-risk setting of mental health. Current Al safety benchmarks primarily focus on broader
societal harms like hate speech, discrimination, and misinformation (Ganguli et al., 2022; Gehman
et al., 2020). While these are important, they often fail to address the nuanced and individual-
level risks that can disproportionately affect people with psychological vulnerabilities. Due to the
vulnerability of individuals seeking mental health support, LLM responses, even if detrimental,
may be perceived as helpful, leading to “pathological helpfulness”(Oakley et al., 2011) by LLMs
that could exacerbate existing mental health conditions or even trigger new ones. Consider
a scenario where a person struggling with an eating disorder is interacting with an LLM. If
the LLM, perhaps in response to a query about weight loss, provides information or advice
that encourages further efforts into weight loss, it could potentially exacerbate their disorder.
The person may interpret the LLM’s responses as validation or reinforcement of their harmful
beliefs, leading to increased distress and potential escalation of their psychological behaviors.
However, similar weight loss advice given to someone without an eating disorder might not
have the same negative impact. They may be able to interpret the information more objectively
and make informed decisions about their health. Future work could focus on developing more
fine-grained safety benchmarks that account for individual vulnerabilities, incorporating diverse
user feedback and needs, and establishing ethical guidelines for responsible LLM deployment
in sensitive contexts. Such an objective is aligned with growing calls for more comprehensive
and nuanced safety evaluations in mental health settings (De Choudhury et al., 2023; Stade et al.,
2024).

5.2.3 Adapting to Other Applications and Contexts

My thesis modeled key human-AlI collaboration behavior for mental health and well-being. Fu-

ture work could adapt this research to other applications such as providing feedback on writing
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and interpersonal communication (Lin et al., 2024; Fu et al., 2024), facilitating skill learning for
students (Hofman et al., 2023), correcting misinformation (Zhou et al., 2024), improving work-
place practices and productivity (Butler et al., 2023), and fostering creativity (Chakrabarty et al.,
2024). Moreover, while my thesis focused on text-based interactions, the underlying principles
could adapted to in-person contexts. For example, our human-AlI collaboration system to help
people express empathy more effectively could be extended to improve broader in-person inter-
personal communication. Similarly, through human-AlI collaboration, we can support students

in learning different skills, potentially providing personalized feedback and teaching.
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Chapter A

Supplementary Materials for Human-AlI
Collaboration to Empower People

Providing Support

A.1 Data Collection Details

Annotation Instructions

For each (seeker post, response post) pair, the annotators were asked the following four questions:

1. (Mental Health Related) Is the seeker talking about a mental health related issue or situa-

tion in his/her post?!

* Yes

e No

2. (Emotional Reactions) Does the response express or allude to warmth, compassion, con-

cern or similar feelings of the responder towards the seeker?

e No

* Yes, the response alludes to these feelings but the feelings are not explicitly expressed

1We use this question for filtering non-mental related posts from the data collection process
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* Yes, the response has an explicit mention of these feelings

3. (Interpretations) Does the response communicate an understanding of the seeker’s experi-

ences and feelings? In what manner?

* No
* Yes, the response communicates an understanding of the seeker’s experiences and/or

feelings

If the answer to the above question was "Yes", the annotators were further asked to annotate

one or more of the following:
¢ The response contains conjectures or speculations about the seeker’s experiences and/or
feelings
¢ The responder has reflected back on similar experiences of their own or others
¢ The responder has also described similar experiences of their own or others
¢ The response contains paraphrases of the seeker’s experiences and/or feelings
4. (Explorations) Does the response make an attempt to explore the seeker’s experiences and
feelings?
* No
* Yes, but the exploration is generic
* Yes, and the exploration is specific

The detailed instructions can be found at https:/ /mhannotate-test.cs.washington.edu/annotate /

readme.html.

Interactive Training of Crowdworkers

The crowdworkers on Upwork were initially provided with our entire annotation instructions
and an interactive training system? containing ten examples. After this initially automated train-

ing, we scheduled a lhour long phone call with them to discuss our annotation instructions

2This system contained prompts of manually written feedback for both correct and incorrect annotations.
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and annotation interface. During the phone call, crowdworkers also asked questions on the an-

notation guidelines which greatly helped in addressing potential ambiguities. After the phone

call, we assigned them 20 tasks each (randomly chosen; different for each crowdworker). We

manually evaluated the annotations on those 20 tasks. Based on the evaluation, we either de-

cided to discontinue with the crowdworker (there were two such crowdworkers) or we provided

them further manual feedback. Throughout the process, crowdworkers actively asked questions

through the chat feature on Upwork. After the initial training phase, we also did spot checks

on quality (at least two times for each crowdworker; > 20 posts each) to provide them further

feedback.?

A.2 Reproducibility

Implementation Details

Code. Our codes are based on the huggingface library (https://huggingface.co/). We make

them publicly available at https://github.com /behavioral-data/Empathy-Mental-Health.

Seed Value. For all our experiments, we used the seed value of 12.

Hyperparameter Fine-tuning

We searched through the following space of hyperparameters for fine-tuning our model:

¢ learning rate = le-5, 2e-5, 5e-5, le-4, 5e-4

3Crowdworkers only needed minor feedback on these posts.

Train Dev Test

Data No Weak  Strong No Weak  Strong No Weak  Strong

Source
Emotional TalkLife 52.02% 41.55% 6.43% 49.44% 44.66% 590% 52.28% 41.27% 6.45%
Reactions Reddit  65.80% 29.52% 4.68%  66.87% 26.88% 6.25% 66.98% 27.39% 5.63%
InteroretationalkLife  78.39%  3.33%  18.28% 77.20%  4.00% 18.80% 79.26%  2.69%  18.04%
P Reddit 54.59% 3.63% 41.77% 48.12% 437%  47.5% 48.83% 3.91%  47.26%
Explorations AlKLife  72.87% 10.56% 16.57% 73.88% 10.11% 16.01% 73.40% 11.09% 15.51%
P Reddit  83.41% 3.80% 12.79% 89.94% 62.89% 9.44% 85.60% 3.13% 11.27%

Table A.1: Train/Dev/Test Splits.
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Runtime Analysis

Domain-Adaptive Pre-training Time. We conducted domain-adaptive pre-training on four RTX
2080 Ti GPUs. Pre-training S-Encoder took around 22 hours. Pre-training R-Encoder took around

38 hours. Both are pre-trained for three epochs.

Model Training Time. We trained our model on one RTX 2080 Ti GPU. The training approxi-

mately takes five minutes. Our model is trained for four epochs.

Train, Dev, Test Splits

We split both the datasets into train, dev, and test sets in the ratio of 75:5:20. Table A.1 contains

the statistics of the train, dev, and test splits.

Number of Parameters

The total number of parameters of our model = 2 * number of parameters of RoOBERTagasg +

parameters in the linear layers ~ 2*125M + 2 * .5M = 251M

Reddit dataset

The entire Reddit dataset can be accessed through its archive on Google BigQuery at https:

/ /bigquery.cloud.google.com/table/th-bigquery:reddit_comments.2015_05?pli=1

A.3 Potential Confounding Factors in Analysis of Variation of Empa-
thy over Time
We note that such an analysis can be affected by several confounding factors such as old vs. new

users, user dropout, and low activity of several users. To account for these factors, we stratify

users by the year in which they started supporting on the platform (2015, 2016, 2017) and analyze
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Figure A.1: Empathy over time analysis of various user groups. We find similar trends across multiple
groups.
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the average levels of empathy during subsequent years in each stratum. We further filter users
with < 10 posts and only consider users who stay on the platform for at least a year.

In addition, we analyze various user groups but observe similar trends (Fig. A.1).

A.4 Randomized Controlled Trial Details
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Table A.2: Description of our randomized controlled trial (RCT) study population, setting and model,
following reporting standards for artificial intelligence in health care from Hernandez-Boussard et al.

(2020)

Feature

Description

Study population and setting

- Population:
- Study setting:

- Data collected in
RCT:

- Cohort selection:

- Registration:

300 TalkLife users; 161 in Human Only (control); 139 in Human + Al (treatment).
Non-clinical, online platform outside of TalkLife to ensure platform users’ safety,
through an interface similar to TalkLife’s chat feature.

Participants responded to 10*300=3000 seeker posts (1500 unique seeker posts
duplicated across control and treatment), generating 3000 responses (1610 in
control, 1390 in treatment). An independent set of 50 participants rated 1390
pairs of control and treatment responses on empathy preference.

Participants were sent a recruitment request after they submitted a response on
the TalkLife platform, with an aim of targeting active peer supporters. Partici-
pants were excluded if they dropped out of the study before completion.

We did not pre-register on ClinicalTrials.gov because our study was conducted
in a non-clinical setting.

Participant demographic characteristics

- Age:
- Gender:
- Race/Ethnicity:

Mean=26.3 years; Std=9.5 years

Female: 54.3%; Male: 36.7%; Non-binary: 7.3%; Preferred not to say: 1.7%
White: 45.7%; Asian: 20.3%; Hispanic or Latino: 10.7%; Black or African Amer-
ican: 10.3%; Pacific Islander or Hawaiian: 0.7%; American Indian or Alaska
Native: 0.3%; Preferred not to say: 12.0%

Hailey’s modeling components

- Model output:

- Target user:

- Data splitting:

- Gold standard:

- Model task:
- Model architecture:

- Optimization:

- Internal validation:
- External validation:

- Transparency:

Empathic rewriting of the response post

Peer supporter (users who provide peer-to-peer support to the support seeker)
Training: 3.2M; Test: 0.1M; Validation: 0.1M (seeker post, response post) pairs
180 empathic rewritings from human therapy experts used for evaluation of the
original PARTNER model

Text generation

Deep reinforcement learning with a transformer based language model as its
policy.

Based on reward functions to increase empathy in posts and maintain text flu-
ency, sentence coherence, context specificity, and diversity.

Automatic and human evaluation on hold-out test set.

The empathy scale used in HAILEY and PARTNER has been shown to correlate
with “likes” from the support seeker and the forming of relationships b/w sup-
port seekers and peer supporters, consistent with empathy theory (Bohart et al.,
2002; Elliott et al., 2011; Watson et al., 2002). Our present randomized controlled
trial represents an external evaluation of the rewriting modeling components of
HAILEY and PARTNER.

Data is available from TalkLife through a Data License Agreement; code is avail-
able via GitHub (github.com/behavioral-data/PARTNER).
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Figure A.2: Empathy training used in our study. Participants in both the Human + AI (treatment) and
Human Only (control) groups received the same training. The training included the empathy definition,
a framework of common ways of expressing empathy in responses, and examples of empathic responses.
This ensures that participants were working under similar understandings of empathy. In practice, such
training is very rare and the effect of training typically diminishes over time. The identified difference in
empathy between treatment and control groups in our study therefore conservatively estimates the impact
of our Al-in-the-loop feedback system, and not baseline differences in empathy definitions. The effect in
practice may be larger than the intentionally conservative estimates produced here, as such training is
uncommon on current mental health platforms.

Expressing empathy in responses

A key component of your responses should be empathy -- You should try and express empathy towards the seeker in
your responses.

Empathy

Empathy is the ability to understand or feel the emotions and experiences of others and express that understanding in
responses.

We adopt the widely-popular Roger's (1980) definition of empathy which highlights both perspective-taking processes
and the bodily-based emotional simulation processes of empathy:

« "[Empathy is] the therapist’s sensitive ability and willingness to understand the client’s thoughts, feelings
and struggles from the client’s point of view (p. 85).... "It means entering the private perceptual world of the
other...being sensitive, moment by moment, to the changing felt meanings which flow in this other person... It
means sensing meanings of which he or she is scarcely aware." (Elliot et al.)

Empathic Responses
Since the focus here is on writing empathic responses, expressing empathy in responses is key. Empathic responses

typically involve:

* Reacting with emotions felt after reading a post (e.g., / feel sorry for you)
+ Communicating an understanding of feelings and experiences (e.g., This must be terrifying)
* Improving understanding by exploring feelings and experiences (e.g., Are you feeling alone right now?)

Examples of empathic responses

Seeker Post: My whole family hates me.
Response Post: |I'm sorry to hear about your situation. If that happened to me, | would feel really isolated.

Seeker Post: | feel like nobody cares about my existence.
Response Post: It's hard to find others who can relate. | feel the same.

Seeker Post: | can't deal with this part of my bipolar. | need help.
Response Post: Being manic is no fun. It's scary! I'm sorry to hear this is troubling you. Try to relax. Anyone
you can talk to?

We will now start the study!
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Figure A.3: Comparison of Human Only (control) and Human + Al (treatment) responses with Al Only
responses (generated directly from PARTNER(Sharma et al., 2021), the deep reinforcement learning model
for empathic rewriting, used as a foundation for HAILEY (Methods)). (a) Through human evaluation
from an independent set of TalkLife users, we found that AI Only responses have a similar preference
as the Human + Al responses (48.2% vs. 46.9%; N=161; p=0.23; Two-sided Student’s t-test) but a higher
preference than the Human Only responses (48.2% vs. 37.4%; N=139; p=3.3 * 10~5; Two-sided Student’s
t-test). (b) Automatic estimation of empathy, on the contrary, suggested that Al Only responses have
a higher expressed empathy score compared to Human + Al responses (2.10 vs. 1.77; N=139; Cohen’s
d=0.28; p=5.3 * 10~ 13; Two-sided Student’s t-test). Importantly however, note that the AI Only responses
were optimized on the same scoring function that we use to automatically estimate empathy, which likely
explains the high scores of the Al Only approach. (c) However, while the authenticity of Human Only
and Human + Al responses was comparable (69.6% vs. 65.4%; N=139; p=0.01; Two-sided Student’s t-test),
the authenticity of Al Only responses was significantly lower (36.5% vs. 65.4%; N=161; p=3.7 x 10~%; Two-
sided Student’s t-test). This highlights the key issue of authenticity with using Al Only, alongside safety,
privacy, bias and other unintended consequences in the high-risk setting of mental health. To summarize,
we find that Human + Al is the only approach that leads to both high empathy and high authenticity. The
point estimates represent the mean and the error bars represent bootstrapped 95% confidence intervals.
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Figure A.4: Perceptions of Human + Al (treatment) group participants as reported in phase IV (post-
intervention survey). We observed that more than 63.3% of participants found the current feedback help-
ful, 60.4% found it actionable and 69.8% of participants self-reported feeling more confident at providing
support after our study. Also, 77.7% of participants wanted this type of feedback system to be deployed
on TalkLife or other similar peer-to-peer support platforms, indicating potential opportunities for deploy-
ment in real-world.
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Figure A.5: Comparison of our rewriting-based Al treatment with a secondary classification-based Al
treatment. A classification-based Al treatment provided participants with an option to request empathy
classification scores for their responses, as opposed to the more granular feedback consisting of concrete
suggestions to edit responses in our primary rewriting-based approach (Supplementary Figure A.6). Our
hypothesis was that such a treatment should be less actionable and is likely to lead to less empathic re-
sponses than the rewriting-based treatment. In our study, we assigned a secondary classification-based
treatment to 10% of the incoming participants at random (N=30). (a) Through human evaluation from
an independent set of TalkLife users, we found that the Human + Classification responses have a sig-
nificantly lower preference than the Human + Rewriting responses (37.9% vs. 47.8%; N=30; p=0.002;
Two-sided Student’s t-test). (b) Automatic estimation of empathy, on the contrary, suggested that the Hu-
man + Classification responses have a higher expressed empathy score compared to Human + Rewriting
responses (2.24 vs. 1.77, N=30; Cohen’s d=0.37; p=4.7 10~%; Two-sided Student’s t-test). As the same
score is also exposed to participants just-in-time in the classification-based treatment, it may have led
participants to be put particular emphasis on a high expressed empathy score, which participants in the
rewriting-based treatment feedback didn’t have direct access to. (c) We found that less participants in the
classification-based treatment group agree on deploying the system on TalkLife than the rewriting-based
treatment (63.3% vs. 77.7%; N=30; p=0.0998; Two-sided Student’s t-test; Supplementary Figure A.4). Also,
we observed that more participants in the classification-based treatment disagree on its actionability than
participants in the rewriting-based treatment, but the difference may not be statistically significant due to
the limited power (23.3% vs. 12.2%; N=30; p=0.1154; Two-sided Student’s t-test). The area of the points in
the plots is proportional to the number of participants in the respective control/treatment conditions. The
point estimates represent the mean and the error bars represent bootstrapped 95% confidence intervals.
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Figure A.6: Interface of our classification-based Al treatment (Supplementary Figure A.5). (a) Partici-
pant is asked to write a supportive, empathic response and given an option to receive feedback. (b)
Participant starts writing the response. (c¢) Participant clicks on the “Get Feedback” button to request
classification-based feedback. The feedback consists of classification scores on three empathy commu-
nication mechanisms — Emotional Reactions, Interpretations, and Explorations. (d) Participant edits the
response based on the classification scores, often improving on the communication mechanisms with low
scores and requests “More Feedback” if needed.
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Figure A.7: Both Human Only (control) and Human + Al (treatment) group participants showed a sig-
nificant drop in empathy levels in the last 5 responses of our study. With Human + Al, however, we
observed a significantly lower drop in empathy (5.3% vs. 26.0%; N=139; p=0.0062; Two-sided Student’s
t-test). This indicates the effectiveness of just-in-time Al feedback in alleviating challenges like empa-
thy fatigue, associated with providing mental health support. The empathy differences between Human
Only (N=161) and Human + AI (N=139) responses are statistically significant for both first 5 and last 5
responses (p=1.1* 10~8; Two-sided Student’s t-test). The point estimates represent the mean and the error
bars represent bootstrapped 95% confidence intervals.
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Figure A.8: Comparison of existing Human Only responses on TalkLife with Human Only and Human
+ Al responses in our study. Human Only responses on TalkLife had significantly lower preference for
empathy (18.4% vs. 37.4% vs. 46.9%; N=139; p=1.4 x 10~°; Two-sided Student’s t-test) and significantly
lower expressed empathy score (1.11 vs. 1.48 vs. 1.77; p=2.8 * 10~%; Two-sided Student’s t-test). This
difference might be attributed to the additional initial empathy training provided to participants, as well as
a potential selection effect in our study that may have attracted Talklife users who particularly care about
expressing empathy in supporting others. As our study shows that Human-AI collaboration improves
empathy expression even for those participants who already express empathy more often, practical gains
for the average user of the Talklife platform could be even higher. The point estimates represent the mean
and the error bars represent bootstrapped 95% confidence intervals.
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Figure A.9: Qualitative examples of just-in-time Al feedback provided to participants by HAILEy. In
(b) and (c), the original peer supporter response was empty. Seeker posts in these examples have been

paraphrased for anonymization.
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Figure A.10: The distribution of post and response lengths. The seeker posts in our dataset had a mean
length of 25.9 words, a standard deviation of 25.3 words and a median of 18.0 words. The response posts
collected in our study had a mean length of 25.9 words, a standard deviation of 34.6 words and a median
of 19.0 words. Also, Human + Al responses (mean = 22.4 words; std = 34.6; median = 19.0) were 28.9%
shorter in length compared to Human Only responses on average (mean = 32.1 words; std = 44.4; median
= 21.0; p < 0.001; Two-sided Student’s t-test). In addition, we found that Human + Al responses had 5.2%
higher diversity than the Human Only responses based on the Distinct-1 metric(Li et al., 2016a), which
computes the number of distinct unigrams divided by the total number of tokens (0.146 vs. 0.139; p =
0.019; Two-sided Wilcoxon signed-rank test).
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Figure A.11: Background and demographics of participants in Human Only (control) and Human + Al

(treatment) groups, as reported in phase I (pre-intervention survey).
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Figure A.12: Differences between expressed empathy scores of participants in Human Only (control) and
Human + Al (treatment) groups, stratified by demographics of participants and their prior experience
with online peer support. The area of the points is proportional to the number of participants in the
respective categories. The point estimates represent the mean and the error bars represent bootstrapped
95% confidence intervals.

(a) Gender (b) Age
e Human Only === Human + Al em===Human Only e===Human + Al
v30- 257
I ]
n . L ]
>2.5- S 2.0-
£ 1 [ R
© ] > 4
02 2.
2.0- ]
E - gl.s .
© ] w -
A el T
1.5- b
[} 0
- 1.0_
= g -
s
>< -1 -
L 10_ 1 1 1 1 Lﬁ -1
[J] [J] > > 0.5- =2
T © cg . N
= E § c .,,q_) o 1 1 1 1 1 1
o S o8 2 s 5 ) 5 3
[ v ™ < in © Il
c o o o o A
) ) b =2
Gender
Age
(c) Race/Ethnicity (d) Prior experience with online peer support
==Human Only ===Human + Al = Human Only === Human + Al
©3.0-
S ] ]
T ()
() - =.
2252 5 2.00- A=
c 7 o ]
T - ") N
[eX -1 > -
2.0- -
57 S1.75-
] o N
B1s2 S
» 15— g 4
3 - ) w ]
£ = N= & 150~
£1.0- ' 4 D ]
w ' ' ' ' ' ' ' @ -
® p c . C = - ]
z 2 S 2o co o e = £1.25-
= < [ c.c © .2 I c R o 4
S} € © =R c.© T 9 |_|>j -
¥£ 38 E2 55 2° D N=ss
O c T % o] 22 1.00- T T T
D ~ o
O Suw =T No < 1lyear = 1year
& gz 5 experience
< Experience with online peer support

Race/Ethnicity

267



Figure A.13: Perceptions of participants in Human Only (control) and Human + Al (treatment) groups, as
reported in phase I (pre-intervention survey).
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Figure A.14: Distribution of participants in Human Only (control) and Human + AI (treatment) groups
who report writing responses as challenging or stressful, as reported in phase IV (post-intervention sur-
vey).
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Figure A.15: Distribution of participants in the Human Only (control) group who indicate that feedback
could have improved responses, as reported in phase IV (post-intervention survey).
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Figure A.16: Perceptions of participants in the Human + Al (treatment) group, as reported in phase IV
(post-intervention survey).
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Figure A.17: Expressed empathy levels of responses with perceptions of Human + Al (treatment) group
participants, as reported in phase IV (post-intervention survey). The area of the points is proportional to
the number of participants with respective perceptions. Error bars indicate bootstrapped 95% confidence
intervals.
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Figure A.18: Participant perceptions, as reported in phase IV (post-intervention survey), with different

human-AlI collaboration categories.
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Figure A.19: Consent form used in our study.

Disclaimer

Thank you for your interest in our study!

We are researchers at the University of Washington, studying peer-to-peer support platforms.

This study is not being conducted by TalkLife. TalkLife is not responsible for any risks/benefits associated with this study.

As part of this study, we will be collecting (a) textual responses to support seeking posts, and (b) answers to survey
questions describing your background and your assessment of our study. The data from this study will be uploaded to a
secure platform accessible only to the research team. All collected data will be exclusively used for research purposes.
Also, data will only be analyzed in aggregate.

This study has been determined to be exempt from IRB approval under University of Washington IRB ID STUDY00012706. For
concerns or questions, please contact ashshar@cs.washington.edu.

This is not a live conversation with users. Your responses will not be posted on TalkLife or any other online platform.

experiment or stopping participation will involve no penalty or loss of benefits to which you are otherwise entitled.

Poor-quality data (e.g., same response to all posts) may be removed without compensation.

If you are a US citizen or a permanent US resident, you will receive an Amazon gift card worth 5 USD after completing this
study.

O Yes, I'm a US citizen or a permanent US resident.
O No, I'm neither a US citizen nor a permanent US resident.
O Prefer not to say.

Consent

1 agree to participate in this study. | also understand that only US citizens or permanent US residents can be compensated.

[nccetans come
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Your participation in this study is completely voluntary. You are free to release/quit the study at any time. Refusing to be in the



Figure A.20: Form used for collecting demographics and background of participants [phase I: pre-
intervention survey].

Tell us about yourself

Email is only collected for sending gift cards and will
neither be used for analysis nor be stored by us after the
study.

Name
Email
Age
Gender
Select v
Country
Race/Ethnicity

Select v

Previous experience with online peer support

Select v
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Figure A.21: Onboarding survey used for collecting perceptions of participants [phase I: pre-intervention

survey].

Onboarding Survey

1) I'm confident | can write good, effective, or helpful
responses to support seeking posts from users.

O Strongly Agree

O Somewhat Agree

O Neutral

O Somewhat Disagree
O Strongly Disagree

2) I'm confident | can write empathic responses to
support seeking posts from users.

O Strongly Agree

O Somewhat Agree

O Neutral

O Somewhat Disagree
O Strongly Disagree

3) Real-time feedback could be helpful in improving
my responses.

O Strongly Agree

O Somewhat Agree

O Neutral

O Somewhat Disagree

O Strongly Disagree
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Figure A.22: Instructions shown to the control group participants [phase II: empathy training and instruc-
tions]. Continued on the next page (1/2).

Instructions

The study will involve writing textual responses to support seeking posts and answering survey questions. The entire
study is expected to take ~30 minutes.

Content Warning

The study contains posts including but not limited to self-harm and suicidal ideation, which may be disturbing to you. If
you have concerns or questions, please send us an email (ashshar@cs.washington.edu). If you have strong negative
reactions to some of the content, please reach out at crisis text line.

What will you do?

During the main part of the study, you will be shown online mental health posts through which people seek support. We
call them “Seeker Posts” (writers of these posts are called "Seekers”). For each seeker post, you will be asked to write a
supportive, empathic response.

Also, at various steps, you will be asked survey questions describing your background and your assessment of our
study.

Expressing empathy in responses

A key component of your responses should be empathy -- You should try and express empathy towards the seeker in
your responses.

Empathy
Empathy is the ability to understand or feel the emotions and experiences of others. Empathic responses typically

involve:

* Reacting with emotions felt after reading a post (e.g., / feel sorry for you)
+ Communicating an understanding of feelings and experiences (e.g., This must be terrifying)
* Improving understanding by exploring feelings and experiences (e.g., Are you feeling alone right now?)

Examples of empathic responses

Seeker Post: My whole family hates me.
Empathic Response: I'm sorry to hear about your situation. If that happened to me, | would feel really
isolated.

Seeker Post: | feel like nobody cares about my existence.
Empathic Response: It's hard to find others who can relate. | feel the same.

Seeker Post: | can't deal with this part of my bipolar. | need help.
Empathic Response: Being manic is no fun. It's scary! I'm sorry to hear this is troubling you. Try to relax.
Anyone you can talk to?

[ren ]
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Figure A.23: Instructions shown to the control group participants [phase II: empathy training and instruc-
tions] (2/2).

Thank you for filling out the survey!

Next, you will write responses to 10 support seeking posts. Here, we will give you an overview of our interface.

The Interface

This is how the main interface will look:

Seeker Post

| hate when | talk to someone and
they feel like I'm lying or changing
up my store.

Write a supportive, empathic
response here

ou will write responses

You will read the seeker post and write a supportive, empathic response in the space provided.

Start Study
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Figure A.24: Instructions shown to the treatment group participants [phase II: empathy training and
instructions]. Continued on the next page (1/6).

Instructions

The study will involve writing textual responses to support seeking posts and answering survey questions. You will
receive real-time feedback with suggestions on how to improve your response. The entire study is expected to take ~30
minutes.

Content Warning

The study contains posts including but not limited to self-harm and suicidal ideation, which may be disturbing to you. If
you have concerns or questions, please send us an email (ashshar@cs.washington.edu). If you have strong negative
reactions to some of the content, please reach out at crisis text line.

What will you do?

During the main part of the study, you will be shown online mental health posts through which people seek support. We
call them “Seeker Posts” (writers of these posts are called "Seekers”). For each seeker post, you will be asked to write a
supportive, empathic response. You will get opportunities to receive "help" on your responses. We will suggest you
ways in which you can improve your responses. You are strongly recommended to always check these suggestions
and use them if they make your response more supportive and empathic.

Also, at various steps, you will be asked survey questions describing your background and your assessment of our
study.

Expressing empathy in responses

A key component of your responses should be empathy -- You should try and express empathy towards the seeker in
your responses.

Empathy
Empathy is the ability to understand or feel the emotions and experiences of others. Empathic responses typically

involve:

* Reacting with emotions felt after reading a post (e.g., / feel sorry for you)
* Communicating an understanding of feelings and experiences (e.g., This must be terrifying)
* Improving understanding by exploring feelings and experiences (e.g., Are you feeling alone right now?)

Examples of empathic responses

Seeker Post: My whole family hates me.
Empathic Response: I'm sorry to hear about your situation. If that happened to me, | would feel really
isolated.

Seeker Post: | feel like nobody cares about my existence.
Empathic Response: It's hard to find others who can relate. | feel the same.

Seeker Post: | can't deal with this part of my bipolar. | need help.
Empathic Response: Being manic is no fun. It's scary! I'm sorry to hear this is troubling you. Try to relax.
Anyone you can talk to?

[
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Figure A.25: Instructions shown to the treatment group participants [phase II: empathy training and
instructions]. Continued on the next page (2/6).

Thank you for filling out the survey!
Next, you will write responses to 10 support seeking posts while receiving feedback. We will first give you an overview

of our interface.

The Interface

This is how the main interface will look:

Seeker Post

I'm feeling lonely.

© Would you like some help
with your response?

Write a supportive, empathic
response here

ou will write responses

e

You will read the seeker post and write a supportive, empathic response in the space provided.

Next (1/4)
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Figure A.26: Instructions shown to the treatment group participants [phase II: empathy training and
instructions]. Continued on the next page (3/6).

Interface - Receiving feedback via prompts

You will see prompts to receive real-time feedback (as shown below). You can click on the prompts to get help with

your responses.

@ Would you like some help
with your response?

Write a supportive, empathic
response here

™ Flag

You are strongly recommended to always check these suggestions and use them if they make your response more

supportive and empathic.

Next (2/4)
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Figure A.27: Instructions shown to the treatment group participants [phase II: empathy training and
instructions]. Continued on the next page (4/6).

Interface - Insert and Replace Operations

In our feedback, we will suggest text that you can insert or replace in your current response to make it more supportive
and empathic.

Inserting suggested text

Seeker Post

I'm feeling lonely.

Click on Insert to add the
suggested text|

Tap & at bottom-right for reloading feedback

I'm here for you. (@50 | understand
how you feel.

~
(Y]

I'm here for you.

o
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Figure A.28: Instructions shown to the treatment group participants [phase II: empathy training and
instructions]. Continued on the next page (5/6).

Replacing with suggested text

Seeker Post

I'm feeling lonely.
Click on Replace to replace
I'm sorry you feel this wayyavould

you like to talk about it?. @G0

earrhetp— Are there any friends you
can reach out to for support?.

~
£

I'm sorry you feel this way, would
you like to talk about it? | can help.

You can directly incorporate the changes by clicking on Insert and Replace buttons.

Next (3/4)
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Figure A.29: Instructions shown to the treatment group participants [phase II: empathy training and
instructions] (6/6).

Interface - Bad feedback

Our feedback will not always be perfect. If the feedback is bad or inappropriate, you may refine, reload, or report the
feedback.

Refine

You may need to refine the feedback to correct grammar or content. You should make relevant changes such that the
feebdack can be appropriately integrated in your final response.

Reload

Also, whenever the feedback is bad, you can use the & button (see below) to reload and get new feedback.

Seeker Post

I'm feeling lonely.

Tap £ at

Click this button to reload

I'm here for you. (S0 kg sorry
that you feel this way.

Q

I'm here for you.

You can reload multiple times till you see feedback that is helpful.

Report

If you see feedback that is inappropriate or toxic, you can report it using the [ Flag button.

We will now start the study!

Start (4,
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Figure A.30: An example workflow for Human Only (control) participants [phase III: write supportive,
empathic responses]. (a) Participant is asked to write a supportive, empathic response. (b) Participant

starts writing the response.
(a)

13:30 [ ) [ B & Pk |

{0 A bdata.uw.edu/empathy/ (0]

Facilitating Empathic Conversations

Seeker Post

My job is becoming more and
more stressful with each
passing day.

Write a supportive,
empathic response here
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(b)

13:30 (] [ B & Dok |

{3 A bdata.uw.edu/empathy/ @

Facilitating Empathic Conversations

Seeker Post

My job is becoming more and
more stressful with each
passing day.

Don't worry! I'm there for
you



Figure A.31: An example workflow for Human + Al (treatment) participants [phase III: write supportive,
empathic responses]. (a) Participant is asked to write a supportive, empathic response and given an
option to receive feedback. (b) Participant starts writing the response. (c) Participant clicks on the prompt
to request feedback from HAILEY. (d) Participant accepts the suggested changes and gets an option to
request more feedback. (e) Participant continues editing the response and requests more feedback as
needed. (f) When the response is already highly empathic, the participant simply receives a positive
feedback.
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you. Have you tried talking
to your boss?

It must be a real struggle!
I'm there for you. Have you
tried talking to your boss?
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Seeker Post

My job is becoming more and
more stressful with each
passing day.

Looks awesome! Keep up
the good work

I'm so sorry to hear that! It
must be a real struggle!

I'm there for you. Have you
tried talking to your boss?

- S -




Figure A.32: Interface for flagging feedback [phase III: write supportive, empathic responses].

WAL

{3 A bdata.uw.edu/empathy/ (0]

™ Flag

You are flagging this feedback
because...
[ 1 don't understand the feedback.

[J Feedback contains toxic/harmful content.

Other reason

Flag feedback
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Figure A.33: Exit survey used for collecting perceptions of control group participants [phase IV: post-

intervention survey].

End-of-study Survey

1) It was challenging or stressful to write responses
to posts.

O Strongly Agree

O Somewhat Agree

O Neutral

O Somewhat Disagree

O Strongly Disagree

2) Feedback and Suggestions on how to improve my
responses would have helped me write better
responses.

O Strongly Agree

O Somewhat Agree

O Neutral

O Somewhat Disagree

O Strongly Disagree

3) Describe the challenges faced while writing
responses?
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Figure A.34: Exit survey used for collecting perceptions of treatment group participants [phase IV: post-
intervention survey]. Continued on the next page (1/2).

End-of-study Survey

1) It was challenging or stressful to write responses
to posts.

O Strongly Agree

O Somewhat Agree

O Neutral

O Somewhat Disagree
O Strongly Disagree

2) The feedback shown to me was helpful in
improving my responses.

O Strongly Agree

O Somewhat Agree

O Neutral

O Somewhat Disagree

O Strongly Disagree

3) The feedback shown to me was helpful in making
my responses more empathic.

O Strongly Agree

O Somewhat Agree

O Neutral

O Somewhat Disagree
O Strongly Disagree

4) The feedback shown to me was easy to
incorporate into the final response.

O Strongly Agree

O Somewhat Agree

O Neutral

O Somewhat Disagree
O Strongly Disagree

5) | feel more confident at writing supportive
responses after this study.

O Strongly Agree

O Somewhat Agree

O Neutral

O Somewhat Disagree
O Strongly Disagree

6) | would like to see this type of feedback system
deployed on TalkLife or other similar platforms.

O Strongly Agree

O Somewhat Agree

O Neutral

O Somewhat Disagree
O Strongly Disagree

7) Describe the challenges faced while writing
responses?
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Figure A.35: Exit survey used for collecting perceptions of treatment group participants [phase IV: post-
intervention survey] (2/2).

8) Describe instances where feedback was helpful?
Why?

9) Describe instances where feedback was not
helpful? How could they have been more helpful?
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Figure A.36: Consent form used for human evaluation of responses.

Disclaimer

Thank you for your interest in our study!

We are researchers at the University of Washington, studying peer-to-peer support platforms.
This study is not being conducted by TalkLife. TalkLife is not responsible for any risks/benefits associated with this study.

As part of this study, we will be collecting ratings to online mental health support interactions. The data from this study will
be uploaded to a secure platform accessible only to the research team. All collected data will be exclusively used for
research purposes. Also, data will only be analyzed in aggregate.

This study has been determined to be exempt from IRB approval under University of Washington IRB ID STUDY00012706. For
concerns or questions, please contact ashshar@cs.washington.edu.

Your participation in this study is completely voluntary. You are free to release/quit the study at any time. Refusing to be in the
experiment or stopping participation will involve no penalty or loss of benefits to which you are otherwise entitled.

Poor-quality data (e.g., same answers to all posts) may be removed without compensation.

If you are a US citizen or a permanent US resident, you will receive an Amazon gift card worth 5 USD after completing this
study.

O Yes, I'm a US citizen or a permanent US resident.

O No, I'm neither a US citizen nor a permanent US resident.

O Prefer not to say.

Note: Top-2 participants (based on inter-rater agreement) will receive an additional gift card worth 25 USD.

Consent

[J1agree to participate in this study. | also understand that only US citizens or permanent US residents can be compensated.

[pecet s o |
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Figure A.37: Instructions for human evaluation of responses.

Instructions

Read and evaluate online mental health support interactions.

Content Warning

The study contains posts including but not limited to self-harm and suicidal ideation, which may be disturbing to you. If
you have concerns or questions, please send us an email (ashshar@cs.washington.edu). If you have strong negative
reactions to some of the content, please reach out at crisis text line.

What will you read?

You will be shown three posts to read - a seeker post and two response posts. Details below:
* Seeker Post: This would be typically a mental health support seeking post, posted online by a user in distress. The
writer of this post is called Seeker.
* Response Post A: This is a response/reply posted in response to the seeker post, usually in an attempt to provide
mental health support to the seeker.
* Response Post B: This is another response/reply posted in response to the same seeker post, usually in an attempt
to provide mental health support to the seeker.

What will you do?

Your task will be to evaluate the two response posts A and B. In particular, for each set of posts, you will answer the
following questions:
* Which response is more empathic (regardless of appropriateness)?
o Response A
o Both are similar
o Response B
* Which response is more appropriate/relevant to the seeker post (regardless of empathy)?
o Response A
© Both are similar
o Response B
¢ Response A'is...
o Written by a human
o Generated by a computer
o Combination of both
* Response Bis...
o Written by a human
o Generated by a computer
o Combination of both

You will read 30 such posts and answer the associated questions. We discourage the use of the "Both are similar"
option. Only use it when the posts are actually similar and there is nothing to distinguish the two.

[en ]
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Figure A.38: Interface for human evaluation of responses.

Seeker Post

{{seeker_post}}

Response Post A

{{response_post_A}}

Response Post B

{{response_post_B}}

Which response is more empathic (regardless of appropriateness)?
O Response A O Both are similar O Response B

Which response is more appropriate/relevant to the seeker post (regardless of empathy)?
O Response A O Both are similar O Response B

Response A'is...

O Written by a human O Generated by a computer O Combination of both

Response Biis...
O Written by a human O Generated by a computer O Combination of both
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Chapter B

Supplementary Materials for Human-AlI
Collaboration to Empower People

Seeking Support

B.1 Method

Linguistic Attributes of Reframed Thoughts

We provide additional detail on the linguistic attributes of reframed thoughts.

Actionability. We measure actionability using: contains_action(R;), and next_action_coherence(R;).

For contains_action(R;), our few-shot in-context learning approach proceeds as follows. Us-
ing the reframed thoughts that were annotated as high or low actionable in our collected data,
we manually create 10 demonstration examples. If a reframed thought contains an action, we
ask GPT-3 to extract the action from it. Otherwise, we ask it to generate the text “No Action”.
Appendix B.1 shows examples. We then use these 10 demonstrations as in-context examples,
followed by the reframe R; which we aim to classify. If GPT-3 predicts an action for R;, we assign
contains_action(R;) = 1; else we assign 0.

For next_action_coherence(R;), we instruct GPT-3 to generate k = 5 possible next actions
given a reframed thought. Given (S;, T;, R;), let A; = a;1,a;», ..., a;x be the generated set of next

actions. Let emb(-) denote RoBERTa embeddings. Then, we define next_action_coherence(R;) as
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the average cosine similarity between emb(a;) and emb(a;) for all a;,a; € A;.

Action Generation Prompt

We use the following prompt template for extracting actions through GPT-3:

Statement: “My bank card could be in many different places and I want to check
them first before making any conclusions”

Proposed Action: “Check bank card.”

Statement: “I cancelled that trip because I had to. It hurts to have done so but it was
the right thing”

Proposed Action: None

Also, we use the following instruction prompt for generating the next set of actions through

GPT-3: “Suggest 5 actions that the person could take based on the following statement:”

Hyperparameter Choices for our Proposed Retrieval-Enhanced In-Context Learning

Method

For the number of examples to retrieve, we experimented with k = 1,5,10 and 20 and found
k = 5 to generate the most effective reframed thoughts, based on a qualitative assessment of 100

manually written situations and thoughts.

B.2 Reproducibility

Codes and datasets created in the paper can be found at https://github.com /behavioral-data/Cognitive-
Reframing under an academic, attribution-only license. The use of existing artifacts was consis-
tent with their intended use. For GPT-3 based models, we will use the OpenAl library. For other
deep learning models, we train and them on two NVIDIA Titan RTX GPUs. We use the evaluate
python library (pypi.org/project/evaluate) for measuring BLEU and ROUGE scores and scipy

for statistical tests.
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B.3 List of Thinking Traps

Thinking Trap

Definition

Example

Tips to Overcome

All-or-Nothing
Thinking

Overgeneralizing

Labeling

Fortune Telling

Mind Reading

Emotional Reason-

ing

Should Statements

Personalizing

Disqualifying the

Positive

Catastrophizing

Comparing  and

Despairing
Blaming

Negative
or Emotion

Feeling

Thinking in extremes.

Jumping to conclusions
based on one experience.

Defining a person based
on one action or charac-
teristic.

Trying to predict the fu-
ture. Focusing on one
possibility and ignoring
other, more likely out-
comes.

Assuming you know
what someone else is
thinking.

Treating your
like facts.

feelings

Setting unrealistic expec-
tations for yourself.

Taking things personally
or making them about
you.

When something good
happens, you ignore it or
think it doesn’t count.
Focusing on the worst-
case scenario.

Comparing your worst to
someone else’s best.

Giving away your own
power to other people.
I'm having a negative
feeling or emotion which
isn’t a thinking trap.

“If it isn’t perfect, I failed.
There’s no such thing as
‘good enough’.”

"They didn't text me
back. Nobody ever texts
me back.”

"] said something embar-
rassing. I'm such a loser.”

“I'm late for the meeting.
I'll make a fool of my-
self.”

"She didn’t say hello. She
must be mad at me.”

"I woke up feeling anx-
ious. I just know some-
thing bad is going to hap-
pen today.”

"I shouldn’t need to ask
for help. I should be in-
dependent.”

"He’s quiet today. I won-
der what I did wrong.”

"I only won because I got
lucky.”

"My boss asked if I had a
few minutes to talk. I'm
going to get fired!”

“My niece’s birthday
party had twice the
amount of people”

"It’s not my fault I yelled.
You made me angry!”

“I am feeling lonely.”

Things in life are rarely black
and white. Focus on what’s pos-
itive or neutral about the situa-
tion.

Recall times when things went
well for you. Imagine what it
would be like for things to go
well next time.

Consider all different aspects of
a person.

Be curious about what’s going
to happen next. Focus on what
you can control and let go of
what you can't.

Try to imagine other, less neg-
ative possibilities. Try to ask
the person what they’re think-
ing, rather than just assuming.

Consider all the information
you have.

Think about where your unre-
alistic expectations came from.
Let your mistakes be an oppor-
tunity to learn and grow.

Think about all the other things
that could be affecting some-
one’s behavior.

Go out of your way to notice the
positive side.

Keep in mind that worst-case
scenarios are very unlikely. Try
to remind yourself of all the
more likely, less severe things
that could happen.

Remember that what you see on
social media and in public is ev-
eryone showing off their best.

Take responsibility for whatever
you can—no more, no less.

Feeling negative emotions is a
normal part of life. Think about
what we can control, and what
positive things we can be grate-
ful for.
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B.4 Example Illustrating Our Rationality Measurement

Figure B.1: To measure reasoning strength, we generate two explanations for each reframe — one for
why it might be sound; another for why it may be flawed. To check if the explanations themselves are
well-reasoned, we recursively generate explanations for the explanations. Here, we choose a recursive
tree depth of 3. Also, at every step, we generate three explanations in favour of a reframe and three
explanations against it.

Three days have passed since my job interview and |

SITUATION didn’t receive any updates. | didn’t get the job.
So far, no rejections, which means | might get the
RESPONSE job. Good news on the way?
The response is flawed, because... sound, because...
... not hearing back from an ... the person has not
EXPLANATION employer after an interview received any news, which
does not mean you will get might mean they are still in
the job consideration for the job.

..usually if acompanyis L.
EXPLANATION interested, they would've

given some feedback by now.

The possibility of the person

getting the job is low.
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B.5 Randomized Field-Study Interface

Figure B.2: Illustration of the interface used for our randomized field-study: (a) Participant starts by writ-
ing the negative thought they are struggling with in the moment; (b) We ask the participant to describe a
recent situation that may have led to their thought; (c) An Al model identifies possible cognitive distor-
tion(s) in the thought. Participant selects the cognitive distortions that they most relate to; (d) An Al model
generates and suggests three different reframed thoughts that may help overcome negative thinking and
the associated cognitive distortion. Participant selects the reframe they find the most relatable, helpful
and memorable. Some of the instructions provided to the participants, including informed consent and
evaluation, have been omitted from this illustration for brevity.

1602 o vALTR

) @ mhanational.org H

What negative thought
are you struggling with
right now?

I'll never become a
successful programmer

Or, choose one of
these common
thoughts to work on:

No one cares
about me

I'm a failure

I'll never be able

—_—

(a) Thought

f 16:02 ) v4LTR
() @ mhanational.org o

What's a recent
situation that led to this
negative thought?

Itook partina
hackathon and I lost

C' start Over

—_

(b) Situation

16:02 o L Z VLT

() @& mhanational.org o

Here are some thinking
traps that might be
related to your negative
thought. Select the
thinking trap that you
most relate to.

@ Fortune Telling

Trying to predict the

Negative Feeling
or Emotion
Getting "stuck” on a
distre hought
emotion, or belief.

16:02 ® L Z VAT

@ mhanational.org @

Select the reframe you
find most relatable,
helpful and easy to
remember.

@ [ may not become
the most successful
programmer, but I
will keep trying

I may or may not
become the most
successful
programmer

I'may or may not
become the most
successful
programmer, but I
can continue
participating in

—_—

(c) Cognitive Distortions
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B.6 Data Collection Instructions
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Figure B.3: Instructions shown during data collection with mental health experts. Continued on the next

page (1/3).

Cognitive
Restructuring

Study Goals

The goal of this study is to collect a dataset for cognitive restructuring.

Definitions

Situation

Thought

Thinking
Traps

Thinking
Trap
Categories

Anything that happens to the person or the circumstance
that the person finds themselves in (e.g., "My boss walked
past me the hallway without saying hello")

What goes through the person's mind in the situation
(e.g., "Why are they angry with me?").

Thinking traps, also called cognitive distortions, are
exaggerated, biased, and irrational thoughts which
cause individuals to perceive reality inaccurately.

Categories of thinking traps include assuming what
others think (“Mind Reading”), thinking in extremes (“All-
or-nothing thinking”), focusing on the worst-case
scenario (“Catastrophizing”), focusing only on the bad
(“Disqualifying the positive”), etc.

Example Thinking Trap

Situation: My boss walked past me the hallway without saying hello

Thought: Why are they angry with me?

Thinking Trap: Mind Reading
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Figure B.4: Instructions shown during data collection with mental health experts. Continued on the next
page (2/3).

Here, I'm reading my boss's mind and assuming that they are upset with
me. | can't figure this out unless | ask them.

Thought A thought response is self-talk (conversation with
Response  oneself) that tries to challenge the thinking trap in the
original thought

Example Thought Responses

Situation: My boss walked past me the hallway without saying hello.
Thought: Why are they angry with me?

Response 1: | have no way of figuring out what they might be thinking.
Maybe they had a lot on her mind

Response 2: They are the most wonderful person | know. They must not have
noticed me.

Response 3: They might be mad at me, but atleast they didn't say anything.

Cognitive  Cognitive Restructuring is a process that helps people
Restructuringotice thinking traps in their thoughts and respond
rationally to them.

Study Steps

In this study, you will perform 20 cognitive restructuring tasks. In each task, you
will be shown a situation and a thought. You will be asked to identify thinking traps
in the thought and write and rate thought responses.

Note: The use of "Both are similar" option (wherever applicable) is discouraged.
Use it only when the two responses are truly identical and there is nothing to
distinguish the two.
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Figure B.5: Instructions shown during data collection with mental health experts (3/3).

Content Warning

This study contains situations and thoughts including but not limited to self-harm
and suicidal ideation, which may be disturbing. If you have any questions or
concerns, please send us an email. Should you have a strong negative reaction to
some of the content, you can reach a crisis counselor at crisis text line or by
texting HOME to 741741.

If you have questions about your rights as a research participant, or wish to obtain
information, ask questions or discuss any concerns about this study with someone
other than the researcher(s), please contact the Human Subjects Division at xxx.
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B.7 Consent Form Used in the Randomized Field Study
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Figure B.6: Consent form shown to the MHA visitors. Continued on the next page (1/2).

Consent Form

This tool uses artificial intelligence to generate reframed thoughts
and is part of a research study in collaboration with the University of
Washington.

Purpose: The purpose of the study is to understand how digital
tools can help people recognize thinking traps and practice
reframing negative thoughts.

Procedure: You will be asked to describe a thought and a situation
you are struggling with. You will then identify potential "thinking
traps" (or cognitive distortions) in the thought and reframe itin a
way that is more positive, realistic, or helpful. Finally, you will be
asked to take an optional demographic survey, which can be skipped
as preferred. The tool is expected to take ~5 minutes to complete.

Benefits: By using this tool, you may learn about thinking traps. You
will practice identifying them and reframing negative thoughts and
situations. However, there is no guarantee that the tool will help you
reframe your thoughts.

Data Collection and Sharing: We will not ask you for your name or
any identifiable personal information. Usage data will be made
unidentifiable to the best of our extent, will be analyzed to improve
the tool, and may be shared and used for future research.

Risks: Talking about situations and thoughts you are struggling with
may be disturbing to you and may bring up negative emotional
reactions. In addition, the tool uses artificial intelligence to generate
reframed thoughts. Appropriate steps have been taken to avoid
harmful reframes, but there is a possibility that the generated
content might be upsetting to you. Also, the optional demographic
survey asks for information that may be sensitive and could make
you feel uncomfortable (e.qg., "What are the main things contributing
to your mental health problems right now?"). This tool is not being
actively monitored by a human and should not be used as a "cry for
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Figure B.7: Consent form shown to the MHA visitors (2/2).

help" outlet. Should you have a strong negative reaction to some of
the content, you can text MHA to 741741 or call or text 988.

Participation: Participation in this study is completely voluntary.
You will not receive any payment for participation. You can refuse
participation or stop participating at any time without penalty or
loss of benefits to which you are otherwise entitled.

Contact Us: If you have questions or concerns about this research,
or if you think you have been harmed from being in the study,
please email us (Ashish Sharma at ashshar@cs.washington.edu, or
Professor Tim Althoff at althoff@cs.washington.edu). If you have
questions about your rights as a research participant, you can call
the University of Washington Human Subjects Division at (206) 543-
0098.

By ticking this box, you are agreeing to use this tool. You are also
confirming that you are at least 13 years old. Be sure that
questions about the tool have been answered and that you

understand what you are being asked to do. You may contact us if
you think of a question later. You are free to stop using the tool at
any time. To save a copy of this consent form, you can use this link.
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Figure B.8: Randomized controlled trial to estimate the effects of contextualizing thoughts through emo-
tions (N=4,016). (a) Contextualizing participant thoughts through their emotions led to 3.86% lower re-
latable reframes (3.87 vs. 3.72). Note that our language model does not necessarily incorporate emotions
unless they are expressed in the thought or situation as well. (b) Asking for additional context did not
lead to lower completion rate. Error bars represent 95% bootstrapped confidence intervals. Effects without
p-values were not significant at « = 0.05.
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Figure B.9: Randomized controlled trial to estimate the effects of integrating psychoeducation (N=1,850).
We did not find significant quantitative improvement in outcomes on integrating psychoeducation. Error
bars represent 95% bootstrapped confidence intervals. Effects without p-values were not significant at
« = 0.05.
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Figure B.10: Participants who further interacted with the language model to seek additional reframing
suggestions of specific types (actionable, empathic, or personalized) reported 5.57% higher reframe help-
fulness (3.41 vs. 3.23) and 4.86% higher skill learnability (3.45 vs. 3.29) and no significant differences in
reduction in emotion intensity, reframe relatability, and reframe memorability (at « = 0.05; N=992). Error
bars represent 95% bootstrapped confidence intervals. Effects without p-values were not significant at
« = 0.05. For a randomized trial assessing the effects of this intervention, see Figure 3.5.
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Figure B.11: Reading Complexity (Coleman-Liau Index) of the thoughts written by participants based
on their age. We find that adolescents (those below the age of 18) write thoughts with the least reading
complexity. Error bars represent 95% bootstrapped confidence intervals.
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Figure B.12: Randomized controlled trial to estimate the effects of making reframes easier to understand
and more casual on age groups 15 to 17 and > 18. Participants in the age group 15 to 17 reported 15.58%
higher reframe helpfulness (3.19 vs. 2.76) when they were suggested such reframes. We did not find
significant differences for participants in age group > 18 due to this intervention. Error bars represent

95% bootstrapped confidence intervals. Effects without p-values were not significant at « = 0.05.
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Table B.1: Definitions and examples of the list of issues identified in our open coding process.

Issue

Definition

Example Thought

Body image
Dating & marriage

Family

Fear

Friendship

Habits
Health
Hopelessness

Identity

Loneliness

Money

Parenting

School

Tasks & achieve-
ment

Trauma
Work

Feeling ugly, dieting, disordered eating
Insecurities around dating and sexuality
("No one will date me" or "I got rejected")
or specific situations involving a significant
other ("My husband argues with me" or "My
wife left me"). Does not include abuse!
Specific situations involving interactions
with family. If the only family member in-
volved is the person’s child, that’s usually
classified as parenting.

Intrusive thoughts about bad things happen-
ing; worrying about the future; imagining
worst-case scenarios

Specific situations involving interactions
with specific people. Doesn’t have to be
hyper-specific, but different from "loneli-
ness" which is more about just the general
concept of feeling isolated or unloved.
Drugs & alcohol, addiction, or just any habits
the person is trying to break.

Real or imagined illness; access to healthcare.
Does not include mental health.

Feeling like things will never get better; feel-
ing like there’s no point in trying
Discrimination due to race, gender, sexual
orientation, etc; or coming to terms with be-
ing LGBTQ+.

Not having friends; being isolated from
loved ones; general social anxiety

Financial troubles. Includes being jobless if
the main worry is finances.

Feeling like a bad parent, or worried about
becoming a parent

Bad grades, getting into college, fears of
graduating, etc.

Worrying about not being good enough. Ex-
amples: hobbies, chores, executive function.
Violence, rape, verbal or physical abuse, etc.
Situations in the workplace. Includes being
jobless if the main worry is competency.

"I'm fat and ugly”

"I am scared my girlfriend is going to break
up with me because I dont do much for her."

"I am the worst daughter in the world."

"Something will go wrong on my flight to-
dayﬂ

"My friend doesn’t like me anymore."

"I made a goal to quit smoking and failed. I
keep failing at this"
"I might be having a serious illness"

"I have lost all hope"

"I'm not who I want to be. I hate my appear-
ance and my voice."

"Why don’t i have friends?"

"My financial situation is going out of hand.
I'm worried about my future"

"I'm a bad mom"

"T will fail my exam"

"I'm not good enough"

"I can’t get through this"

"I'm late for the meeting. This shows what a
jerk I am"
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Table B.2: Examples illustrating the rewriting of reframes to make them simpler and casual for ado-
lescents. Simpler and casual reframes use more straightforward words and phrases (e.g., “valuable” —>
“awesome”, “things I have accomplished” —> “stuff I've already done”, “potential I have” —> “how much more |

can do”, “improve my physical health” —> “make my body healthier”) and use informal language (e.g., “But you

know what?”, “Plus...”). This could potentially be more appealing especially to adolescents.

Thought

Original Reframe

Simpler and Casual Re-
frame

I'm worthless. I haven’t
done anything valuable
in my life.

I may not have achieved
all of my goals yet, but
I'm still valuable and
capable of doing great
things. I can focus on
the things I have accom-
plished and the potential
I have to achieve even
more.

I haven’t reached all my
goals yet, but that’s okay!
I'm still awesome and can
do awesome things. I can
think about the stuff I've
already done and how
much more I can do in
the future.

I will be alone my whole
life. All of my friends are
starting to be in relation-
ships.

It’s normal to feel lonely
and to worry about not
having a partner. I can fo-
cus on developing mean-
ingful relationships with
people, and on loving
and appreciating myself.

It’s totally normal to feel
lonely sometimes and
worry about not having
a partner. But you know
what? Instead of stress-
ing about it, I can focus
on building amazing
friendships with people
who really care about
me. Plus, I can also learn
to love and appreciate
myself just the way I am.

I'm going to fail in school
and my body will never
change

I may not do well in
school right now, but I
can still make changes
to my lifestyle and work

hard to improve my
grades. 1 can also take
steps to improve my
physical health.

Right now, school isn’t
going so great for me.
But that doesn’'t mean I
can’t do things to make it
better. I can change the
way I live and put in a
lot of effort to make my
grades improve. I can
also do things to make
my body healthier.
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© Continue editing the reframe

This research project was a setback, but it is just one step in my PhD

journey. I will take this as a learning experience and I'm sure [ will do
better next time.

Finish Reframing and Continue

© Get more help with the reframe

I would like to: figure out the next steps and actions v

Here are a few ot Select can use

them to edit or u| Make it more relatable to my situation
figure out the next steps and actions

I can take the tin feel supported and validated esearch

project and create a plan to improve my approach in the future.

© copy thisreframe 4 add this to my reframe

o

oo
88

(a) To iteratively refine the reframes, we provide three
options to choose from — “make it more relatable to
my situation”, “figure out the next steps and actions”,
and “feel supported and validated”. Each option
enables further interaction with the language model
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Figure B.13: Detailed interface and process for iterative edits of reframes through further interaction with
the language model.

oo
88

© Get more help with the reframe

1 would like to: figure out the next steps and actions ¥
Here are a few other reframes you may consider. You can use
them to edit or update your initial reframe.

1can assess what went wrong with my research project and take steps
to address the issues that caused it to fail. Additionally, I can look for
mentors and advisors to help me stay on track with my research goals.

[ copy this reframe + add this to my reframe

& replace my reframe with this one

1 can review my research project and identify areas where I can

improve for the next project. I can also reach out to my supervisor for
advice and guidance.
copy this reframe + add this to my reframe

& replace my reframe with this one

(b) For the option selected by the participant, a
language model generates additional reframing
suggestions. Participants can either copy this reframe,
add it to their current reframe, replace their original
reframe with it, or use it as an inspiration
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Table C.1: Frequency of conversational behaviors exhibited by LLM therapists (GPT-4, GPT-3.5-turbo,
Llama2-70b, Llama2-13b) in High-low quality dataset (Pérez-Rosas et al., 2019). Values in gray are not

statistically significantly different from human therapist average at p =

0.05

m

using Two-sided Student’s

t-test after Bonferroni correction, where m is the number of t-test per one model (m = 13). d is the cohen’s
d when compared with human therapist average. For instance, GPT-4 responds with REFLECTIONS ON
NEEDS by 40.0% while human therapists responds by 23.4% on average (P = 8.0 x 10773, Cohen’s d = 0.4,
two-sided Student’s t-test).

LLM Therapists (Single Response & Full Conversation Simulations)

Human Therapists

Behavior GPT-4 GPT-3.5 Llama2-70b Llama2-13b Average High-quality Low-quality
(n = 4893) (n = 4746) (n = 4970) (n = 4820) (n =5446) (n=23907) (n=1539)
freq. r d freq. r d freq. 4 d freq. 4 d freq. freq. freq.
Reflections on Needs 40.0500 80x 10773 04 32345 23x1072 02 36059 67 x107% 03 34555 46x1073* 02 23443, 26.244 20.6405
Reflections on Emotions 138345 45x10°6 0.1 194306 23x1073 02 1493556 63x 10710 0.1 14435, 48x10°% 01 10538 14.6353 63043
Reflections on Values 5507 10x10° 00 62341 50x1072 01 48y, 1.0x10° 00 573, 86x107" 00 48xng 6.3044 33179
Reflections on Consequences  23.454 54x 1071 0.0 1455, 51x 107! —02 2244, 1.0x 10° 0.0 24057 82x1072 0.1  21.849 179384 257437
Reflections on Conflicts 5955 10x100 00 48y4 15x107% —01 81,5 69x1072 01 7845 36x107" 00  6.601 8.3276 5.0018
Reflections on Strengths 391488 1.9 x 107281 07 32147 38x 10776 0.6 24057 80x107% 04 219453 7.0x107% 03 9533 12.8335 62042
Questions on Experiences 298457 21 x107% —03 299,55 74 x 1074 —03 48250 24x107* 01 407497 12x1072 —0.1  44.0499 489500 39.1488
Questions on Perspectives 5935 29x1077 01 24554 49x1072 —0.1 84y 32x107%# 02 73y 1.0x1075 02 3559 49517 2.0141
Questions on Emotions 22147 79x1077% —04 171330 84x107% —04 8935 48x107° —01 1175, 1.0x10° 00 1173 133340 10.130.2
Problem-Solving 57.8404 3.5 x 10756 0.7 492500 72x 10717 05 458405 6.1 x 10710 04 34445 1.3x10720 02 2594, 212409 305460
Planning 571495 0.0x100 09 426495 12x 107182 0.6 446497 1.6 x 107213 0.6 362451 7.1 x 1071 04  17.1376 169375 17.2378
Normalizing 455498 29 x 10717 0.6 369453 1.3x 10770 04 19335 1.0x10° 0.0 249,33 88x1077 01 20535 178383 232407
Psychoeducation 164370 25x 107 03 245539 1.0x 10710 05 12633 22x1077 02 89, 17x107" 00  7.6ms 5223 9.9298

Table C.2: Frequency of conversational behaviors exhibited by LLM therapists (GPT-4, GPT-3.5-turbo,
Llama2-70b, Llama2-13b) in High-low quality dataset (Pérez-Rosas et al., 2019) for two different types
of simulations separately (Single response and Full conversation). Values in gray are not statistically
significantly different from human therapist average at p =

Bonferroni correction, where m is the number of t-test per one model (m

0.05
m

13).

using Two-sided Student’s t-test after
d is the cohen’s d

when compared with human therapist average. For instance, GPT-4 with single response simulation
responds with REFLECTIONS ON NEEDS by 31.1% and GPT-4 with full conversation simulation responds by
42.5% when compared with the human therapists responds by 23.4% on average from Table C.1. (Single:
P =23 x107°, Cohen’s d = 0.2; two-sided student t-test) (Full: P = 6.4 x 10~8*, Cohen’s d = 0.4; two-
sided student t-test)

Behavior

LLM Therapists (Single Response Simulations)

LLM Therapists (Full Conversation Simulations)

GPT4 GPT-3.5 Llama2-70b Llama2-13b GPT4 GPT-3.5 Llama2-70b Llama2-13b

(n = 3837) (1 =3907) (n = 3906) (n = 3895) (n = 1056) (n=839) (n = 1064) (n=925)

freq. p d  freq. » d freq. p d  freq. » d  freq. p d  freq. » d  freq. p d freq. 13 d

Reflections on Needs 31143 23x10°° 02 35445 20x1072 03 209, 10x 109 —01 19939 27x 1070 —0.1 42554 64x 1073 04 316465 1.6 x10°7 02 401490 22x107% 04 380455 47 x 10751 0.3
Reflections on Emotions 84ys 77x1070 =01 8555 1.0x10° —01 94y, 10x10° 0.0 985 1.0x10° 00 153350 20x 10710 01 21853 19x1077 03 164370 63x 10715 02 1553, 31x 1071 0.1
Reflections on Values 4505 10x10° 00 515, 10x10° 00 3.1, 25x1071 —01 35 1.0x10° —01 575 81x1071 00 64ys 19x102 01 535, 10x10° 00 62, 73x1072 0.1
Reflections on Values 4550, 61x1071 =00 51y, 73x1071 00 315 19x1072 —01 35 82x1072 —01 575 62x1072 00  64ys 15x107% 01 53, 35x1071 00 62y 56x1072 0.1
Reflections on Conflicts 30172 20x10°% —01 20147 71x10°6 —02 3276 47x10°% —0.1 36156 75x10°° —0.1 6755 10x100 00 545, 21x10°0 —01 943 1.6x10° 01 883 1.9x10°% 0.1
Reflections on Strengths ~ 68.3455 0.0x10° 1.7 54645 40x 1072 13 354479 95x1071% 07 37745524 x 10712 0.8 31143 3.0x 107151 0.6 273445 48x 1071 05 209497 92x10°° 03 18135 6.1x 1073 02
Questions on Experiences 294455 14 x 1077 —03 20947 6.0 x10°% —05 32749 1.3x10710 —02 35559 17x10°% —02 299455 45x10 %2 —03 31846 15x 103 —03 524499 13x10° % 02 4204, 73x10°1 00
Questions on Perspectives 32177 1.0x10° 0.0 2055, 54x107" —01 6953 17x1075 02 535: 15x1070 01 66ug 27x10710 01 255, 18x1071 —01 88x3 32x10°% 02 7757 1.7x1077 02
Questions on Emotions 1314 81x10°2 —03 20145 71x107%6 —03 37555 1.6x10713 —03 5dpg 28x107 —02 24455 3.6x10°Y —03 17135 54x1070 04 10335 51x10°1 00 132559 38x10°1 0.0
Problem-Solving 442497 42x107% 04 552495 19x 10770 07 5hlyg 49x 10777 0.6 34756 13x107 02 61557 32x1072 08 47950 7.5x 107112 0.5 435594 89x1077% 04 343,7528x 10718 02
Planning 66.8471 47 x 107277 13 702455 24 x 10727 14 641450 79 x 10722 12 448495 1.8x 1052 07 5hdyg 00x10° 09 367452 62x1071% 05 393,55 14x 107130 05 341474 65x 1075 04
Normalizing 65775 25x 107218 11 708455 92x 1072 12 225,45 1.0x10° 00 28655 19x107 02 39949 54x10°% 04 2964556 17x1073 02 18435 15x1070 —0.1 24057 52x 1074 0.1
Psychoeducation 205504 73 %1072 05 253535 10x 1072 06 2694 60x10°% 07 1815 42x 102 04 15239 77x 1070 03 2444539 15x 10720 05 87, 55x1071 0.0 6755 10x100 00
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Table C.3: Temporal Order (First Occurrence) of conversational behaviors during a conversation by LLM
therapists (GPT-4, GPT-3.5-turbo, Llama2-70b, Llama2-13b) in High-low quality dataset (Pérez-Rosas et al.,
2019). Values in gray are not statistically significantly different from human therapist average at p = 2%
using Two-sided Student’s t-test after Bonferroni correction, where m is the number of t-test per one model
(m = 13). d is the cohen’s d when compared with human therapist average. For instance, GPT-4 responds
with ReFLECTIONS ON NEEDs at 3.1 turns earlier than average human therapists responds. (GPT-4: 3.1
turn, Average human therapists: 6.2 turn; P = 4.3 x 10~15, Cohen’s d = 0.7, two-sided Student’s t-test).

LLM Therapists (Single Response & Full Conversation Simulations) Human Therapists

Behavior GPT-4 GPT-3.5 Llama2-70b Llama2-13b Average High-quality Low-quality
(n = 4893) (n = 4746) (n = 4970) (n = 4820) (n =5446) (n=23907) (n=1539)
turn r d turn r d turn 4 d turn r d turn turn turn
Reflections on Needs 319 43x107 07 645, 1.0x10° 00 5159 25x1071 02 5355 91x10°1 02 6.255 4445 8.162
Reflections on Emotions 6150 1.0x10° 00 57,5 1.0x10° 01 7255 1.0x10° —02 615, 1.0x10° 0.0 6349 5248 7450
Reflections on Values 8351 3.6x1071 03 9155 1.0x10° 01 10357 1.0x10° —0.1 10.15, 1.0x10° 0.0 9955 8.853 11.058
Reflections on Consequences 6.5, 1.0x10° 0.1 7.659 1.0x10° —0.1 6555 1.0x10° 01 7055, 1.0x10° 00  7.0s9 6246 7.854
Reflections on Conflicts 7246 39x107% 0.6 81s, 13x1071 04 7849 79x1073 04 7853 91x107% 04  10.0s2 82,7 11.856
Reflections on Strengths 7954 59x107* 04 9155 1.0x10° 02 87,5 21x107' 02 9455 1.0x10° 0.1 10243 8.460 11.957
Questions on Experiences 27,5 1.0x10° 01 37,5 1.5x1071 =02 295, 1.0x10° 0.0 3.840 28 x 1072 —0.3 295 22,1 3.609
Questions on Perspectives 85,7 31x1077 08 9753 1.6x1072 0.6 8757 42x10°° 07 8754 28x10°° 07 12.65, 10.047 15345
Questions on Emotions 62,90 1.0x10° 01 6059 1.0x10° 02 5355 1.6x1071 03 5455 1.6x10°" 03 7.06.4 6.763 7.365
Problem-Solving 785, 1.0x10° 01 715, 1.5x1071 02 75,5 71x1071 02 9055 1.0x10° —0.1 8.354 8756 8.051
Planning 9354 42x1075 04 10251 38x1072 03 8753 72x10°% 05 107, 6.0x10"1 02 1195 11.568 12460
Normalizing 790 90x107" =02 7050 1.0x10° 0.0 93¢5 28x 1073 —04 9.063 53x107% —03 692 6.263 7.760
Psychoeducation 11155 25x 1072 —04 8257, 1.0x10° 01 1185723 x10°% —05 11.555 5.6 x 1073 —0.5 8955 8.556 9.255

Table C.4: Temporal Order (First Occurrence) of conversational behaviors during a conversation by LLM
therapists (GPT-4, GPT-3.5-turbo, Llama2-70b, Llama2-13b) in HOPE dataset (Malhotra et al., 2022) for
two different types of simulations separately (Single response and Full conversation). Values in gray
are not statistically significantly different from human therapist average at p = %% using Two-sided
Student’s t-test after Bonferroni correction, where m is the number of t-test per one model (m = 13). d is
the cohen’s d when compared with human therapist average. For instance, GPT-4 with single response
simulation responds with REFLECTIONS ON NEEDs at 4.3 turn which is 1.9 turns earlier than average human
therapists. Similarly, GPT-4 with full conversation simulation responds at 2.0 turn which is 4.2 turns
earlier than average human therapists. (Single: 4.3 turn, Average human therapists: 6.2 turn from Table
C.3; P =1.1 x 1073, Cohen’s d = 0.4, two-sided Student’s t-test) (Full: 2.0 turn, Average human therapists:
6.2 turn from Table C.3; P = 9.2 x 10716, Cohen’s d = 0.7).

LLM Th (Single Resp LLM Tk (Full C
Behavior
GPT-4 GPT-3.5 Llama2-70b Llama2-13b GPT-4 GPT-3.5 Llama2-70b Llama2-13b
(n = 3837) (n = 3907) (n = 3906) (n = 3895) (1 =1056) (n =839) (n =1064) (n =925)
turn 4 d turn P d turn P d turn P d turn 4 d turn P d turn P d  turn 4 d
Reflections on Needs 4336 11x107% 04 825 17x10°2 —03 8357 14x102 —04 9659 65x10°° —0.6 2025 92x10710 09 4739 45x10°2 03 2934 1.0x1077 07 24y567x10°4 08
Reflections on Emotions 8851 93x10°% 05 7855 81x10°' =03 9355 31x10% —0.6 88535 87x10% —05 464, 33x10°2 04 47, 71x102 03 605, 1.0x10° 01 485, 1.4x10°' 03
Reflections on Values 82,1 10x10° 03 95, 1.0x10° 01 13651 27x1072 —0.7 13155 1.6x1071 =06 8455 93x1071 03 8955 1.0x10° 02 9255 1.0x10° 01 9355 1.0x10° 0.1
Reflections on Consequences 7555 1.0x10° —01 9147 37x1072 =04 9.0, 11x107! =04 11353 65x1077 —08 6.0, 83x1071 02 67,5 1.0x10° 01 57, 1.0x107' 03 5546 45x1072 03
Reflections on Conflicts 7155 1.8x1071 0.6 69,5 34x1071 0.6 805, 1.0x10° 04 11055 1L0x10° —02 7249 27x1073 06 845, 67x1071 03 7855 1.7x1072 04 7150 21x107* 06
Reflections on Strengths 905, 10x10° 02 114, 1.0x10° —02 112, 1.0x10° —02 122,45 1.1x107" —0.3 6854 54x10°6 06 7057 72x107° 05 6156 1.1x107 07 7156 1.1x107* 05
Questions on Experiences 381 57x107% —04 595 83x10712 —09 4555 54x10°° —05 6145 60x1077 —09 17,3 31x1075 05 205 1.6x1072 03 14y, 45x1070 07 16.3 35x10°° 0.6
Questions on Perspectives 8051 36x107% 09 639 41x102 13 112;5 1.0x10° 03 104, 44x10°1 05 8646 39x10°° 08 1015, 1.0x10°! 05 7655 34x10°% 09 8255 74x107 08
Questions on Emotions 195, 1.0x10° 03 7050 1.0x10° 00 69,5 1.0x10° 00 57, 1.0x10° 02 64 1.0x10° 01 58, 1.0x10° 02 4955 46x1072 04 5354 23x107' 03
Problem-Solving 10349 39x 1073 04 89,4 1.0x10° —0.1 92,5 1.0x10° —02 11955 88x 107 —07 5443 1.0x107® 06 5659 1.7x107° 05 5745 27x107° 05 6554 71x1072 04
Planning 1145 10x10° 01 1225, 1.0x10° 00 985 16x1072 04 1275 1.0x10° —01 7550 50x10710 07 84 12x107° 05 7755 50x107° 07 9052 1.4x10* 05
Normalizing 10362 1.6 X 1075 —05  9.65; 24 x 1073 —04 12457 20x10710 —09 11243 1.3x10°% —07 57,9 55x10°1 02 4759 61x103 04 6.7 1.0x10° 0.0 764 1.0x10° —0.1
Psychoeducation 12051 73 x 1073 —0.6 12254 38x 103 —0.6 13253 33x1077 —0.8 13559 1.1x10°° —08 1045, 70x 107" —03 6247 1.7x10°% 05 10155 1.0x10° —02 965, 1.0x10° —0.1
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Table C.5: Adaptability (frequency of conversational behaviors exhibited by therapists in response to specific
client behaviors) by LLM therapists (GPT-4, GPT-3.5-turbo, Llama2-70b, Llama2-13b) in High-low quality
dataset (Pérez-Rosas et al., 2019). Values in gray are not statistically significantly different from human
therapist average at p = % using Two-sided Student’s t-test after Bonferroni correction, where m is the
number of t-test per one model (m = 13 x 6 = 78). d is the cohen’s d when compared with human therapist
average. For instance, GPT-4 exhibits REFLECTIONS ON CONSEQUENCES by 19.9% and human therapists
responds by 27.3% on average when client expresses CHANGING UNHEALTHY BEHAVIOR. (P = 4.1 x 1079,
Cohen’s d = —0.2, two-sided Student’s ¢-test).

LLM Therapists (Single Response & Full Conversation Simulations) Human Therapists

Therapist Behavior

GPT-4 GPT-3.5 Llama2-70b Llama2-13b Average High-quality Low-quality
freq. P d freq. P d freq. 4 d freq. 4 d freq. freq. freq.
Client behavior: Changing unhealthy behavior
n 2284 2148 2211 2082 1553 1198 355
Reflections on Needs 1.0x10° 00 2905, 1.0x10° 00 2694, 1.0x10° 0.0 27845 1.0x10° 00 27745 30.646.1 248432
Reflections on Emotions 1.0x10° —0.1 1185, 1.0x10° 0.0 1.0x10° —0.1 86050 1.0x10° —0.1 10.4333 14.6353 62241
Reflections on Values 41199 10x10° 0.0 4957 1.0x10° 00 36155 1.0x100 —01 4555 1.0x10° 00 4.8x37 7.0255 25157
Reflections on Consequences  19.9399 4.1 X 1070 —02 12339 49x 10731 —04 16.6375 3.1 x 107 —03 19.6397 1.8 x107° —02 27343 199399 34.6477
Reflections on Conflicts 41199 13x1072 —01 33179 52x107° —02 4455 67x1072 —0.1 61059 1.0x10° 00 696 83575 5.6231
Reflections on Strengths 444497 1.0 x 10721 0.8 356479 55x 1077 0.6 259435 27 x 107* 04 226415 47 x 1072 03 9334 141348 45508
Questions on Experiences 152359 2.6 x 10747 —0.5 16.339 5.1 x 10740 —0.5 27.7448 20 x 1075 —0.2 24359 85x 10712 —0.3 35.645¢ 40.2491 31.0463
Questions on Perspectives 28164 10x10° 00 0891 32x107° —02 395535 1.0x10° 00 48, 1.0x10° 01 3.5y, 4815 23149
Questions on Emotions 071 26x107% —04 0353 29x107% —05 3275 4.6x107% —03 4250 13x107% —02 9.637 11.3316 7.9270
Problem-Solving 407401 8.0x 107 03 38146 1.9x1078 02 373454 45x1077 02 29445, 1.0x10° 00 28447 2044903 36.3452
Planning 304gs 12x 1077 04 324455 24x 107 05 32445 14x 107 05 259435 2.6x10718 03 13734 10.7309 16.6373
Normalizing 28.049 1.1x1072 03 2344327 x1071 02 99599 56x1073 —0.1 13835 1.0x10° 0.0 14.054 10.530.7 17.5380
Psychoeducation 6150 10x10° 00 120351.7x10710 02  85y5 19x1072 01 5853, 1.0x10° 00 54y5 35184 7.32.1
Client behavior: Sustaining unhealthy behavior
n 436 419 553 445 389 275 114
Reflections on Needs 365550 5.1x1070 02 358550 97x1071 02 31555 1.0x10° 01 300450 1.0x100 01  27.6453 30.5461 24.6432
Reflections on Emotions 92,50 10x10° —0.1 148355 1.0x10° 01 11054 1.0x10° 00 1425 1.0x10° 01 11.733, 13.8346 9.629.7
Reflections on Values 41190 1.0x10° —01 3615, 1.0x10° —01 47,5, 1.0x10° —01 389, 1.0x10° —0.1 6.8y50 65048 7.025.7
Reflections on Consequences 351475 1.0 x 10° 0.0 27447 58x1071 —02 2664, 1.2x107" —0.2 1.0x 100 —0.1 36.1468 26.5442 45.650.0
Reflections on Conflicts 11231, 1.0x10° 0.1 1.0x10° 00 6759 1.0x10° —0.1 1.0x10° 00 82y, 7.626.6 8.8084
Reflections on Strengths 1175, 88x1072 02 8lys 1.0x10° 01 765 1.0x10° 0.1 ) 1.0x 100 0.0 5234 6954 35185
Questions on Experiences 19.5597 23x1078 —04 20544 35x1077 —0.4 57 1.6x1071 =02 306451 65x1071 —0.2 393494 46.2400 325470
Questions on Perspectives 76065 99%x1071 02 264, 1.0x10° 00 6955 1.0x10° 0.1 1.0x10° 0.1 3593 44905 2.6161
Questions on Emotions 0568 25x1077 —04 0569 55x1077 —04 25557 67x107% —0.3 1.0x 100 —0.1 92997 10.5308 79271
Problem-Solving 31445 82x1071 7. 1.0x10° 01 340454 35x1072 02 21855 1.0x10° 0.0 23.643 15.636.4 31.6467
Planning 12.8335 4.7 x 1072 1.0x10° 01 19940 51x10°% 04 10713, 1.0x10° 02 59x0; 40196 79071
Normalizing 147554 1.0 x 10° 1.0x10° 00 6953 14x1072 —02 74y, 11x1071 —02 14.033, 10.5308 17.538.2
Psychoeducation 217 13x107° 1.0x10° 0.1 525 34x1070 02 29559 56x107% —03  9.8x7 47913 14.9358
Client behavior: Sharing positive emotions

n 658 554 408 534 294 226 68
Reflections on Needs s 1.0x10° —0.1 1.0x10° 00 206405 1.0x10° 01 16735 1.0x10° 0.0 17349 243430 10.3306
Reflections on Emotions 5305 1.0x10° —0.1 ; 1.0x10° 0.0 1.0x10° —0.1 585, 1.0x100 —01 753, 15.0358 0.00,0
Reflections on Values 2955 1.0x10° 00 4095 1.0x10° 0.0 1.0x100 01  64sy 1.0x10°0 01 34y 5315 1.5121
Reflections on Consequences — 6.2545 6.6 X 1075 —03 5203 51x10°° —04 1.0x10° 0.0 799 18x1072 —03 158349 111314 20.6407
Reflections on Conflicts 1815, 1.0x10° —01 2015 1.0x10° —01 495, 1.0x10° 01 193, 1.0x10° —0.1 34y 5315 1.5121
Reflections on Strengths 66.1474 37 x107%% 13 52350027 x 1073 09 292455 1.9x 1077 0.5 393489 58x 1077 0.7 10.2349 15.9367 44507
Questions on Experiences 790 15x1071° —07 106309 22x 10712 0.6 24359 1.0x10° —02 157364 83x10°° —04 3l6y 36.7483 265444
Questions on Perspectives 21144 1.0x10° 01 0755 1.0x10° —01 39, 1.0x10° 01 345, 1.0x10° 01 1314, 2.7161 0.00.0
Questions on Emotions 0567 36x1077 —04 0573 84x107° —04 49, 10x10° —01 36555 1.0x100 —02 7559 10.630.9 44507
Problem-Solving 198305 93x1071 02 2314, 33x1072 03 26049 20x1073 03 142355, 1.0x10° 00 13.0336 12.8335 13.2341
Planning 479500 70 x 1073 0.9 394450 51 x 10721 0.7 326469 34x 10713 0.6 251434 1.5x1077 04 829 7.52.4 8.8286
Normalizing 59.042 71x1072° 0.8 42645 40x1077 04 12537 20x1072 —03 290,54 1.0x100 0.1 22744 19.0303 26.5444
Psychoeducation 4350, 10x10° 01 74y5 75x1071 02 5605, 1.0x10° 01 475, 1.0x10° 01 3153 1.8132 44907
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Table C.6: (Continue Table C.5) Adaptability (frequency of conversational behaviors exhibited by thera-
pists in response to specific client behaviors) by LLM therapists (GPT-4, GPT-3.5-turbo, Llama2-70b, Llama2-
13b) in High-low quality dataset (Pérez-Rosas et al., 2019). Values in gray are not statistically significantly
different from human therapist average at p = % using Two-sided Student’s t-test after Bonferroni cor-
rection, where m is the number of t-test per one model (m = 13 x 6 = 78). d is the cohen’s d when
compared with human therapist average. For instance, GPT-4 exhibits REFLECTIONS ON NEEDSs by 38.9%
and human therapists responds by 24.5% on average when client expresses SHARING NEGATIVE EMOTIONS.

(P = 4.0 x 1072, Cohen’s d = 0.3, two-sided Student’s t-test).

LLM Therapists (Single Response & Full Conversation Simulations) Human Therapists

Therapist Behavior

GPT-4 GPT-3.5 Llama2-70b Llama2-13b Average High-quality Low-quality
freq. r d freq. r d freq. r d freq. r d freq. freq. freq.
Client behavior: Sharing negative emotions
n 1063 1016 1236 1114 820 646 174
Reflections on Needs 3894558 40x 1077 03 32345 25x1072 02 289,55 1.0x10° 01 31946 39x1072 02 24545 289454 20.1402
Reflections on Emotions 274446 80x1073 02 33943 14x107° 03 2514, 29x1071 01 240457 1.0x10° 0.1 19447 274446 11.530
Reflections on Values 4508 1.0x10° —01 495, 1.0x10° —01 40195 1.0x10° —0.1 5609 1.0x10° 0.0 6354 7422 5202
Reflections on Consequences 213509 1.0x 100 0.0 14.037 6.1x107% —0.2 16754 28x 1071 —0.1 22245, 1.0x10° 0.0 21.8308 18.3387 253436
Reflections on Conflicts 7950 1.0x10° 00 5355 82x1071 =01  84yg 1.0x10° 0.0 8605 1.0x10° 0.0 8495 10.5307 63044
Reflections on Strengths 231422 20% 10720 05 17.2375 89x 10710 03 17.8353 28 x 10711 03 1183, 1.3x10°2 02 6.656 85279 4691
Questions on Experiences 22346 28x 1077 —0.3 184355 22x 10713 —04 329, 1.0x10° 00 34957 1.0x10° 0.0 34.645¢ 40.6491 28.7454
Questions on Perspectives 33170 1.0x10° 00 08 3.1x1072 —02 56039 1.0x10° 01 495, 1.0x10° 01 33509 48514 1.7131
Questions on Emotions 16126 2.8x10712 04 1194 3.6 x107% —04 32177 31x1077 —03 45x7 1.1x1073 =02  9.6311 118320 75064
Problem-Solving 371453 44 %1077 04 3555928 x 107 04 332457 23x10° 1 03 24455025x1070 01 190357 1213 259439
Planning 139346 88x107% 02 12834 19x1072 02 193304 70x 10712 03 13.534, 27 x 1073 02  7.6550 6.0238 9.2500
Normalizing 23041 34%x1072 02 3034028 x10710 03 1295, 1.0x10° —0.1 143355 1.0x10° —0.1 16.532 14.735.4 18.438.9
Psychoeducation 45,5 1.0x100 0.0 10335 25x107* 02 63,5 1.0x10° 01 30579 1.0x10° —01 475 2.0141 7.5264
Client behavior: Sharing experiences
n 865 842 940 879 759 533 226
Reflections on Needs 333475 14x107% 02 28040 96x1071 01 260450 1.0x10° 01 2704, 1.0x10° 0.1 22548 26.5442 18.6390
Reflections on Emotions 179554 1.0x10° 0.1 23947 1.8x107° 03 20.0400 43x1072 0.2 193305 1.6 x 10~ 0.2  13.533 19.9400 71257
Reflections on Values 57531 1.0x10° 0.0 5557 1.0x10° 00 4557 1.0x10° 00 51n; 1.0x10° 00 4751 71258 22147
Reflections on Consequences  19.450, 1.0x10° 0.0 10.831; 1.8 x 1073 —0.2 1.0x10° —0.1 16339 1.0x10° —0.1 18.2385 17.8383 18.639
Reflections on Conflicts 6455, 1.0x10° 0.0 345, 1.0x10° —0.1 1.0x10° 01 5507 1.0x100 00 5.8, 8.1y73 3.5185
Reflections on Strengths 215411 54x 1071 04 18337 14x107° 03 1.0x 107" 02 1255, 7.3 x 1071 0.1  8.4g99 12.0325 4916
Questions on Experiences 23544 36 x10718 —05 253435 1.3 x 107 * —04 35145 41x107% —02 364457 47 x 1072 —02 447495 452498 442495
Questions on Perspectives 44505 79%x1070 01 149 1.0x10° 00 5055 1.3x1071 02 4600 51x10°1 0.1 20556 32176 0994
Questions on Emotions 22147 24x107 —03 1813, 15x107% —03 39195 26x1073 —02 585, 1.0x10° —0.1 8.8 9.2589 8.4578
Problem-Solving 29.6457 71 x 10713 04 23957 21x107° 03 21249 67x107% 02 0.0 14.037 94995 18.6300
Planning 129336 59x1073 02 1053, 1.0x10° 01 131337 33x1073 0.2 ; 0.0 7.055 6.954 71257
Normalizing 162359 1.0x10° 0.1 18235, 1.0x10° 0.1 8854 55x1072 —0.2 11054 1.0x 100 —0.1 14.0347 139346 14.2349
Psychoeducation 3174 45x1071 —01 5. 1.0x10° 0.0 28,54 77x1072 —02 1lyge 74x 1077 =03 577 2.6160 8.885
Client behavior: Gained insights

n 450 365 430 437 258 214 44
Reflections on Needs 28049 1.0x10° 0.0 1.0x10° 01 27956 1.0x10° 0.0 2295, 1.0x10° —0.1 27045, 29.0455 25.0438
Reflections on Emotions 91555 1.0x100 —0.1 1.0x10° 0.0 1.0x10° —01 6955 1.0x10° —02 125355 159366 9.1591
Reflections on Values 5600 1.0x10° —0.1 1.0x10° 0.0 1.0x 100 —0.1 s 1.0x10° 0.0 8.6 93292 6.8255
Reflections on Consequences  18.255, 1.0x10° 0.0 1.0x10° —02 15835 1.0x100 —0.1 14935, 1.0x10° —0.1 18.8379 15.0357 227404
Reflections on Conflicts 42501 1.0x10° 0.0 1.0x10° 0.0 6353 1.0x100 01 48, 1.0x10° 00 399 5.603.1 23151
Reflections on Strengths 513500 40 x 1072 0.9 364457 21x107° 0.6 B3ldys 21x107° 04 3274028x1077 05 125z5 159366 9.1291
Questions on Experiences 131338 23x 1075 —04 16239 12x 1072 —03 24755, 1.0x10° —0.1 174379 3.0 x 1072 —0.3  29.245¢ 425496 15.937
Questions on Perspectives 31170 10x10° =01 2215, 1.0x10° =01 44y 1.0x10° 0.0 435, 1.0x100 00 4237 61539 23151
Questions on Emotions 0731 52x107% =05 19137 97x107° —04 42,5, 50x1072 —0.3 41199 40x1072 —03 10.837 10.330.4 11431
Problem-Solving 411493 20x 1072 03 37545 70x 1070 02 37045 89x1071 02 259555 1.0x10° 0.0 27936 15.0357 409497
Planning 349477 44x 10710 05 282451 35x10°°5 04 384457 95x10° 0.6 259435 44x 1074 04 1153, 11.7322 11.43,
Normalizing 324459 3.1x1073 03 301450 56x1072 0.3 1373, 1.0x10° —01 21755 1.0x10° 0.1 18.6354 12137 25.0438
Psychoeducation 87060 1.0x10° 00 126355 1.0x10° 01 9554 1.0x10° 00 9259 1.0x10° 0.0 8454 0996 159370
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Table C.7: Adaptability (frequency of conversational behaviors exhibited by therapists in response to specific
client behaviors) by LLM therapists (GPT-4, GPT-3.5-turbo, Llama2-70b, Llama2-13b) with two simulation
methods (Single response, Full conversation) in High-low quality dataset (Pérez-Rosas et al., 2019). Values
in gray are not statistically significantly different from human therapist average at p = % using Two-
sided Student’s t-test after Bonferroni correction, where m is the number of t-test per one model (m =
13 x 6 = 78). d is the cohen’s d when compared with human therapist average. For instance, when client
expresses CHANGING UNHEALTHY BEHAVIOR, GPT-4 with single response simulation exhibits REFLECTIONS
ON CONSEQUENCES by 38.9% which is 15.8% less than average human therapists. (Single: 11.5%, Average
human therapists: 27.3% from Table C.5; P = 5.3 x 10~17, Cohen’s d = —0.4, two-sided Student’s t-test)

LLM Therapists (Single Response Simulations) LLM Therapists (Full Conversation Simulations)

Therapist Behavior GPT-4 GPT3.5 Llama2-70b Llama2-13b GPT-4 GPT3.5 Llama2-70b Llama2-13b
freq. P d freq. p d freq. 13 d  freq. P d freq. P d freq. I3 d freq. p d freq. P d
Client behavior: Changing unhealthy behavior
n 1553 731 1553 595 1553 658 1553 529
Reflections on Needs 1.0x10° —01 3084, 10x10° 01 17036 97 x1076 —02 21045 20x 1071 —02 312 10x10° 01 28455, 1.0x10° 00 311,: 1.0x10° 01 30050 1.0x10° 0.1
Reflections on Emotions ;o 10x10° —01 795, 10x10° —01 56,5, 62x1072 —02 81y, 10x10° —01 8559 10x10° —01 133355 1.0x10° 01 1005, 1.0x10° 00 8855 1.0x10° —0.1
Reflections on Values 3812 10x10° 00 18535 36x1070 —01 185, 22x1070 —01 43y, 1.0x10° 00 42, 1.0x10° 00 6lag 1.0x10° 01 4335 1.0x10° 00 46y 1.0x10° 00
Reflections on Consequences  11.5319 53 x 1077 —04 9299 22x107" —05 522, 88x 1073 —0.6 8.1y 47x10°2 05 23957 1.0x10° —01 13532 41x 1072 04 21445 80x107% —0.1 2355, 1.0x10° —0.1
Reflections on Conflicts 23151 98x107% —02 13115 59x107° —02 1535 45x1075 —02 32;7; 21x1070 —02 5027 1.0x10° 01 41y 46x1072 —01  56xm0 1.0x10° —01  7lxss 1.0x10° 00
Reflections on Strengths 762426 20 x 10778 19 627454 50x 10715 14 44497 20x 1077 09 42349529x 1072 09 295556 14x 1072 05 252434 25x10°% 04 18135 56x 10710 02 15855 11x107° 02
Questions on Experiences 163369 28x 10719 —04  84yg 1.0x 107 —06 213459 32x1077 —03 2744 50x 1072 —02 354 97 x 10740 —05 193395 21 x 1072 ~04 30450 1.7x 1071 —0.1 2325, 28 x 10712 —03
Questions on Perspectives 2210 1.0x10° 01 005 15x107° —02 43y 1.0x10° 00 43, 10x10° 00 3055 10x100 00 127 30x107° —01 37 10x10° 00 507 10x100 0.1
Questions on Emotions 0352 47x107% —04 0241 98x1072 —04 113 35x10710 —03 041 74x 1070 03 0891 11x10°2 —04 0357 45x10°% —04 4l 21x107 —02 5535 18x107% —02
Problem-Solving 383155 58x107° 02 482500 69x 107 04 562496 3.0x 1077 0.6 4ldgs 52x107 03 41993 40x10°% 03 34355 21x102 0.1 29255 1.0x10° 0.0 25455 1.0x10° —0.1
Planning 47,6500 58 %x1077° 09 55045 93x10°% 11 64040 1910791 13 48.0500 45x10°% 09 252434 67x 1075 03 2386 7.8x 1072 03 19133 24x10° 0.1 18457 20x102 0.1
Normalizing 527500 26 x107% 1.0 528500 12x10°% 10 1853 37x10°70 01 217453 91x107% 02 164y 1.0x10° 01 120p 1.0x10° —01 625 59x 1072 —03 11155 1.0x10° —0.1
Psychoeducation 9289 29x1072 02 89xs 13x1071 02 214y 27x107% 06 1403777 %1070 03 47y, 1.0x10° 00 13239 93x107% 03 3017 22x10°2 —01 30171 33x10°2 ~0.1
Client behavior: Sustaining unhealthy behavior
n 389 47 389 30 389 164 389 56
Reflections on Needs 60x107* 0.7 1.0x10° 03 10x10° 01 4llg, 10x10° 03 1.0 x 10° 1.0 x 10° 1.0x10° 01 1.0x10° 00
Reflections on Emotions 10x10° 02 1.0x10° 0.0 1.0x10° —01 60x1071 04 1.0 x 10° 1.0 x 10° 1.0x10° 00 1.0x10° 00
Reflections on Values 1.0x10° —01 1.0x10° —01 1.0x10° —01  00p5 1.0x10° —03 1.0 x 10° 1.0 x 10° 1.0x10° —0.1 1.0x10° —0.1
Reflections on Consequences 1.0x10° 0.0 10x10° 02 19x1071 —03 32 1.0x10° —0.1 1.0 x 10° 20x107" 1.0x10° —0.2 1.0x10° —0.1
Reflections on Conflicts : 28x1071 05 10x10° 01 73, 10x10° 00 14 10x10° 02 1.0 x 10° 1.0 x 10° 1.0x10° —0.1 1.0x10° 00
Reflections on Strengths 1.0x10° 04 1.0x10° 03 1343, 98x102 03 5 1.0x10° 0.0 19x10°! 1.0 x 10° 1.0x10° 0.0 1.0x10° 0.0
Questions on Experiences 10x10° —0.1 10x10° —03 299,50 1.0x10° —02 50 1.0x10° 02 15x107° 48 %1077 34x10°" —02 52x1072 —0.2
Questions on Perspectives 56x10% 05 10x10° 02 1045, 12x1071 03 1255, 28x1071 04 1.0 x 10° 1.0 x 10° 1.0x10° 01 1.0x10° 0.1
Questions on Emotions 1.0x10° —0.3 1.0x10° —0.3 210 67x1072 —03 005, 1.0x10° —03 21x10°6 21x10° 36x1072 —03 1.0x10° —0.1
Problem-Solving 68x1071 04 500500 60x1072 0.6 58544 33x10°15 08 46453 1.1x10°2 05 1.0 x 109 1.0 x 10° 1.0x10° 0.0 1.0x10° —0.1
Planning 10x10° 04 26759 75x10% 08 40943 1.1x10°% 11 214y, 18x103 06 83x10°2 1.0 x 10° 1 69%x10°70 02 1.0x10° 0.1
Normalizing 79%x1072 05 467557 81x1075 09 1105, 1.0x10° —01 5457 1.0x10° —03 5 1.0 x10° 1.0 x 10° 9.6x107% —03 27x1071 —02
Psychoeducation 10x10° —02 33555 1.0x100 —02 1165, 1.0x10° 01 1073, 1.0x10° 00 12x1075 1.0 x 10° 38x107% —03 1833 12x107° —04
Client behavior: Sharing positive emotions

n 294 364 294 260 294 114 294 240
Reflections on Needs 44505 15x107° —04 17350 1.0x10° 00 11456 1.0x10° —02 5835 98x107° —0.3 1.0x10° 0.1 1.0x10° 00 241p5 1.0x10° 02 1.0x10° 02
Reflections on Emotions 3616 10x100 =02 3155 1.0x10° —02 1855, 10x10° —02 255, 10x10° —02 10x10° 0.0 10x10° 02 715 1.0x10° 00 1.0x10° 0.0
Reflections on Values 080 10x10° =02 1955 10x100 —01 264, 1.0x10° 00 389, 1.0x10° 00 10x10° 0.1 10x10° 01 61y 1.0x10° 01 8570 92x10°1 02
Reflections on Consequences  0.801 2.5x 107 —0.6 1533 24x10% —05 70,57 99x107' —03 0845 60x107° —0.6 1.0x10° 0.1 35x107" —02 17035 1.0x10° 00 13655 1.0x10° —0.1
Reflections on Conflicts 00pp 14x1071 =02  00pp 64x1071 =02 1853, 1.0x10° —01 005 86x1071 —02 10x10° 0.0 10x10° 00 61y 1.0x10° 01 345, 10x10° 00
Reflections on Strengths 97.8147 1.0 x 10717 35 83.839 32x 1075 21 588594 40x10°%# 12 67147 24x107% 14 26944 32x1075 04 72x107% 04 17735 94x107 02 16735 1.0x10° 02
Questions on Experiences 0355 27x10°%® —1.0 0462 95x10°2 —09 10535 12x10°% —05 7554 55x10°0 —0.6 173379 52x 1072 —0.3 ;) 86x1072 —03 29655, 1.0x10° 00 224,45 1.0x100 —02
Questions on Perspectives 0355 1.0x10° —01 0.4 1.0x10° —01 535, 1.0x10° 02 29,5 1.0x10° 01 44y, 1.0x10° 02 1.0x10° 0.0 g2 1.0x10° 01 3745 10x10° 0.1
Questions on Emotions 0000 71x1075 —04 00pp 25x1073 —04 185, 1.0x10° —02 11 13x107! 03 1.0y 24x1072 —03 24x1072 03 61y 1.0x10° —0.1 54 1.0x 109 —0.1
Problem-Solving 15150 1.0x10° 01 223, 31x10°1 02 40443 31x108 07 14 10x10° 00 255437 90x1073 03 56x1072 03 10x10° 02 143y, 1.0x10° 0.0
Planning 67.6569 3.0x107% 15 627455 11x 1078 14 73745 14x 1072 20 38845 8.1x 1077 08 23555 20x107° 04 12x1072 03 5 13x 1071 03 139y, 1.0x10° 02
Normalizing 929,58 44 x 10719 21 762457 22x 107 13 272, 1.0x10° 01 4795, 24x10°% 0.6 1703, 1.0x10° —0.1 5 11x1071 =03 6852 13x107° —0.5 13655 26x107! —0.2
Psychoeducation 4.9, 10x10° 01 3.8 1.0x10° 0.0 18439 1.6x107% 0.6 885 26x1070 03 345, 1.0x10° 0.0 17%x1072 03 075, 1.0x10° —02 4 10x10° —0.1
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Table C.8: (Continue Table C.7) Adaptability (frequency of conversational behaviors exhibited by thera-
pists in response to specific client behaviors) by LLM therapists (GPT-4, GPT-3.5-turbo, Llama2-70b, Llama2-
13b) with two simulation methods (Single response, Full conversation) in High-low quality dataset (Pérez-
Rosas et al., 2019). Values in gray are not statistically significantly different from human therapist average

0.05

m

atp =

using Two-sided Student’s t-test after Bonferroni correction, where m is the number of t-test

per one model (m = 13 x 6 = 78). d is the cohen’s d when compared with human therapist average. For
instance, when client expresses CHANGING UNHEALTHY BEHAVIOR, GPT-4 with single response simulation
exhibits REFLECTIONS ON NEEDs by 38.9% which is 23.6% more than average human therapists. (Single:
48.1%, Average human therapists: 24.5% from Table C.6; P = 2.3 x 10~10, Cohen’s d = 0.5, two-sided
Student’s t-test)

LLM Therapists (Single Response Simulations) pists (Full C 1
Therapist Behavior GPT4 GPT3.5 Llama2-70b Llama2-13b GPT4 GPT3.5 Llama2-70b Llama2-13b
freq. P d  freq. P d d  freq. P d  freq. P d P d  freq. p d  freq. p d
Client behavior: Sharing negative emotions
n 820 243 196 820 416 820 294
Reflections on Needs 23x10°10 05 418495 1.5x10°% 04 1.0x10° 0.0 0 1.0x10° 01 3624, 28x107° 03 1.0x10° 01 3184, 94x1072 02 324465 3.6 X102 02
Reflections on Emotions 10x10° 01 2455, 1.0x10° 0.1 10x10° 0.0 . 10x10° 0.1 28445, 3.0x107% 02 15x 1071 04 27949 73x107% 02 2465, 1.0x107 0.1
Reflections on Values 10x 100 00 10x 100 —02 10x 100 0.1 445, 1.0x10° 1.0x 100 —0.1 10x10° 00 ) 1.0x10° —0.1 10x10° 0.0
Reflections on Consequences 10x10° 0.0 1.0x10° —0.1 42x1077 —04 52x 107" 10x10° 0.0 9.8x 1077 —02 . 10x10° 0.0 5 10x10° 0.1
Reflections on Conflicts 62001 1.0x100 —0.1 1.0x10° —0.1 1.0x10° —0.1 7o 1.0x10° 1.0x10° 0.0 1.0x10° —0.1 ; 1.0x10° 0.1 1.0x10° 0.0
Reflections on Strengths 416494 27 x 10741 11 276445 43 x 10715 07 293456 28 x 1075 0.7 21149 7.3 x 10710 85x10°10 03 11x107° 03 12035 1.9%x 1072 02 1.0x10° 0.1
Questions on Experiences 35459 1.0x10° 23555 24x 107" 1.0x10° —0.1 520500 1.6x107° 04 184355 9.6 x 10712 —0.4 70x 107" —04 3395, 1.0x10° 0.0 ;9.0x 1071 —0.1
Questions on Perspectives 37150 1.0 % 100 5 1.0 x 10° 14x1070 02 61y, 1.0x10° 01 3255 1.0x10° 5 13x1071 —02 465, 1.0x10° 0.1 1.0x10° 0.1
Questions on Emotions 0807 12x1073 3 29%x10°2 31x107% —03 1dye 7.8x107% —03 18134 49x1077 1005 44x10712 —04 38197 39x10* —02 24x107" —0.1
Problem-Solving 428496 25 x 107 0.6  60.7490 6.9 x 10737 58x1074 09 429496 34x10716 06 3544552x10°3 04 17x1075 03 218 1.0x10° 0.1 1.0x10° 0.0
Planning 17732 12x107% 04 25557 47x 10712 14x1075 1.0 293454 85x 1072 07 12834 30x10°2 02 L0x10° 01 78xs 10x10° 0.0 10x10° 0.0
Normalizing 337474 17x107 04 42946 75x 10715 1.0x10° 01 17 1.0x10° 0.0 ; 1.0x10° 0.1 70x107 03 96095 1.9x10°% —0.2 1.0x10° —0.1
Psychoeducation 103304 27 %1072 03 10739 2.5x 1072 28x10°11 04 1.0x10° 02 1.0x10° —0.1 58x 1074 02 1355 29x107% =02 1134 27x107° —0.3
Client behavior: Sharing experiences
n 759 106 83 181 759 120
Reflections on Needs 57547 23x 10712 08 3864, 11x10°! 04 10x10° 0.1 3584, 15x107" 03 02 10x10° 01 260450 10x10° 0.1 10x10° 01
Reflections on Emotions 23657 75x1071 03 24150 1.0x10° 03 86x1072 03 292456 24x 1073 04 0.1 35x107° 03 19.13532x10°1 0.1 55 1.0x10° 01
Reflections on Values 850 1.0x10° 02 6050 1.0x100 0.1 1.0%x10° 00 1750 1.0x10° —0.1 0.0 1.0x10° 0.0 1.0x10° 00 57,5, 1.0x10° 0.0
Reflections on Consequences 208507 1.0x10° 0.1 14555, 1.0x10° —0.1 43x1072 =03 16 1.0x10° 00 0.0 1.0x107% —02 1.0x10° =01 16250 1.0x10° —0.1
Reflections on Conflicts 8550 1.0x10° 01 6030 1.0x10° 0.0 1.0x10° 00 83yg 10x10° 01 61y 1.0x10° 0.0 1.0x10° —0.1 1.0x10° 01 50, 1.0x10° 0.0
Reflections on Strengths 349479 11x 10712 0.8 277450 14x107° 0.6 23x107% 04 20845 54x10° 04 19637 56x107° 03 40x107° 03 10x10° 0.1 10x10° 0.1
Questions on Experiences 406005 1.0x100 =01 4465 1.0x10° 0.0 5 1.0x10° 01 5675¢ 1.0x10° 02 2114 1.9x 1072 —05 23x10°7 05 33944 1.1x 1073 —0.2 33.247; 3.0x10°% —02
Questions on Perspectives 1705 10x100 02 125, 10x10° —0.1 47x1072 03 50,5 10x10° 02 43, 1.0x10° 0.1 L0x100 0.0 4547 7.5x1070 01 45y, 75x 1070 0.1
Questions on Emotions 28157 1.0x10° =02 725, 10x10° —0.1 1.0x10° =02 425, 10x10° —02 214 7.8x107 —03 76x10710 —04 419 15x10°2 =02 6.1y 1.0x10° —0.1
Problem-Solving 415495 84x 10712 0.8 3985, 1.6x10°8 0.7 21x10°3 09 3584, 31x1078 0.6 27949 51x 10710 04 18x1073 02 152359 1.0x10° 00 1195, 1.0x10° —0.1
Planning 19840 73x107% 05 16957 13x 1071 04 343476 42x 1072 09 233455 54x107 0.6 02 1.0x10° 01 80, 10x10° 00 595, 1.0x10° 00
Normalizing 245,55 37x 1071 03 43449951 x 10710 0.8 1.0x10° 00 15059 1.0x10° 0.0 0.0 1.0x10° 00 790 1.0x10°2 =02 1045, 1.0x10° —0.1
Psychoeducation 38101 10x10° —01 485 1.0x10° 0.0 44x1070 02 58xs 10x10° 00 —0.1 10x10° 0.0 0859 14x107 —03 04g3 1.1x107° —03
Client behavior: Gained insights

n 258 192 107 258 172 258 179
Reflections on Needs 19355 1.0x109 —02 3465¢ 1.0x10° 02 1.0x10° —02 1345, 57x 1072 —03 1.0x10° 02 1.0x10° 0.0 10x10° 02 29557 1.0x10° 0.1
Reflections on Emotions 31174 65x1072 —03 28, 57x10°! —0.3 82x10°2 —03 22155 23x 1072 —04 1.0x10° 0.0 1.0x10° 0.1 1.0x10° 01 1015, 1.0x10° —0.1
Reflections on Values 57x5 10x100 —01 ; 10x10° 00 10x100 —01 73 1.0x10° 00 1.0x10° —0.1 1.0x10° 00 1.0x10° 0.0 1.0x10° 0.0
Reflections on Consequences 9.4, 2.8 x 107! —0.3 os 10x10° —02 9.0x1077 —0.6 22148 1.8x 1076 —0.6 248,55 1.0x10° 0.1 1.0x10° —02 1.0x10° 02 1.0x10° 0.1
Reflections on Conflicts 10102 1.0x10° —02 1955, 1.0x10° —0.1 L0x10° 01 0675 10x10° —02 6600 1.0x10° 01 10x10° 0.0 10x10° 02 10x10° 02
Reflections on Strengths 82.8375 40x 1078 1.9 58949427 x 1071 12 11x10°7 09 570496 81x1073 11 27949 14x1073 04 33x1073 04 1.0x10° 0.1 s 1.0x10° 0.1
Questions on Experiences 837 12x107° —0.5 10335 1.7x1072 04 ;) 25%1070 03 789 11x107° —05 16755 84x 1072 —03 ) 5.0x 1071 —02 10x10° 0.0 10x10° —0.1
Questions on Perspectives 16120 1.0x10° =01 097 1.0x10° —02 1.0x10° 00 17p9 1.0x10° —01 43,0, 1.0x10° 0.0 1.0x10° —0.1 1.0x10° 0.0 1.0x10° 0.1
Questions on Emotions 0000 11x107% —05 00p9 24x1072 —04 64x1072 03 0.0y 25x107* —05 1257 1.8x 107 —04 15x1072 —0.3 1.0 x10° —0.2 1.0x10° —0.1
Problem-Solving 385555 88x1071 02 533s; 3.7x107° 06 60x1077 0.6 33555 1.0x10° 01 43.046 12x1072 03 1.0x10° 0.1 1.0x10° 0.0 1.0x10° —0.2
Planning 50.0501 39 x 10719 0.9 47.7502 3.1x 1073 09 65x1074 1.6 453499 12x 1074 08 23.644 22x1072 03 02 57x1070 02 1.0x10° 0.1 1.0x10° 0.0
Normalizing 557308 5.7 x 10717 09 4955, 58x 1077 0.8 10x10° 01 32449 37x10°2 03 151559 1.0x10° —0.1 L0x10° 01 89, 51x1072 —03 10x10° —0.1
Psychoeducation 12055 1.0x10° 01 65, 1.0x10° —0.1 25x1072 04 16835 1.7x1070 03 62,5 1.0x10° —0.1 5 62x10°1 02 355, 19x10°1 =03 3955 50x 1071 —0.2
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Table C.9: Frequency of linguistic attributes (from LIWC analysis) by LLM therapists (GPT-4, GPT-3.5-
turbo, Llama2-70b, Llama2-13b) in High-low quality dataset (Pérez-Rosas et al., 2019). Values in gray are
not statistically significantly different from human therapist average at p = %% using Two-sided Student’s
t-test after Bonferroni correction, where m is the number of t-test per one model (m = 14). d is the cohen’s
d when compared with human therapist average. For instance, GPT-4 exhibits PosiTive EMOTIONS by
1.5% while human therapists responds by 1.0% on average (P = 8.4 x 10713, Cohen’s d = 0.1, two-sided
Student’s t-test).

LLM Therapists (Single Response & Full Conversation Simulations) Human Therapists

Linguistic Attributes GPT-4 GPT-3.5 Llama2-70b Llama2-13b Average High-quality Low-quality
(n = 4893) (n = 4746) (n = 4970) (n = 4820) (n =5446) (n=3907) (n=1539)
freq. r d freq. r d freq. p d freq. 4 d freq. freq. freq.
Positive Emotions 15,7 84x107 01 1255 92x107° 01 115, 10x10° 00 1155 29x10°1 00 1.042 1.243 0.736
Negative Emotions 0815 10x10° 00 0914 93x10° 01 089 64x102 01 0615 10x10° 00 0.736 0.734 0.643
BigWords 24577 00x10° 1.6 23177 00x10° 14 237559 00x10° 12 198156 00x10° 08 10799 11.099 10.4101
Self 153 1.1x107% —04 18,65 43x107% —03 13,4 79x10713 —05 1939 93x10°° 0.3 3151 2545 3.861
Other 8755 82x1071 00 8233 87x10712 —01 7555 24x107% —02 6759 20x107% —04 89, 8.769 9274
Health 27,8 11x107%0 02 3.033 1.6x107%° 03 20,9 48x102 01 1739 61x10°" 00 1.843 1.23, 2561
Wellness 0916 88x107%2 03 0814 29x107°1 03 0613 11x107% 01 059 12x107°% 0.1 0351 0213 0435
Behavioral Activation  6.849 7.8 x 10720 0.7 59,3 45x10717° 05 5755 7.6x107'%° 05 5157 46x107% 03 3259 3.559 2959
Meaning 35,3 14x107%% 07 31y, 1.1x1072° 06 2154 47x107¥ 02 19,7, 65x10°° 02 1435 1434 1437
Purpose 3836 13x10°25 0.7 35,5 1.8x10°27 07 256 35x107% 03 223 24x10°7 02 1534 1535 1538
Motivation 344 68%x1072% 0.7 3153 92x10728 06 213 71x107%° 03 19,5 48x10720 02 1333 1333 1334
Sadness 0713 14x107% 03 0814 35x107% 03 0615 15x107® 02 05 93x107° 0.1 0315 0315 0216
Sympathy 0307 41x107" 01 0499 85x107% 03 037 67x107% 02 037 14x107° 01  0.119 0.211 0.105
Stress 11g 1.0x10° 00 1419 27x107 01 14y, 36x10% 01 1.1,, 1.0x10° 00 1135 1132 1142

Table C.10: Frequency of linguistic attributes (from LIWC analysis) by LLM therapists (GPT-4, GPT-3.5-
turbo, Llama2-70b, Llama2-13b) in High-low quality dataset (Pérez-Rosas et al., 2019) for two different
types of simulations separately (Single response and Full conversation). Values in gray are not statistically
significantly different from human therapist average at p = %% using Two-sided Student’s t-test after
Bonferroni correction, where m is the number of t-test per one model (m = 13). d is the cohen’s d
when compared with human therapist average. For instance, GPT-4 with single response simulation
responds with PosiTive EMoTIONS by 2.0% and GPT-4 with full conversation simulation responds by
1.3% when compared with the human therapists responds by 1.0% on average from Table C.9. (Single:
P = 2.0 x 10714, Cohen’s d = 0.3; two-sided student t-test) (Full: P = 3.7 x 10~°, Cohen’s d = 0.1; two-
sided student t-test).

LLM Tk (Single Resp LLM Tt (Full C

Behavior GPT4 GPT35 Llama2-70b Llama2-13b GPT-4 GPT:35 Llama2-70b Llama2-13b

(n = 3837) (n =3907) (n = 3906) (n = 3895) (n = 1056) (n = 839) (n = 1064) (n=925)

freq. p 4 freq. p d  freq. p 4 freq. p d  freq. p d  freq p d  freq. P d  freq. P d

Positive Emotions 2017 20x10°™ 03 177 15x107% 02 314 52x1072 01 177 32x10°% 02 133, 37x10% 01 1255 25x102 01 1035 1.0x10° 00 1035 1.0x10° 00
Negative Emotions 05 1.0x10° —01 06, 1.0x100 00 07, 1.0x10° 00 06, 10x10° 00 08, 27x1070 00 10, 17x107 01 09, 25x102 01 069 10x10° 00
BigWords 2825 00x10° 19 25165 00x10° 15 3255; 00x100 22 32059 00x10° 19 2353 00x10° 14 228;; 00x10° 14 2205, 00x100 11 17896 31x10728 07
Self 2219 31x107% —02 24y3 1L1x1073 —01 1015 70x107% —04 1315 89x 105 —04 1dyy 75x10°% —04 1755 21x107%° —03 14p5 21x1071% —04 193, 48x107% —03
Other 9603 29x1072 01 845 34x107" —01 5854 21x107% —05 5645 13x1074 —05 8555 32x107% —01 8234 33x107 —01 7859 35x10°% —02 6949 1.0x107% —03
Health 283 38x10712 02 32;; 40x1078 03 9 1.0x10° 00 165 1.0x10° —01 279 67x103 02 3034 33x10%2 03 213 23x102 01 1.7, 10x10° 00
Wellness 115 17x1073 04 1255 14x103 04 0715 56x10% 02 085 1.6x10°% 02 096 20x10% 03 0815 13x107 03 054 22x1071° 01 04, 20x107' 00
Behavioral Activation ~ 7.859 40 x 10712 08 8955 40x 107 1.0 6935 11x10°% 07 644y 14x10°* 06 655 26x10782 0.6 5447 35x10716 04 5455 63x10°% 04 4959 64x10°% 03
Meaning 3615 50x107% 07 34y 76x10°% 06 2317 16x1076 03 2315 1.9x1072 03 34y 13x10°200 07 3.0, 68x10717 06 215 59x10°% 02 185 1.0x107° 01
Purpose 4319 11x1072% 08 47,7 91x107'% 09 28,5 13x10°% 04 2759 13x10°20 03 377 23x 10721 07 33,4 24x107 06 247 83x107% 03 213; 96x107° 02
Motivation 3915 67x107124 08 43565 54x 10718 09 2415 17x10°® 03 2319 97x10°7 03 325 1.8x10710 06 29, 1.8x107 06 214 29x10°% 03 189 96x107° 02
Sadness 0509 62x10°° 02 059 26x102 01 0619 75x10°10 02 07;4 58x10°2 03 074 81x1038 03 085 3.0x1072 03 0615 67x10% 02 057 71x10? 0.1
Sympathy 0205 29%x10°1 01 025 59%x10°1 01 03p7 15x10°° 02 0413 72x1072 03 03p5 44x10°1 01 049 98x10% 03 0312 88x107® 02 0259 42x10°¢ 0.1
Stress 071, 12x1072 —0.1 09, 65x1071 —0.1 205 10x100 0.0 105 10x10° 00 1255 23x10°1 01 159 15x10710 01 1dp3 19x10® 01 11,5 1.0x10° 00

320



Table C.11: Frequency of conversational behaviors exhibited by LLM therapists (GPT-4, GPT-3.5-turbo,
Llama2-70b, Llama2-13b) in HOPE dataset (Malhotra et al., 2022). Values in gray are not statistically
significantly different from human therapist average at p = %% using Two-sided Student’s t-test after
Bonferroni correction, where m is the number of t-test per one model (m = 13). d is the cohen’s d when
compared with human therapist average. For instance, GPT-4 responds with REFLECTIONS ON NEEDS by
40.2% while human therapists responds by 23.4% on average (P = 6.9 x 10~%°, Cohen’s d = 0.4, two-sided

Student’s t-test).

LLM Therapists (Single Response & Full Conversation Simulations)

Human Therapists

Behavior GPT-4 GPT-3.5 Llama2-70b Llama2-13b Average High-quality Low-quality
(n = 7705) (n = 7135) (n = 7461) (n = 7464) (n =5446) (n=3907) (n=1539)
freq. 4 d freq. P d freq. P d freq. P d freq. freq. freq.
Reflections on Needs 402490 6.9x 107 04 35047 72x107# 03 29.04554 26 x 10711 0.1 288453 9.1 x 10711 0.1 23443, 26.2440 20.6405
Reflections on Emotions 23140 1.2x107% 03 252434 84x10™5 04 171376 3.1x 1072 0.2 213459 45%x1077 03 10555 14.6353 63213
Reflections on Values 44565 10x10° 00 35154 39x1073 —01 37190 40x1072 0.1 41195 62x1071 0.0  48p;g 6.3244 33179
Reflections on Consequences  22.3;7 1.0 x 10° 0.0 2145, 1.0x10° 0.0 19.6397 32x1072 —0.1 21250 1.0x10° 00 21.84; 179384 257437
Reflections on Conflicts 41108 29x107° —01 3555 91x10°¥ —01 63, 1.0x10° 00 66055 1.0x10° 0.0 66061 83276 50018
Reflections on Strengths 335470 42x 10725 0.6 27446 1.4x10715 05 16834 19x 10730 02 156363 58x 1072 02 9533 128335 6.242
Questions on Experiences 36.7530 6.0 x 1071 —0.1 295456 62x 1078 —03 57.6504 6.7x 1072 03 56.6506 1.5x 1074 03  44.040 489500 391488
Questions on Perspectives 76066 23x10721 02 38105 1.0x10° 00 12136 14x10°% 03 11.33722x107% 03 3559 4957 20141
Questions on Emotions 30171 47x107% —03 6.1y 37x10°% —02 1253, 1.0x10° 00 1813577 x10°2 02 11739 13.3340 10.130.2
Problem-Solving 534499 1.7 x 1072 0.6 60.1499 0.0x10° 0.7 33743 69x10°2 02 24350 54x10°1 0.0 2594, 21.2409 30.5460
Planning 479500 3.6 x 107306 0.7 533499 0.0x10° 0.8 32545 72x107% 04 26843 58x10°¥ 02 17134 169375 17.2378
Normalizing 43546 19 x 107170 05 47.6499 89 x 10728 0.6 16637, 1.4x 1077 —0.1 19455 1.0x10° 0.0 20535 178383 2324,
Psychoeducation 190303 1.6 10777 0.3 187390 95x107% 03 12.835512x1072 02 74 1.0x10° 00  7.6048 523 99298

Table C.12:

Frequency of conversational behaviors exhibited by LLM therapists (GPT-4, GPT-3.5-turbo,

Llama2-70b, Llama2-13b) in HOPE dataset (Malhotra et al., 2022) for two different types of simulations
separately (Single response and Full conversation). Values in gray are not statistically significantly differ-

ent from human therapist average at p =

0.05

m

using Two-sided Student’s t-test after Bonferroni correction,

where m is the number of t-test per one model (m = 13). d is the cohen’s d when compared with human
therapist average. For instance, GPT-4 with single response simulation responds with REFLECTIONS ON
NEEDs by 33.5% and GPT-4 with full conversation simulation responds by 41.9% when compared with
the human therapists responds by 23.4% on average from Table C.11. (Single: P = 2.6 x 10~'4, Cohen’s
d = 0.2; two-sided student t-test) (Full: P = 8.1 x 10~%, Cohen’s d = 0.4; two-sided student t-test)

LLM Therapists (Single Response Simulations)

LLM Therapists (Full Conversation Simulations)

Behavior

GPT-4 GPT-35 Llama2-70b Llama2-13b GPT-4 GPT-3.5 Llama2-70b Llama2-13b
(n = 6158) (n = 6144) (n = 6174) (n = 6282) (n=1547) (n=991) (n=1287) (n =1182)
freq. » d  freq. p d  freq. » d  freq. p d  freq. p 4 freq. » d  freq. p d  freq. » d

Reflections on Needs 3354, 26 X107 02 396539 45x 1075 04 196307 49x1072 —0.1 19557 62x1072 —0.1 41945 81x10°%° 04 3435 1.3x107% 02 30942 22x 1071 02 30.6467 6.6 x 10777 0.2
Reflections on Emotions 10.0, 1.0x10° 00 1355, 94x10°2 01 9905 10x10° 00 16137 24x10°° 02 26447 55x1071% 04 27145 88x10 11 04 186359 30x 102 02 223456 1.5x10°2 03
Reflections on Values 10x10° 0.0 43y, 10x10° 00 27563 22x1072 =01 31575 20x1070 —01 4355 1.0x10° 00 3459 16x107° —01 4055 33x1071 00 43 1.0x10° 0.0
Reflections on Consequences 109315 1.3 x 10720 —03 12035 56 x 10712 —03 5934 73x 1074 —04 8539 71x107% —03 252534 16x107* 01 2295, 10x10° 00 225;: 10x10° 00 23 26x1071 0.0
Reflections on Conflicts 2010 25%10710 —02 18134 17x107 —02 23151 15x107 —02 39193 79x1073 01 4630 53x107° —01 3812 32x10°10 01 7 10x100 00 71, 1.0x10° 0.0
Reflections on Strengths 704457 00x10° 1.7 56556 55x1073%0 14 35355 34x 10718 07 31645 43x 1078 0.6 2439 45x10°% 04 22750 62x1078 04 130336 14x107 01 12633, 52x10°° 0.1
Questions on Experiences 31545 23x 1077 —03 216552 59x 1073 —05 383456 28x 1072 —0.1 4115, 93x107" —0.1 380455 85x 10710 —0.1 30747 24 x107%¥ —03 61.6556 20x 1075 04 5955, 1.3x 1072 0.3
Questions on Perspectives 4505 91x1070 01 27 10x10° 00 55ps 17x102 01 5dpg 40x10°2 01  8dyg 24x10°2%6 02 40,05 1.0x10° 0.0 13534 29x10°78 04 1243, 50x10°% 03
Questions on Emotions 1557 12x1073 —03 3017, 82x107° —03 31574 1.8x10718 —03 850 27x10°2 —0.1 3415 19x10°0 —03 66045 35x10°20 —02 1ddss; 29x10°% 01 199399 73 x 10732 0.2
Problem-Solving 405597 21x107% 03 58543 3.6 x10°% 07 5ldsgg 14x 1074 06 346476 54x107° 02 56656 1L1x10722 07 604s9 00x100 07 300455 7.6x 1076 01 224457 98x107° 0.1
Planning 663175 00x10° 12 73243 00x10° 14 6Ly 26x1072F 11 420494 42x 10781 0.6 433196 18x 10721 0.6 501500 00x10°0 07 26444153x10°3 02 23957 7.0x 107 02
Normalizing 619556 71x 107240 10 712455 69x 10722 13 2395, 77x10°2 01 2385, 14x1071 0.1 389457 60x 10715 0.4 438494 3.8x 107163 05 151355 1.1x 1073 —0.1 18550 89x 1072 0.1
Psychoeducation 234p4 28x10°74 05 3344, 14x 1071 09 294456 7.5x 10717 07 17.8355 3.1x 1072 04 180354 3.0x10°% 03 16330 53x 107 03 949, 38x 1073 01 5535 39x1075 —0.1
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Table C.13: Temporal Order (First Occurrence) of conversational behaviors during a conversation by LLM
therapists (GPT-4, GPT-3.5-turbo, Llama2-70b, Llama2-13b) in HOPE dataset (Malhotra et al., 2022). Values
in gray are not statistically significantly different from human therapist average at p =
sided Student’s t-test after Bonferroni correction, where m is the number of t-test per one model (m = 13).
d is the cohen’s d when compared with human therapist average. For instance, GPT-4 responds with
ReFLECTIONS ON NEEDs at 3.3 turns earlier than average human therapists responds. (GPT-4: 2.9 turn,
Average human therapists: 6.2 turn; P = 1.0 x 10~19, Cohen’s d = 0.8, two-sided Student’s t-test).

0.05
m

using Two-

LLM Therapists (Single Response & Full Conversation Simulations)

Human Therapists

Behavior GPT-4 GPT-3.5 Llama2-70b Llama2-13b Average High-quality Low-quality
(n = 7705) (n = 7135) (n = 7461) (n = 7464) (n =5446) (n=23907) (n = 1539)
turn r d turn r d turn 4 d turn 14 d turn turn turn
Reflections on Needs 2933 1.0x107Y 08 615, 1.0x10° 00 5355 48x1071 02 615, 1.0x10° 00 6255 4445 8.162
Reflections on Emotions 5850 1.0x10° 01 6055 1.0x10° 01 645, 1.0x10° 00 7055 1.0x10° —0.1 6349 5248 7450
Reflections on Values 9059 1.0x10° 02 93,, 1.0x10° 01 10355 1.0x10° —0.1 10355 1.0x10° —0.1 9955 8.853 11.058
Reflections on Consequences  7.0;5 1.0x10° 00 715, 1.0x10° 00 62,9 1.0x10° 02 7357 1.0x10° —0.1 7.050 6246 7.854
Reflections on Conflicts 82, 58x1072 04 8853 1.0x10° 02 8753 42x1071 02 8153 23x1072 04  10.0s2 8247 11.856
Reflections on Strengths 7851 46x107° 04 89, 39x107" 02 91,5 1.0x10° 02 10155 1.0x10° 0.0 10241 8.4 11.957
Questions on Experiences 275 1.0x10° 01 4157 29x1072 =03 3.15; 1.0x10° —0.1 4.04; 1.8x1073 —0.3 295 2.251 3.609
Questions on Perspectives 7741 14x1078 11 7845 29x10° 1.0 8954 81x1077 07 8455 61x107° 08 1265 10.047 1534,
Questions on Emotions 645, 1.0x10° 01 77,0 1.0x10° —01 5055 1.0x1072 03 4444 29x107° 05 7.06.4 6.763 7.365
Problem-Solving 795, 1.0x10° 01 7056 47x1072 02 8755 1.0x10° —0.1 95., 1.9x10°" —0.2 8.354 8.756 8.051
Planning 9757 27x107% 04 9356 8.6x107° 04 9757 27x107* 04 105,; 1.3x1071 02 1195 11.568 12460
Normalizing 8055 45x1071 =02 735, 1.0x10° —0.1 9556 7.5x107° —04 8866 14x1072 0.3 6942 6.263 7.760
Psychoeducation 11.0s9 21 x 1072 —04 10159 9.8 x 1071 —0.2 12157 93x107® 0.6 12.855 22 x 10°° —0.7 8955 8.554 9.255

Table C.14: Temporal Order (First Occurrence) of conversational behaviors during a conversation by LLM
therapists (GPT-4, GPT-3.5-turbo, Llama2-70b, Llama2-13b) in HOPE dataset (Malhotra et al., 2022) for
two different types of simulations separately (Single response and Full conversation). Values in gray
using Two-sided
Student’s t-test after Bonferroni correction, where m is the number of t-test per one model (m = 13). d is
the cohen’s d when compared with human therapist average. For instance, GPT-4 with single response
simulation responds with REFLECTIONS ON NEEDs at 4.0 turn which is 2.2 turns earlier than average human
therapists. Similarly, GPT-4 with full conversation simulation responds at 1.8 turn which is 4.4 turns earlier
than average human therapists. (Single: 4.0 turn, Average human therapists: 6.2 turn from Table C.13;
P = 6.4 x 107°, Cohen’s d = 0.5, two-sided Student’s t-test) (Full: 1.8 turn, Average human therapists: 6.2
turn from Table C.13; P = 4.7 x 10~2!, Cohen’s d = 1.0).

are not statistically significantly different from human therapist average at p =

0.05

LLM Therapists (Single Resp LLM T (Full C
Behavior
GPT-4 GPT-3.5 Llama2-70b Llama2-13b GPT-4 GPT-3.5 Llama2-70b Llama2-13b
(n = 6158) (n = 6144) (n = 6174) (n = 6282) (n=1547) (n=991) (n =1287) (n =1182)
turn p d  turn p d  tun p d  turn p d  turn p d  tun p d  tun p d  turn p d

Reflections on Needs 4030 64x107° 05 9374 13x107° —05 9353 13x10°6 —0.6 1153 21x 10715 09 183, 47x1072" 10 285575x10712 07 2434 53x107'® 08 263 15x10°15 08
Reflections on Emotions 8250 35x10°2 04 9555 69x1075 —0.6 9557 24x10°° 0.7 11752 3.6 x 10716 —1.1 45,3 29x 1073 04 4349 38x10°% 04 50,7, 17x1071 03 425 96x107°5 05
Reflections on Values 8455 1.0x10° 03 89, 1.0x100 02 14249 44x1073 —0.8 14455 1.1x1073 —08 9455 1.0x10° 01 9655 1.0x100 01 9255 1.0x10° 01 9255 1.0x10° 0.1
Reflections on Consequences  8.654 44x1072 —03 994 37x107* —05 10147 6.0x107* —0.6 13053 24x 107" 1.2 6.0, 60x107" 02 5859 20x1071 02 5143 51x10* 04 5554 13x1072 03
Reflections on Conflicts 9.2 1.0x10° 02 885, 1.0x10° 02 1035, 1.0x10° —01 118,69 1.0x10° —03 8048 41x1072 04 8855 1.0x10° 02 8455 1.6x1071 03 7253 1.7x10% 05
Reflections on Strengths 8445 21x10°2 03 115, 53x107" =02 11255 1.0x10° —02 12463 20x10°2 —04 7353 3.0x 1075 05 6.652 55x10°% 06 7.05; 22x10°° 05 83,, 98x102 03
Questions on Experiences 396 79x 107 —04 81y; 32x 1072 —1.1 4933 39x10712 —07 6555 15x1075 1.1 155 39x107% 0.6 1654 1.7x107 05 1419 19x1071 07 159 1.8x107° 06
Questions on Perspectives 8339 35x10°% 09 80,0 52x1071 09 130,35 1.0x10° —01 1355 1.0x10° —02 754 1.3x10712 1.1 7845 23x1077 1.0 7757 41x10°" 10 7447 35x10°% 11
Questions on Emotions 6050 1.0x10° 02 81,5 1.0x10° —02 764, 1.0x10° —01 5555 53x1071 03 6555 1.0x10° 01 76455 1.0x10° —0.1 4559 55x107* 04 39,7 1.1x10°% 06
Problem-Solving 10655 83 %1075 —04 10257 83x 1073 —03 11245 1.0x 107 —0.6 13155 20x 107 0.9 5359 26x10™° 0.6 423634x1077 09 6145 19x107* 04 665, 89x1072 03
Planning 11455 1.0x10° 01 12355 1.0x10° —01 10955 1.0x10° 02 12655 1.0x10° —01 8054 34x107% 07 694559x1076 09 8455 74x107 06 8657 30x10° 05
Normalizing 10.654 8.6 x 1077 —0.6 10955 1.4x 1078 —07 12955 21 x 1071 —1.0 12345 1.1x 10710 —0.9 555, 15x 1071 02 4645 28x10°% 04 7155 1.0x10° 00 7055 1.0x10° 0.0
Psychoeducation 13152 23x 1076 0.8 11755 12x 1072 —0.5 13353 1.0x 1078 —0.8 15654 81x 107 —12 9650 1.0x10° —0.1 9255 1.0x10° —01 10757 20x107" —03 10055 1.0x10° —0.2
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Table C.15: Adaptability (frequency of conversational behaviors exhibited by therapists in response to spe-
cific client behaviors) by LLM therapists (GPT-4, GPT-3.5-turbo, Llama2-70b, Llama2-13b) in HOPE dataset
(Malhotra et al., 2022). Values in gray are not statistically significantly different from human therapist
average at p = % using Two-sided Student’s t-test after Bonferroni correction, where m is the number of
t-test per one model (m = 13 x 6 = 78). d is the cohen’s d when compared with human therapist average.
For instance, GPT-4 exhibits REFLECTIONS ON NEEDS by 10.2% and human therapists responds by 27.7%
on average when client expresses CHANGING UNHEALTHY BEHAVIOR. (P = 1.9 x 107%¢, Cohen’s d = —0.5,

two-sided Student’s t-test).

LLM Therapists (Single Response & Full Conversation Simulations) Human Therapists

Therapist Behavior GPT-4 GPT-3.5 Llama2-70b Llama2-13b Average High-quality Low-quality

freq. P d freq. P d freq. P d freq. P d freq. freq. freq.

Client behavior: Changing unhealthy behavior

n 2552 2193 2349 2109 1553 1198 355
Reflections on Needs 102303 19x107% —0.5 8274 29x107% —05 6.035 3.6 x1077% —0.6 5334 17x1077 —0.7 2774555  30.646,1 24.843,
Reflections on Emotions 27162 54x10720 —03 28156 59x 10718 —03 214 39x 1072 —03 37555 70x1071% —03 10453 14.6353 6241
Reflections on Values 20147 30x107% —01 0139 82x107® —03 1095 47x10710 —02 099p 44x10710 —02 4.8x7 7.0055 25157
Reflections on Consequences  4.5505 6.6 x 1071% —0.7 21355 3.9x 10713 —09 18135 52x 1078 —09 2854 56 x 10717 —0.8 27343 199399 34.6477
Reflections on Conflicts 0574 53x1078 —04 0356 26x107 —04 0677 22x105 —04 0995 73x10720 —03 696 8375 5.603.1
Reflections on Strengths 31.6465 57 x107%% 05 20141 19x10716 03 148355 75x105 02 1203, 92x10°1 01 9334 141348 4558
Questions on Experiences 657 14%x10712 08 12119 68x 107197 —1.1 63y, 80x107126 —08 62547 7.0x 10717 —0.8 35.6456 40.2491 31.043
Questions on Perspectives 11194 26x107° —02 0.0y 77x107% —03 17158 28x1072 —01 1099 39x1075 —02 3.5y, 485 23149
Questions on Emotions 0254 63x107% —05 0137 36x107% —05 04¢5 14x1074 —05 0254 83x107* —05 96307 113316 79270
Problem-Solving 14.0347 15x 1072 —04 144351 1.0x 1075 —04 20349, 21x1077 —02 10334 35x107% —05 284p; 20443 36.345
Planning 195306 8.7x107° 02 1533, 10x10° 00 229459 25x10° 1 02 1195, 1.0x10° —01 13736 10739 16.6373
Normalizing 19.3395 63 x107% 0.1 15835 1.0x100 01 65y, 44x107% —03 5lypy 7.8x 1072 —03 14056 10.530.7 17.5380
Psychoeducation 34150 65x1072 =01 30179 51x107% —0.1 83y5 39x1072 01 4le 1.0x10° —0.1 5dgs 3.5184 7.32.1

Client behavior: Sustaining unhealthy behavior

n 428 402 485 462 389 275 114
Reflections on Needs 5406 15x1071° —0.6 22145 7.6x1072 —08 7.06 98x1071° —0.6 6.1p39 44x10710 —0.6 27.6453 30.5461 24.643
Reflections on Emotions 0568 1.1x107% —05 0259 1.1x107° —05 25555 54x10°° —04 3735 82x107% —03 11.73, 13.8346 9.6297
Reflections on Values 12108 2.0x10°% —03 0.0p9 56x107° —04 06758 29x107° —03 0995 22x107* —03 6850 6528 7.0057
Reflections on Consequences ~ 4.7y11 2.7 x 1073 —09  1.09 15x 1074 —1.0 4555 53x107%5 —09 54png 54x1073 —09 361465 265442 45.6500
Reflections on Conflicts 0996 20x107° —04 12117 19x107% —03 19135 59x107% —03 0993 51x10° —04 827, 76266 8.8584
Reflections on Strengths 355, 10x10° —0.1 12111 19x1071 —02 435, 1.0x10° 00 37135 1.0x10° —0.1 5236 6.9254 3.5185
Questions on Experiences 30172 1.8x107% —1.0 0579 50x107% —1.1 6.0p37; 56 x1073* —09 545 22x107%* —09 393494 46.2499 325470
Questions on Perspectives 0755 50x107" =02 0099 23x1072 —03 1456 10x10° —01 173, 1.0x10° —01 35593 44505 2.616.1
Questions on Emotions 0.000 1.8x107% —04 0009 63x108% —04 009 12x107° —05 0247 1.8x1078 —04 9.2y 10.5308 79071
Problem-Solving 28165 1.1x1071 —07 15557 19x1072 —07 12237 32x107% —03 6954 40x10711 —05 23.6493 15.636.4 31.6467
Planning 19556 11x1071 —02 0579 24x107% —03 8955 1.0x10° 01 4l9e 1.0x10° —01 5901 40196 79271
Normalizing 21144 19%x107° —05 0786 20x10712 —0.6 23149 45x10710 —05 17137 44x1071 —05 14.033, 10.5308 17.5382
Psychoeducation 0248 56x1071 —05 0579 21x107° —05 33179 14x1073 —03 1535 26x107 —04 9.8y 47513 149358

Client behavior: Sharing positive emotions

n 815 596 389 437 294 226 68
Reflections on Needs 40197 72x107" —05 10739 60x107" —02 28156 3.3x10°8 —05 30179 88x107° —05 173499 243439 103306
Reflections on Emotions 23151 22x1072 —02 3415, 1.0x100 —02 0357 97x107* —03 0995 44x1073 —03 753 15.035.8 0.00.0

Reflections on Values 0995 39x107' —02 0247 19x1072 —03 08z 1.0x100 —02 02,5 1.6x1071 —02 3.4g 5305 15121
Reflections on Consequences ~ 0.675 4.0x 1072 —08 075, 1.0x1072! =07 057, 3.1x107® —07 0995 20x1071° —0.7 158349 111314 20.6407
Reflections on Conflicts 0.000 22x107% —03 0099 49x1073 —03 00y 95x107%2 —03 7 1.0x 100 —02 3.dye 5305 1.5121
Reflections on Strengths 622485 14x107° 12 428495 3.6x 10721 07 14455, 1.0x10° 01 1723, 84x10°1 02 102349 15.9367 44907
Questions on Experiences 0997 31x107% —12 0247 49x107% —1.1 419 32x1072 —08 6.60409 20x 1077 —0.7 3l6ye 36.7433 26.544.4
Questions on Perspectives 0135 1.0x10° —02 02, 1.0x10° —01 035; 10x10° —01 0555 1.0x10° —01 13140 27161 0.00,0

Questions on Emotions 0000 1.8x10°1 —05 0355 60x107 —04 0009 3.0x107° —04 0248 24x105 —04 75580 10.630.9 44507
Problem-Solving 77257 52x1071 =02 10635 1.0x10° —01 72,50 82x107! —02 3415, 61x107° —04 13.0336 128335 13.2341
Planning 436496 11x107% 08 31043 1.0x 10712 0.6 18539 81x107% 03 12459 1.0x10° 01 829 75264 8.8286
Normalizing 58543 1.5x 1072 0.8 38945 8.6x107° 03 8275 3.0x1070 —04 1ldze 23x1073 —03 22746  19.033 26.5444
Psychoeducation 3415, 1.0x10° 00 1835 1.0x10° —01 51, 1.0x10° 01 30570 1.0x10° 00 3153 1.8132 44507
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Table C.16: (Continue Table C.15) Adaptability (frequency of conversational behaviors exhibited by ther-
apists in response to specific client behaviors) by LLM therapists (GPT-4, GPT-3.5-turbo, Llama2-70b, Llama2-
13b) in HOPE dataset (Malhotra et al., 2022). Values in gray are not statistically significantly different from
human therapist average at p = % using Two-sided Student’s t-test after Bonferroni correction, where m
is the number of t-test per one model (m = 13 x 6 = 78). d is the cohen’s d when compared with human
therapist average. For instance, GPT-4 exhibits REFLECTIONS ON NEEDs by 14.0% and human therapists
responds by 24.5% on average when client expresses SHARING NEGATIVE EMOTIONS. (P = 3.2 x 107, Co-
hen’s d = —0.3, two-sided Student’s t-test).

LLM Therapists (Single Response & Full Conversation Simulations) Human Therapists

Therapist Behavior

GPT-4 GPT-3.5 Llama2-70b Llama2-13b Average High-quality Low-quality
freq. 4 d freq. P d freq. 4 d freq. 4 d freq. freq. freq.
Client behavior: Sharing negative emotions
n 1175 1052 1354 1348 820 646 174
Reflections on Needs 14.0348 32x 1077 =03 723559 23x1072 —05 954 56x 1071 —04 9.259 51x 10720 —04 24545 289454 20.1402
Reflections on Emotions 9.0,87 69x1077 —03 72,0 26x10712 —04 8.1y3 57x10712 =03 12235 83x10°% —02 19447 274446 11.530
Reflections on Values 25555 25x1073 —0.2 0244 25x10712 —04 0899 52x 107" —03 1315 22x1078 —03  6.3p54 74062 5201
Reflections on Consequences  7.1psg 6.6 x 10721 —0.5  3.6157 1.7 x 107 —0.6 35153 54x107% —0.6 445 1.8 x10°% —0.6 21.835 18.3357 253436
Reflections on Conflicts 14116 13x10711 —03 0675 1.7x107% —04 115 14x1071% —04 23159 1.7x1078 —03  8.4y5 10.530.7 63044
Reflections on Strengths 135345 84x1075 02 70,5, 1.0x10° 00 126335 91x107* 02 10435 23x1071 0.1 6.6 8.5279 46910
Questions on Experiences 11.630 40 X 1073* —0.6 35154 1.6 x 10772 —0.9 13.4340 3.6 x 10730 —05 157354 1.8 x 10722 —0.5 34.645¢ 40.6491 28.7454
Questions on Perspectives 115 14x107"0 =01 0244 11x107% —02 2745 1.0x10° 00 2245 1.0x10° —0.1 33599 4814 1.7131
Questions on Emotions 02417 27x1072 —05 046y 13x107% —04 0575 1.7x10°2 —05 0461 12x1072 —05 9.631, 11.832 7.5064
Problem-Solving 111315 21 x 1075 =02 14240 27x1070 =01 22645 1.0x10° 0.1 1545, 1.0x10° —0.1 19.0357 121326 259439
Planning 530, 1.0x100 01  6.0,37; 1.0x10° —0.1 17.63; 25x1077 03 10435 1.0x10° 0.1 76350 6.0238 9.2290
Normalizing 9807 41x107% —02 10.637 87x1073 —02 6750 93x10712 =03 67250 72x 10712 —0.3 16.53. 14.7354 18.4389
Psychoeducation 26155 28x1071 =01 2959 10x100 —01 76055 47x10°1 01 4355 1.0x10° 00 4775 20141 7.5%6.4
Client behavior: Sharing experiences
n 874 812 908 926 759 533 226
Reflections on Needs 657 1.5x10718 —05 1416 75x107% —07 39193 56x 1072 —0.6 50y7 82x 1072 —05 22554 26.5442 18.630.0
Reflections on Emotions 5835 33x1075 —03 3.0169 22x1071"" —04 4455 21x10°% —03 6.035 48x1075 —02 13.538 19.9400 71257
Reflections on Values 0675 66x107° —02 0.0p0 82x107 —03 0.8gg 23x107* —02 13113 7.6x1073 —02 47531 71258 22147
Reflections on Consequences 24155 49 x 1072 —0.6  1.099 1.8x1073" —0.6 19136 1.2x1072° —0.6 171309 55x 1073 —0.6 18.2555 178353 18.6390
Reflections on Conflicts 1.0101 20x107° =03 0135 17x10°% —03 0994 38x10° —03 11593 1.6x107° —03 585, 81573 3.5185
Reflections on Strengths 15507 13x107" =02 18135 1.1x107° —03 4lygg 29x1072 —02 37138 55x 1073 —02  8.4dygy 120325 4916
Questions on Experiences 5835 32x 10782 —1.0 23157 23x10710 —12 86059 1.3x 107 —0.9 917 50x 1077 —0.9 44.7495 452498 442495
Questions on Perspectives 0134 32x1072 =02 0009 1.6x1072 —02 1104 1.0x10° =01 1.055 1.0x10° —0.1 2056 32176 0.994
Questions on Emotions 0134 1.0x107'6 —04 0467 35x10°™ —04 0247 1.1x107' —04 0993 25x10713 —04 8.8 9.2289 84975
Problem-Solving 47515 55%x10710 —03 32176 34x107¥ —04 5937 58x1077 —03 620 14x107° —03 14.037 9.429 18.630.0
Planning 23150 30x107% —02 17130 1.6x1075 —03 535, 1.0x10° —01 4195 67x107" —01 7.0x55 6.925.4 71257
Normalizing 40196 35x1071 —04 32y76 52x1071% —04 25557 77x10°Y7 —04 26159 74x 1077 —04 140347 139346 14.2349
Psychoeducation 073 35x107° —03 0259 27x10°" —04 1513 27x107° —03 0573 13x10710 —03 5757 2.6160 8.8285
Client behavior: Gained insights

n 561 382 490 425 258 214 44
Reflections on Needs 10.0300 24 %1078 =05 7351 65x1070 —0.6 6.1p50 53x107% —0.6 7.8y5 53x 10710 —0.6 27.0451 29.0455 25.0438
Reflections on Emotions 34181 1L1x107% —04 29557 42x107% —04 317, 98x107° —04 355 14x10°% —03 12535 159366 9.1591
Reflections on Values 18130 14x107% —03 03517 18x107° —04 225 19x1072 —03 14115 1.9x1073 —03 8.1 9.329 68255
Reflections on Consequences  4.6p19 5.1x10710 —0.5 24555 21x1072 —0.6 10197 3.0x 1072 —08 14y5 1.9x 107 —0.7 188570 15.035.7 22744
Reflections on Conflicts 0754 19%x1071 =02 035, 1.3x107' —03 085y 48x107! —02 14;% 1.0x10° —02 399 5.6231 23151
Reflections on Strengths 474500 7.8 x 10721 0.8 23355 61x1072 03 214y 25x1071 02 1793, 1.0x10° 0.1 125355 159366 9.1291
Questions on Experiences 45507 28x10721 —0.8 08gg 12x10°2* —09 67551 27 x107% —0.6  6.6045 35x 10713 —0.6 29.245¢ 425496 15937
Questions on Perspectives 2115 1.0x10° —01 035, 95x1072 —03 201 1.0x10° —01 26150 1.0x10° —0.1 4257 6.1239 23151
Questions on Emotions 0.000 20x107™ —0.6 0355 69x107° —05 0464 94x10711 06 0000 7.3 x1071 0.6 10837 10.330.4 1143,
Problem-Solving 18.0355 55x1072 —0.3 173370 51x1072 —03 249,55 1.0x10° —01 11134 99x 1078 —05 279396 15.035.7 409497
Planning 258435 24 x107% 04 1.0x10° 01 3373 24x107° 05 16755 1.0x10° 01 1153, 11730 114371
Normalizing 324469 20%x 1073 03 1.0x10° —0.1 1083, 1.6x 1071 =02 10635 1.5x 1071 —02 18.6354 12137 25.0438
Psychoeducation 5355 1.0x100 —0.1 1.0x 100 —02 13137 1.0x10° 02 66055 1.0x10°0 —0.1 8.4ygy 0996 159370
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Table C.17: Adaptability (frequency of conversational behaviors exhibited by therapists in response to
specific client behaviors) by LLM therapists (GPT-4, GPT-3.5-turbo, Llama2-70b, Llama2-13b) with two simu-
lation methods (Single response, Full conversation) in HOPE dataset (Malhotra et al., 2022). Values in gray

are not statistically significantly different from human therapist average at p =

0.05
m

using Two-sided Stu-

dent’s t-test after Bonferroni correction, where m is the number of t-test per one model (m = 13 x 6 = 78).
d is the cohen’s d when compared with human therapist average. For instance, when client expresses
CHANGING UNHEALTHY BEHAVIOR, GPT-4 with single response simulation exhibits REFLECTIONS ON CON-
SEQUENCES by 11.6% which is 15.7% less than average human therapists. (Single: 11.6%, Average human
therapists: 27.3% from Table C.15; P = 3.2 x 10~21, Cohen’s d = —0.4, two-sided Student’s t-test)

LLM Therapists (Single Response Simulations) LLM Therapists (Full C
Therapist Behavior GPT4 GPT35 Llama2-70b Llama2-13b GPT4 GPT3.5 Llama2-70b Llama2-13b
freq. P d  freq. P d  freq. I3 d  freq. P d  freq. p d  freq. » d  freq. p d  freq. » d
Client behavior: Changing unhealthy behavior
n 1553 999 1553 640 1553 796 1553 556
Reflections on Needs 1.0x10° 00 28050 1.0x10° 00 17833 14x1075 —02 20147 42x1072 =02 0.0pg 6.8 x 107115 0.9 0.0p9 6.8 x 10715 —0.9  0.0p9 6.8 x 107115 —0.9  0.0p9 6.8 x 107115 —0.9
Reflections on Emotions 695, 36x10°1 0.1 . 10x10° 00 6355 15x1071 —01 138y, 1.0x10° 01 0.0p0 3.7x10732 —04 00p9 37x 10732 —04 0009 3.7x10°32 —04 0.0p9 3.7x 10732 —04
Reflections on Values 5205 10x10° 00 0356 21x107% —02 29,5 1.0x10° —01 3257 10x10° —0.1 00pp 24x1073 —03 0099 24x 1073 —03 0099 24 x 1073 —03 0.0p9 24 x 1073 03
Reflections on Consequences  11.63p7 32 x 10721 —04 7.3y 65x 1072 —05 53yp4 22x107% —06 104306 1.0 x 1075 04 0.0p0 8.9 x 10712 —0.9  0.0p0 8.9 x 107125 —0.9  0.0p 8.9 x 10712 0.9 0.0p0 8.9 x 10712 ~0.9
Reflections on Conflicts ldpg 48x10% 03 1Llpy 58x10° —03 1835 1.8x107° —02 345, 3.0x1070 —0.1 00p9 1.5x10°2 —04 0.0p9 1.5x10°2 —04 0.0p9 1.5x10°2 —04 0.0p9 1.5x 102 —04
Reflections on Strengths 807305 0.0x10° 20 68943 1.0x1072% 1.6 437496 8.1x10752 09 45749 63x 10770 1.0 0.0p9 31x10°¥ —04 0.0p9 31x10°Y7 —04 0.0p 3.1x10°¥ —04 0.0p9 31x10°¥ —04
Questions on Experiences 167575 32x 1073 —04  42y; 20x107% —07 18535 7.9x 10716 —04 23655 1.9x 1075 —03 0.0p0 84 x 107161 —1.0  0.0p0 84 x 107161 —1.0  0.0p0 8.4 x 107161 —1.0  0.09¢ 8.4 x 107161 1.0
Questions on Perspectives 2.8 1.0x10° 00 024 20x10°% —02 49, 1.0x10° 01 38, 1.0x10° 00 0.0p9 40x1071° —02 0.0pg 40x10°1° —02 0.0p9 40x 1071 —02 0.0p9 40x101° —0.2
Questions on Emotions 057; 56x1071% —04 055 11x107" —03 1355 14x107" 03 0755 18x1077 —03 00p 3.8x 1072 —04 00p9 3.8x 1072 —04 00p9 3.8x1072 —04 00p9 3.8x 1072 —04
Problem-Solving Za79 40x1073 02 49250 1.2x10°2 05 59950 15x1073 07 39045 97x10°° 02 0.0p0 1.8x 10713 —09 0009 1.8 x 1073 —09 0.0p0 1.8 x 10713 —0.9 0.0p 1.8 x 10 3% —0.9
Planning 39x1077 09 52550 25x107°" 1.0 675450 1.9x 1071 14 453495 20x107% 08 0.0p9 57x 1077 0.6 0009 57 %1077 —0.6 0.0p9 57 %1077 —0.6 0.0p9 57 x 10" 0.6
Normalizing 23x107% 09 5419 14x107% 1.0 19234 50x1072 01 19 17x10°0 02 0.0p0 1.9%x107 —0.6 0.0p9 1.9%x107% —0.6 0.0p9 1.9x107 —0.6 0.0p9 1.9x10°% —0.6
Psychoeducation 72x1072 01 10232 1.7x107% 02 244450 1.1x10783 06 156354 85x 1074 04 0009 38x10723 —04 0.0pg 3.8x 1073 —04 00p9 38x 1072 —04 0.0p9 38x10°3 —04
Client behavior: Sustaining unhealthy behavior
n 389 39 389 13 389 9% 389 73
Reflections on Needs 41x1073 07 6924, 96x1072 09 10x10° 02 3844 1.0x10° 02 00p9 13x10°2% —09 0.0p9 1.3x10°2 —09 0.0p9 1.3x10°2 —09 0.0p9 1.3x 102 —09
Reflections on Emotions 1.0x10° —02 7757 1.0x10° —0.1 1.0x10° 00 2335, 75x10°1 03 0.0p9 54x1071% —0.5 0.0pg 54 %1071 —05 0.0p9 54x 10710 —05 0.0p9 54x10°1° —0.5
Reflections on Values 10x10° 02 005 10x100 —03 10x10° —02 5555 10x10° —01 009 91x1076 —04 009 91x1076 —04 0.0p9 91x1076 —04 0.0p9 91x1076 —04
Reflections on Consequences 1.0x10° 03 3085, 1.0x10° —0.1 05 95x1071 =03 34256 1.0x10° 0.0 0.0p9 45x10°# —11 0.0p9 45x107# —1.1 0059 45x10°# —1.1 0.0pg 45x10# —1.1
Reflections on Conflicts 1.0x10° 01 38556 12x1072 1.1 1.0x10° 0.0 5550 1.0x10° —01 009 29x107 —04 00p9 29x107 —04 009 29x107 —04 0.0y 29x107 —04
Reflections on Strengths 77x1071" 12 38556 23x107% 13 22x107° 0.6 233p6 28x107° 07 00p9 1.2x1072 —03 0.0pg 12x 1073 —03 0.0p9 12x1073 —03 0.0p9 1.2x107% —0.3
Questions on Experiences 1.0x10° —01 1545, 1.0x10° —05 1.0x100 —02 34255 1.0x10° —0.1 0.0p9 1.8x107% —11 0.0pg 1.8x107% —1.1 0050 1.8x107% —1.1 0.0p 1.8 x 1074 —1.1
Questions on Perspectives 7770 10x100 02 005, 1.0x100 —0.2 10x10° 02 11055 56x100 03 0059 29x10°2 —03 0059 29x10°2 —03 0059 29x10°2 —03 0.0p9 29x10°2 —03
Questions on Emotions 0009 1.0x10° -03 005, 1.0x10° -03 20x1071 —03 147 10x10° —03 00p9 1.2x107 —04 00pg 12x 1077 —04 00p9 12x107 —04 00y 1.2x107 —0.4
Problem-Solving 08565 10x10° 02 46255 10x10° 06 16x10712 09 43850 14x1072 05 00p 98x 1077 —0.8 0099 98 x 1077 —0.8 0099 9.8 x 1077 08 0.0 9.8 x 1077 —0.8
Planning 20549 33x10°2 0.6 154y, 10x10° 04 35x10°% 13 26047 63x1077 07 009 1.1x10°° —04 00pg 1.1x10° —04 00p9 1.1x1075 —04 009 1.1x10°° —04
Normalizing 2305, 10x100 03 2315, 10x100 03 10x10° —0.1 11055 1.0x10° —01 0.0p9 27x 107 —0.6 0009 27 x 1074 —0.6 0009 27 x 1074 —0.6 0.0p9 27 x 1074 —0.6
Psychoeducation 2610 10x10° —03 1 1.0x10° 02 1.0x10° 02 960 1.0x10° 00 0.0p9 79x10711 —0.5 0.0pg 7.9 %1011 —05 0009 79x 10711 —05 0.0p9 7.9 x 101 —0.5
Client behavior: Sharing positive emotions

n 294 521 294 302 294 95 294 143
Reflections on Needs 634 14x107% —04 212, 10x10° 01 1165, 10x10° —01 91y 10x10° —02 00pp 93x 1071 —0.6 0009 93x 1011 ~0.6 0059 9.3x 1071 —0.6 0.0p 93 x 10" —0.6
Reflections on Emotions 365 LOx 100 —02 66050 10x10° 00 115 10x10° —02 28,5 1.0x10° —02 00y 50x 1073 —03 0.0p0 50x1073 —03 0.0p9 50x 1072 —03 0.0p9 50x 1073 —03
Reflections on Values 1315 10x10° —01 0355 1.0x10° -02 32 1.0x10° 00 075y 1.0x10° —02 0.0y 38x10"1 —02 00y 38x 107" —02 00, 38x10"" —02 00,5 38x10"! —0.2
Reflections on Consequences  1.0ps 7.6 x 10718 —0.7 13115 48x10710 0.6 21354 12x102 —05 28155 14x1073 —04 0059 5.8x 1073 —07 0059 58x 103 —07 0009 58x 103 ~07 0059 58x 1073 —07
Reflections on Conflicts 0000 14x1072 —03 005y 34x10°' —02 0050 1.0x10° —02 21, 1.0x10° —01 0055 3.8x10°' =02 0050 38x1071 —02 00y, 38x10°1 —02 005 38x1071 —0.2
Reflections on Strengths 973162 21 x 10725 36 8dd3; 58x 1077 21 58945 53x 1072 13 524501 86x 10720 L1 00p9 30x1075 —04 00p9 30x1075 —04 00p9 30x1075 —04 00p9 30x1075 —0.4
Questions on Experiences 13115 27x10°% 1.0 0355 32x10°% —09 168y, 48x10°1 —03 20355 1.0x10° —02 0.0p9 21x10°% —09 0.0p9 21 %102 —09 0.0pg 21x10°% —09 0.0p9 2.1 x10° % —0.9
Questions on Perspectives 02,5 10x100 —01 0355 1.0x100 —01 115 1.0x100 00 1455 1.0x10° 00 0050 10x10° —0.1 0050 10x10° —0.1 0050 10x10° —0.1 0050 10x10° —0.1
Questions on Emotions 0009 34x107 —04 0751 66x1073 —03 005, 92x10°' —03 0754 47x10°1 =03 00pg 79x107* —04 00p9 79x10°% —04 00p9 7.9x107* —04 0.0p9 79x107* —04
Problem-Solving 1205, 10x10° 00 20957 84x107" 02 29555 15x1072 04 1055, 1.0x10° —01 0.0pp 52x107° —05 00p9 52x107° —05 0.0p9 52x 107 —0.5 0.0p9 52x107° —05
Planning 68.1456 42x 10772 1.5 613455 3.6 x107% 1.3 758431 9.6x 10792 21 378456 25x 10712 0.8 0.0p9 20x1075 —04 0.0p9 20x107° —04 0.0pg 20x107° —04 0059 20x1075 —04
Normalizing 916y75 5.9 x 10713 21 768453 70x107% 13 3375 1.0x10° 03 35059 44x10°0 03 00p9 1.7x 107 —08 0.0p9 1.7x107'8 —0.8 0.0pg 1.7x 108 —0.8 0.0p9 1.7 x 107 —0.8
Psychoeducation 540, 10x100 01 365 1.0x10°0 00 211y 65x10°% 07 91y 37x1071 03 00p9 44x1072 —03 0.0p9 44x102 —03 00p9 44x1072 —03 0.0p9 44x1072 —03
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Table C.18: (Continue Table C.17) Adaptability (frequency of conversational behaviors exhibited by ther-
apists in response to specific client behaviors) by LLM therapists (GPT-4, GPT-3.5-turbo, Llama2-70b, Llama2-
13b) with two simulation methods (Single response, Full conversation) in HOPE dataset (Malhotra et al.,
2022). Values in gray are not statistically significantly different from human therapist average at p = 2%
using Two-sided Student’s t-test after Bonferroni correction, where m is the number of t-test per one model
(m =13 x 6 = 78). d is the cohen’s d when compared with human therapist average. For instance, when
client expresses CHANGING UNHEALTHY BEHAVIOR, GPT-4 with single response simulation exhibits REFLEC-
TIONS ON NEEDs by 46.5% which is 22.0% more than average human therapists. (Single: 46.5%, Average
human therapists: 24.5% from Table C.16; P = 1.1 x 10~11, Cohen’s d = 0.5, two-sided Student’s t-test)

LLM TI ists (Single Resp i i LLM TI ists (Full C
Therapist Behavior GPT-4 GPT:3.5 Llama2-70b Llama2-13b GPT-4 GPT-3.5 Llama2-70b Llama2-13b
freq. p d freq. p d  freq. p d freq. p d  freq. p d freq. p d  freq p d  freq. p d
Client behavior: Sharing negative emotions
n 820 355 820 232 820 534 820 528
Reflections on Needs 46559 1.1x 1071 05 3285, 1.0x10° 02 1.0x10° 0.0 2355, 1.0x10° 00 00gp 1.5%x107 —08 0.0p0 1.5x10°® —0.8 0.0pg 1.5x 1070 —0.8 0.0p0 1.5x10°% —0.8
Reflections on Emotions s 14x1072 02 32840 36x1073 03 20655 1.0x100 00 31244 1.5x107% 03 0.0p9 43x1075 06 0009 43x10°F —0.6 0099 43x 107 —0.6 0.0p9 43 %105 —0.6
Reflections on Values 1.0x10° 01 095 11x10°1 —02 21, 36x1072 —02 32, 1.0x10° —01 0009 1.5x107° —04 0.0p9 1.5x10° 1 —04 0.0p9 1.5x 1070 —04 0.0y 1.5x10°10 —0.4
Reflections on Consequences 1.0x10° 0.0 1643, 1.0x10° —01 8854 74x1077 —04 11235 22x10°° —03 0009 1.1x107% —0.8 0.0p0 1.1x10°% —0.8 0.0pg 1.1x10% —0.8 0050 1.1x10°¥ —08
Reflections on Conflicts 4505 10x10° —0.1 26150 30x1071 —02 28155 51x107% —02 5955 1.0x10° —0.1 0.0p9 47x 107 —04 00p9 47x 1074 —04 0.0p9 47x 107 —04 0059 47x 104 —04
Reflections on Strengths 448495 14 %1070 11 31947 41x 1072 0.8 318456 5.9 x 1073 07 2654, 28x 1072 06 0.0p9 21x 10710 —03 0.0p9 21 x 1070 —03 0.0p9 21 x 10710 —03 0.0p9 21 x 10710 —0.3
Questions on Experiences 38355, 1.0x10° 01 15937 52x 1076 —04 3395, 1.0x10° 00 4025, 1.0x10° 01 0.0y 7.1x10°8 —1.0 0009 7.1x 108 —1.0 0.0y 7.1x 1075 —1.0 0.0pp 7.1x 108 —1.0
Questions on Perspectives 37185 10x10° 00 095 1.0x10° —01 675, 37x10°1 02 5555 1.0x10° 01 00pp 24x107% —02 0.0p9 24x107% —02 0.0p9 24x107% —02 0.0p9 24x107% —02
Questions on Emotions 0675 59x107® —03 1739 13x1072 —03 1354 33x107 —03 097 55x10°% —03 0099 1.7x 10716 —04 0099 1.7x 107 —04 0.0p9 17 x 1076 —0.4 0.0p9 1.7 x 10716 —0.4
Problem-Solving 369453 21x 10710 0.4 64245039 x107% 1.2 57349538 %107 09 392459 43x 10716 05 0090 49x1077 —0.8 000 49x 1077 —08 0.0p9 49x10°¥ —0.8 0.0p9 49 x107¥ —0.8
Planning 175380 14x107° 03 27246 1.7x10715 0.6 446495 1.6x 1076 1.0 265445 6.8x 10721 0.6 0.0p9 55x10716 —04 0009 55x 107 —04 0.0y 55x10716 —04 009 55x 1076 —0.4
Normalizing 324409 37x10°% 04 47.85;37x103 08 17 1.0x10° 00 1703, 1.0x10° 00 0.0p9 20x107% —0.6 0.0p9 20x 1073 —0.6 0.0p9 20x 1075 —0.6 0.0p9 2.0 x 107> —0.6
Psychoeducation 8570 46x1071 02 13454 1.8x107° 04 19335 7.1x10°8 05 11033 24x107% 03 0000 13x107'2 —04 0009 1.3x 1072 —04 0.0p9 1.3x 10712 —04 0.0pp 13x 1072 —04
Client behavior: Sharing experiences
n 759 115 759 53 759 149 759 167
Reflections on Needs 496502 84x1078 0.6 20850 1.0x10° 00 23555 1.0x10° 00 27555 1.0x10° 01 009 87 %1078 —0.7 0000 87x107% —07 0.0p9 87x107% —0.7 0.0p0 87 x10°¥ —0.7
Reflections on Emotions 443499 40x 1073 0.8 453503 36x 1077 08 268u5 77x107% 04 33554 1.8x107 05 0.0p9 21x10720 —05 00p9 21x1072 —0.5 0.0p9 21x 1072 —0.5 0.0p9 2.1 x 1072 —0.5
Reflections on Values 135 1.0x100 0.0 1.0x100 02 475, 1.0x10° 00 7259 1.0x10° 0.1 009 24x1075 —03 0.0p9 24x10°6 —03 00y 24x107° —03 0.0y 24x 1075 —03
Reflections on Consequences 18335 1.0x10° 0.0 10x10° —0.1 1145 1.0x10° —0.2 51x1071 —02 009 56x10%° —0.7 0009 56x10°3 —0.7 0.0p9 56 x 10 —07 0.0p9 56 x 1035 —0.7
Reflections on Conflicts 7870 10x10° 0.1 7 10x10° =02 54y 1.0x10° 0.0 10x10° 00 00y 1.8x10°% —03 00p9 1.8x1075 —03 0099 1.8x10°% —03 0059 1.8x1078 —03
Reflections on Strengths 339475 1.6 X 10712 0.8 283455 62x 1074 0.6 248433 1.8x10°° 05 20444 11x1073 04 0000 1.0x1072 —04 00y 1.0x 10712 —04 0.0pg 1.0x 1072 —0.4 0.0p0 1.0x 1072 —0.4
Questions on Experiences 143,00 1.0x10° 00 3 1.0x10° —02 1.0x10° 02 5035, 1.0x10° 01 000 49x10712 —13 0.0p0 49 x 107112 —1.3  0.0p9 49 x 107112 —13 0.0y 49 x 107112 —13
Questions on Perspectives 095 1.0x10° —0.1 1.0x10° —0.1 23x1071 03 54n, 1.0x10° 02 009 27x10°2 —02 0.0pg 27x10°2 —02 0.0p9 2.7 x10°2 .2 0.0pp 27 x1072 —02
Questions on Emotions 0995 25x1071 —03 5 10x10° —0.1 14x1070 03 48, 1.0x10° —01 00p9 40x1075 —04 009 40x 1075 —0.4 0059 40x 1075 —0.4 0.0p9 40x 10715 —04
Problem-Solving 357481 791078 0.6 4915580 x 107" 1.0 362452 49x 10710 0.6 341454 59%x107° 0.6 0000 68x1072 —0.6 00y 68x 1072 —0.6 0.0p9 68x 1072 —0.6 0.0p0 6.8x 1072 —0.6
Planning 174357 1.3x10°2 04 26445 46x 1075 0.7 322450 48x 10718 0.8 22857 33x 108 05 0000 49x10712 —04 00p9 49x 1072 —04 0.0y 49x 10712 —04 009 49x 102 —0.4
Normalizing 304462 59x107% 05 49155 1.0x107° 1.0 154 1.0x10° 0.0 1445, 1.0x10° 00 0.0p9 7.5x107% —0.6 0.0p9 7.5x 1072 —0.6 0.0p9 75x 10726 —0.6 0.0p9 7.5x 1072 —0.6
Psychoeducation 5255 10x10° 00 389, 1.0x10° —0.1 10x10° 02 3057, 1.0x10° —01 0.0pp 3.0x1072 04 0.0p9 30x 1072 —0.4 0.0p9 30x 1072 —0.4 0059 3.0x 10712 04
Client behavior: Gained insights

n 258 303 258 124 258 232 258 167
Reflections on Needs 85350 10x10° —02 22645 1.0x10° =01 129336 95x 1073 —0.4 1.0x10° —02 0.0pp 26x10718 —08 0.0p0 26 x10 1 —0.8 0009 26x 10718 —0.8 0059 2.6 x10 ¥ —0.8
Reflections on Emotions 63505 1.0x100 —02 5 10x100 01 65 10x10° —02 90 10x10° —0.1 0.0pp 21x10°® —05 0.0p9 21x10° —05 0.0p9 2.1x10°¢ 0009 21x10°° —05
Reflections on Values 33179 10x10° =02 08y, 46x1071 —03 1.0x10° =01 3655, 1.0x10° —02 009 53x107% —04 0.0p9 53x10°% —04 00y 53x107* 0.0p9 53x107* —04
Reflections on Consequences  8.6551 1.6 x 1072 —03  7.3,5 1.5x107! —03 23x1078 —0.6 3.6137 9.0x10°° —05 0009 1.7x1073 —07 0.0p0 1.7x10° 13 —07 0.0p9 1.7x 1073 —0.7 0.0p0 1.7x 10" —07
Reflections on Conflicts 134 10x100 —02 0.8 1.0x10° —0.2 1.0x10° —0.1 3655, 1.0x10° 00 0055 32x1071 —03 0055 32x10°1 —03 0059 32x10°1 —03 0.0y 32x 107" —03
Reflections on Strengths 87.835 74x 1077 22 71845, 43x 107 15 29%x107M 08 45549 13x10712 08 0.0y 21x10° —0.5 00p9 21x10°® —05 00p9 21x106 —05 00y 21x10° —0.5
Questions on Experiences 8376 26x1078 —05 2454 38x 1077 —0.7 93x 1073 —04 1¢ 5 40x1071 —03 0.9 1.8x 107 —0.8 0.0y 1.8x1078 —0.8 0.0p9 1.8x 107 —0.8 0.0y 1.8x 10718 —0.8
Questions on Perspectives 40195 1.0x10° 00 0855 10x10° —02 1.0x10° 00 66550 1.0x10° 01 0055 26x1071 —03 005, 26x10°1 —03 0059 26x10"1 —03 0.0y, 26x 107" —03
Questions on Emotions 0009 12x107 —0.5 0859 32x1072 —04 0993 20x107* 04 0059 53x107% 0.5 0.0p9 1.9x10°6 —0.5 0099 1.9%x10°6 —0.5 0059 1.9%x10°° —05 0.0p9 1.9x10°° —05
Problem-Solving 333575 1.0x100 01 53253 12x 1075 0.6 526500 19x107 05 2815, 1.0x10° 00 0.0 81x10°% —1.0 0.0p9 81x 10725 —1.0 0.0p9 81x10°5 —1.0 0.0p9 8.1x 10" —1.0
Planning 47950053 %1072 09 500505 58 x 10716 1.0 711454 7.2x10°% 15 42549433 x 1072 08 009 1.1x10°¢ —05 00p9 1.1x10°6 —05 00pg 1.1x10°% —05 0.0y 1.1x10°¢ —05
Normalizing 601491 47 x 1075 1.0 484505 52x 1077 0.7 2285, 1.0x10° 01 2695 1.0x10° 02 009 1.7x107% —07 0009 1.7x10° ™ —07 0009 1.7x107¥ —0.7 0099 1.7 x10°# —0.7
Psychoeducation 99500 10x10° 0.1 16130 52x1071 03 27.6ms 50x 1078 0.6 16855 1.9x107" 03 0009 58 %107 —0.6 0009 58 x 10711 —0.6 0.0p9 58 x 10711 —0.6 0.099 58 x 10711 —0.6
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Table C.19: Frequency of linguistic attributes (from LIWC analysis) by LLM therapists (GPT-4, GPT-3.5-
turbo, Llama2-70b, Llama2-13b) in HOPE dataset (Malhotra et al., 2022). Values in gray are not statistically
significantly different from human therapist average at p = %% using Two-sided Student’s t-test after
Bonferroni correction, where m is the number of t-test per one model (m = 14). d is the cohen’s d when
compared with human therapist average. For instance, GPT-4 exhibits PosiTive EMOTIONS by 1.5% while
human therapists responds by 1.0% on average (P = 2.8 x 107!, Cohen’s d = 0.2, two-sided Student’s

t-test).

LLM Therapists (Single Response & Full Conversation Simulations) Human Therapists

Linguistic Attributes

GPT-4 GPT-3.5 Llama2-70b Llama2-13b Average High-quality Low-quality
(n =7705) (n =7135) (n =7461) (n = 7464) (n=>5446) (n=3907) (n=1539)
freq. 4 d freq. 4 d freq. 4 d freq. 4 d freq. freq. freq.
Positive Emotions 15,1 28x107 02 1113 33x1072 01 10,; 1.0x10° 00 10,5 1.0x10° 00  1.04 1243 0.736
Negative Emotions 1l 1.3x107% 02 1259 1.1x1072° 02 1255 61x10°2 02 11,5 23x10°° 01 0.736 0.734 0.643
BigWords 2467, 00x10° 1.6 20977 00x10° 12 237113 00x10° 12 210559 00x10° 09 10799 11.009 10.4101
Self 1519 63x1071° —05 18,3 19x10°% —04 14y, 29x10° 1 05 14y, 71x107% —05 3.151 2545 3.86.1
Other 895, 10x10° 00 8436 32x107 —01 7555 62x1074 —02 7059 24x107° 03 897, 8.769 9274
Health 2055 94x1072 0.0 2139 60x107> 01 1533 21x10% —01 1339 51x107° —0.2 1.8,43 1235 2561
Wellness 0714 30x107% 02 0615 1.0x107 01 03, 10x10° 00 03;; 10x10° 00 03y 0213 0435
Behavioral Activation  6.059 7.7 x 10725 0.6 5744 20x 1071 05 48,5 66x107° 03 4553 11x107% 02 3259 3.559 2959
Meaning 3606 00x10° 07 326 22x10°52 06 225 55x107% 03 20,; 11x10%7 02 1435 143, 1437
Purpose 397 00x10° 08 3609 15x1077° 07 24p9 63x1070 03 225, 49x1072% 02 15 1535 1558
Motivation 34,5 00x10° 07 33y7 69x10°72 07 20,5 12x107% 02 199 31x102 02 1333 1.333 1.334
Sadness 1016 1.2x1071% 04 1135 15x1071* 05 0819 29x107% 03 095 80x10% 03 035 0315 0216
Sympathy 0308 1.5x107% 02 0415 92x107% 02 0319 80x107%5 02 044 28x1072 02 0.110 0211 0.108
Stress 1555 3.6x1071° 02 17,3 14x1070 02 18,9 64x107¥ 02 169 46x10718 02 1135 1132 1142

Table C.20: Frequency of linguistic attributes (from LIWC analysis) by LLM therapists (GPT-4, GPT-3.5-
turbo, Llama2-70b, Llama2-13b) in HOPE dataset (Malhotra et al., 2022) for two different types of simula-
tions separately (Single response and Full conversation). Values in gray are not statistically significantly
different from human therapist average at p = 0.7725 using Two-sided Student’s t-test after Bonferroni cor-
rection, where m is the number of t-test per one model (m = 13). d is the cohen’s d when compared with
human therapist average. For instance, GPT-4 with single response simulation responds with PosITIVE
Emortions by 2.1% and GPT-4 with full conversation simulation responds by 1.3% when compared with
the human therapists responds by 1.0% on average from Table C.19. (Single: P = 2.8 x 10724, Cohen’s
d = 0.3; two-sided student t-test) (Full: P = 4.7 x 1078, Cohen’s d = 0.1; two-sided student t-test).

LLM Tt (Single Resp LLM Tt (Full C
Behavior GPT4 GPT35 Llama2-70b Llama2-13b GPT-4 GPT35 Llama2-70b Llama2-13b
(n = 6158) (n = 6144) (n = 6174) (n = 6282) (n=1547) (n=991) (n =1287) (n=1182)
freq. p 4 freq. p d  freq. p 4 freq. p d  freq. p 4 freq. p d freq. p d  freq. p d
Positive Emotions 2117 28x10°%# 03 1716 13x107 02 1315 33x102 01 17,2 62x1078 02 135, 47x10% 01 10,5 1.0x10° 00 09, 1.0x10° 00 095 1.0x10° 00
Negative Emotions 05 1.0x10° —01 06, 10x100 00 07, 1.0x100 00 07 10x10° 00 1355 16x1072% 02 13y 22x102 02 13; 21x102 02 1l 14x1072 01
BigWords 28350 0.0x10° 19 25667 00x10° 16 31895 00x10° 21 3125 00x10° 18 2374 00x10° 15 20276 0.0x10° 11 221395 00x10° 11 1915; 0.0x10° 08
Self 2319 40x10°% —02 27,;, 90x1072 —01 153 62x10°%® —03 159 15x10°5 —03 1315 87x 107 —05 163 3.0x 1072 —04 1354 15x107'® 05 13,5 86x107% —05
Other 953 35x1072 01 815 31x1073 —01 59, 94x10°% —05 5654 14x10% —05 838 10x10° 00 8437 25x107° —01 7945 30x10°20 —02 7349 80x107% —03
Health 23,7 13x10% 01 275 66x1077 02 7, 1.0x10° 00 1655 1.0x10° 00 19; 10x10° 00 213y 40x10°2 01 1433 78x10°7 —01 1239 51x10718 —02
Wellness 1133 33x10°% 04 1255 12x1073 04 0617 12x10° 02 0614 57x107° 01 0614 17x102 02 0514 63x107° 01 026 1.7x100 00 02, 60x10°2 —0.1
Behavioral Activation ~ 7.859 4.4 x 10781 09 875, 43x 1071 1.0 6835 85x10°% 07 5749 12x10% 05 5641 11x10°% 05 53,5 17x107102 04 4445 24x10°P 02 4355 60x102 02
Meaning 3919 26 %1071 08 3.6y 87x10782 07 23;; 49x107° 03 21;; 1.8x107° 02 357 57x10°236 07 316 52x107% 06 2230 40x107° 02 20,9 28x10°3 02
Purpose 4650 14x10727 09 48,5 30x107 10 2719 82x1073 04 255 15x10°6 03 375 41x10°75 07 34y 35x107210 06 233, 37x107%% 02 213, 12x1072 02
Motivation 42,0 1.8x 10720 1.0 45,5 57x10°70 1.0  23;5 25x102 03 22,7 24x10°° 03 325 14x10°2 06 31y7 14x102% 06 195 92x10% 02 189 23x10°7 02
Sadness 0609 1.8x107°° 02 22x10°% 02 0619 13x10°° 02 100 79x107% 04 11;7 83x10°M 05 1119 67x107¥ 05 0959 95x1072 03 08y 24x105 03
Sympathy 0204 90x10°1 01 205 21x1070 01 03p7 21x107° 02 0619 19x1077 04 03pg 54x1073* 02 0415 98x10¥ 02 0317 1.8x102 02 0315 35x10°2 02
Stress 071, 84x107% —0.1 095 64x1071 —0.1 5 31x1070 01 125 10x10° 00 17,5 24x10% 02 184 63x107% 03 193 34x10% 02 17;; 80x102 02
Table C.21: Dataset statistics.
. # of Utterances = Words per Utterance
Dataset # of Conversations
Therapist Client Therapist Client
. . . High quality: 155 31.8 27.3
High-Low Quality (Pérez-Rosas et al., 2019) gh q 'ty 3753 3790
Low quality: 104 (std =34.7) (std =33.1)
24.0 21.7
HOPE(Malhotra et al., 2022) 212 6070 6081
(std=31.9) (std =32.3)
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Table C.22: Performance of classification models on the tasks of (1) identifying therapist behavior across 13
different therapists codes and (2) identifying client behavior across 6 different client codes. We create five
random train-test splits of our annotated dataset and report the average macro-precision (P), macro-recall
(R), and macro-F1 (F1) scores with standard deviations as subscripts. def.: Definitions; ex.: Examples.
Best-performing models are bolded. We find that GPT-4-based prompting methods that make use of
psychotherapy-based definitions and examples achieve the highest macro-F1 performance. We adopt
the prompting (multi-label) method for classifying therapist behavior while the prompting (binary-label)

method for classifying client behavior (both highlighted in lightblue ).

Method Model Therapist Behavior Client Behavior

P R F1 P R F1

Random  Uniform Distribution 11.8p7 17.6p9 14.1;3 23257 29.6g9 25.9¢>

Finetuning GPT-3 51630 47.957 49.6y5 45259 36.8s0 40.4s,
(multi-label)  Gp7.3 5 1yrho 45957 3115, 37134 44550 48854 46345

Prompting 3
(binary-label) GPT4(W/ def. &ex.) 4942.6 52.22.1 50'71.8 73.45.9 80.37.2 76.76_3

Prompting GPT-4 (W/ def) 45.41.9 57.83.8 50.81.9 65.67.3 81.67_5 72-66.8
(multi-label) * GpT.4 (w/ def. & ex.) 56.017 59557 57.725 72667 764102 Thdgs
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Table C.23: Therapist Conversational Behavior Definition and Corresponding Examples based on tech-
niques identified by researchers (Lee et al., 2019; Cao et al., 2019). We used these behavior categories in

our annotation dataset. See more details in Methods.

. Therapist
Behavior P
Definition Example
Reflections on
. Lo I lik $ li h intaini
Identifies an implied or background need for ¢ sounds like you've realized that mamtalmpg
NEEDS . a balance between your work and personal life
the client. . . .
is essential for your overall well-being.
Identifies an implied or background emotion So it seems like you h.ave been feeling a little
EmoTIONS . overwhelmed and anxious about all the mov-
for the client . . .
ing parts in your new job.
VALUES Identifies an implied or background value or Being respected by others is a significant value
set of values for the client. for you.
Identifies consequences the client experience or Whenever you oversp enc':l on luxury items, you
CONSEQUENCES . struggle to pay your bills at the end of the
could experience
month.
e Lo . You’ ivi i health,
Identifies an implied or background emotional oure sterlr}g t.o iprove yout eét .but
CONFLICT o - . your demanding job leaves you with little time
or situational conflict for the client. . I,
for exercise and nutrition.
Identifies an implied or background strength Your ability to adapt a.n.d overcome adver§ ity
STRENGTH . h really shows your resilience and determina-
or resource that the client exhibits. .
tion.
Questions on
More information about a specific event or You mentioned you are trying to eat healthier.
EXPERIENCES . ; i
statement is sought What changes did you make to your diet?
That’s fantastic, now let’s focus on the goals
PERSPECTIVES Client is asked to consider an experience from you want to accomplish. Can you visualize any
a different perspective or vantage point. particular approach or strategy you'd like to
implement to achieve these goals?
ASk% chent.to express how they are fe.ehng " Would you like to talk more about what that
EmotIioNs the immediate present about something that

just happened in the therapy.

feels like for you right now?

Solutions

PROBLEM-SOLVING

Therapist offers possible solutions to a client
problem.

It may help to create a routine for daily re-
laxation techniques, such as deep breathing or
meditation. This could assist in managing your
anxiety levels.

PLANNING

Therapist works with client to construct a spe-
cific plan of action.

Let’s create a meal plan together. Try to follow
it for the next two weeks and note down any
changes you notice in your energy levels and
overall well-being.

Normalizing

NORMALIZING

The therapist acknowledges and validates the
client’s experience as "'normal™ or expectable,
sympathizes with their challenges, and pro-
vides reassurance to foster a supportive and
encouraging therapeutic atmosphere.

I hear you, it’s perfectly normal to feel over-
whelmed given your circumstances.

Psychoeducation

PsycHOEDUCATION

Therapeutically relevant information about
psychological principles is provided.

Cognitive behavioral therapy aids in altering
detrimental thought patterns.
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Table C.24: Client Conversational Behavior Definition and Corresponding Examples based on expressions
from clients identified by researchers (Lee et al., 2019). We used these behavior categories in our annotation
dataset. See more details in Methods.

Behavior

Client

Definition

Example

CHANGING UNHEALTHY BEHAVIOR

Showing intention or action taken on changing
unhealthy behavior.

I've tried to quit drinking, but I end up drink-
ing more than I try to drink less.

SUSTAINING UNHEALTHY BEHAVIOR

Showing intention or action taken on sustain-
ing unhealthy behavior

I am smoking around 20 cigarettes a day for
the past couple of years. I know it’s bad for
my health, but I'm not ready to quit yet.

SHARING NEGATIVE FEELING OR EMOTION

Clients describe discomfort or suffering with-
out a specific object, or explicitly acknowledge
specific negative emotion.

Life has been really challenging lately, I am
feeling lost.

SHARING POSITIVE FEELING OR EMOTION

Client describes enjoyment without a specific
object, or explicitly acknowledges specific pos-
itive emotion.

I was so thankful when I received that news.

GAINED INSIGHT

Client expresses that they learned something
new about themselves or about their situation.

I hadn’t considered how much I avoid con-
frontations.

SHARING LIFE EVENT OR SITUATION

Client shares the details of their basic back-
ground, their life events, the situation they
faced or the changes in their life.

I'lost my job due to the pandemic, and I've now
had to move back in with my parents at age 35
which is a significant change for me.
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Table C.25: Therapist Conversational Behavior Classification Model Performance Details. We examine the
performance of our model across different classes. See the result description in Methods.

Behavior Therapist
Macro F1 Accuracy
Reflections on
NEEDS 72.835 85.246
EMOTIONS 6841 88.251
VALUES 64.93 1 91.329
CONSEQUENCES 56.212¢ 91.619
CONFLICT 54.5137 94.11¢
STRENGTH 54.3137 88.713
Questions on
EXPERIENCES 53.9162 75.623
PERSPECTIVES 53.8129 91.114
EMoOTIONS 47796 95.315
Solutions
PROBLEM-SOLVING 45454 87.414
PLANNING 42.639 82.154
Normalizing
NORMALIZING 41.062 87.717
Psychoeducation
PsycaoepucatioNn 35379 94.81

Table C.26: Client Conversational Behavior Classification Model Performance Details. We examine the
performance of our model across different classes. See the result description in Methods.

Behavior Client

Macro F1 Accuracy

CHANGING UNHEALTHY BEHAVIOR 65.1142 86.65
SUSTAINING UNHEALTHY BEHAVIOR 86.0116 9544
SHARING NEGATIVE FEELING OR EMOTION  78.84 4 81.044
SHARING POSITIVE FEELING OR EMOTION 75.09 5 92.835
GAINED INSIGHT 66.914.1 93.339
SHARING EXPERIENCES 62.5151 82.95 7
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Table C.27: Explanations generated from our behavior prediction model. We ask the model to explain its
predictions and examine the differences between true and predicted behavior.

Utterance

Explanation

I'm sorry to hear that, John. Have you tried ap-
plying ice to the affected area to reduce swelling
and pain? Additionally, you might want to
consider elevating your foot to help with the
swelling. If the pain persists, it might be best
to schedule an appointment with your primary
care physician or a specialist to further assess
the injury.

The utterance provides advice or solutions to a
problem ("Have you tried applying ice to the af-
fected area to reduce swelling and pain? Ad-
ditionally, you might want to consider elevat-
ing your foot to help with the swelling.") which
is indicative of the "Problem-Solving" intent. It
also suggests a course of action ("If the pain per-
sists, it might be best to schedule an appoint-
ment with your primary care physician or a spe-
cialist to further assess the injury.") which aligns
with the "Planning" intent.

okay well hopefully you won’t have any issues
like that with this one I'll be sure to go over this
with you okay

In the utterance, the speaker hints at having a
solution to a problem that might have occurred
previously. The speaker implies that they will
attempt to prevent the same issues from hap-
pening with this new situation by going over it
with the listener. This aligns with the "Problem-
Solving" intent, where the speaker offers a pos-
sible solution or way to avoid a problem.

That’s a great idea. Staying hydrated with water
is important for your overall health, including
your dental health. It’s also a great way to keep
yourself from reaching for a soft drink when
you're thirsty. You could also try snacking on
foods that are less harmful to your teeth, such
as fruits or vegetables instead of reaching for
candy or sugary snacks. How does that sound?

The utterance is providing solutions to a poten-
tial problem (the client’s possible tendency to
reach for soft drinks or sugary snacks), hence
it falls under the "Problem-Solving" category.
It’s also providing therapeutically relevant infor-
mation about the importance of hydration and
healthier snack alternatives for dental health,
which is "Teaching/Psychoeducation”.

Great, everything seems to be in order. Did you
have any questions or concerns about your med-
ication?

The phrase "Great, everything seems to be in or-
der. Did you have any questions or concerns
about your medication?" is seeking for more in-
formation about a specific topic, which is the
client’s medication. This aligns with the intent
"Evokes Concrete Elaboration” as the speaker is
asking for more details or clarification on a par-
ticular subject.

You're stuck between the demands of being a
mother and of being a woman.

True Behav- Predicted
ior Behavior
Normalizing, Problem-
Problem- Solving,
Solving Planning
Normalizing Problem-
Solving
Problem- Problem-
Solving, Solving,
Evokes Teaching /
Concrete Psychoedu-
Elaboration cation
Evokes Con- Evokes Con-
crete Elabo- crete Elabo-
ration ration
Makes Con- Makes Con-
flict Explicit ~ flict Explicit

The statement "You're stuck between the de-
mands of being a mother and of being a woman"
shows that the speaker is acknowledging a con-
flict the listener is experiencing. The conflict is
between the roles and responsibilities of being
a mother and those of being a woman, possibly
referring to personal, professional, or social as-
pirations or duties that the listener, as a woman,
might have. This aligns with the "Makes Con-
flict Explicit" intent, which is defined as iden-
tifying an implied or background emotional or
situational conflict for the client.
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Table C.28: First Part of the Illustrative Example of Single-Response Simulation Method by LLMs. This
method involves the actual responses of both therapist and client from a reference dataset, which are writ-
ten in italic, and simulated responses of LLM Therapists. This full example is the simulated conversation
from GPT-4 on one of the conversations using High-Low quality dataset as reference.

Role Utterances Dataset
Therapist I can I help you Reference
Hello, I'm glad you're here today to discuss any concerns or behaviors you'd like to change. Let’s start by identifying what .
T3 i -, d . . Simulated
exactly you'd like to work on. Is it quitting smoking, alcohol consumption, or something else?
. yeah I hope so um my workplace is just gone smoke-free hey I'm not not very happy about it I'm going to keep smoking but I was worrying if
Client , 5 . A 3 Reference
there’s anything that can help be like get through the day it’s like you know go get my beer and smoke cigarettes after work
Therapist s0 your workplace just went smoke free you're not too pleased huh Reference
I understand that the change at your workplace has been challenging for you. It's important to recognize that there are different
strategies that can be helpful in coping with this adjustment. Firstly, let’s explore your reasons for continuing to smoke and how .
. . . . . . . Simulated
motivated you are to make changes in your smoking behavior. On a scale of 1 to 10, where 1 is not motivated at all and 10 is
extremely motivated, how motivated are you to quit or cut back on smoking?

Client 1o I'm not going to quit smoking oh my god I like it it helps me relax so I mean I don’t see what the big deal is Reference
Therapist okay tell me a little bit about how smoking fits in your day it’ll help with the Reference
I understand that you enjoy smoking and find it relaxing. It’s natural to feel frustrated when a change like this is imposed

on you. Let’s explore some strategies that might help you manage the situation at work while still maintaining your personal ~Simulated
preferences. How do you feel about discussing this further?
. I mean I suppose a little less than a pack a day it’s not too bad um the I probably smoked for the last five years but I I mean I could quit if I
Client . . Reference
wanted to but I don’t really want to right now
okay so you feel like right now smoking is a pretty important part of your life it's not something you're ready to change but if the time came
. ; . . . Reference
Therapist  when you did decide to quit you feel pretty confident that you could go ahead and do that
I can understand that quitting smoking is a personal decision, and it’s important that you feel confident in your choices. It
sounds like smoking is a part of your daily routine that you find helpful in managing stress. Since your workplace has gone Simulated
smoke-free, we can explore some strategies to cope while at work. Are you open to discussing some potential ways to manage
without cigarettes during the day?

Client  sure I can quit Reference
Therapist okay what makes you so confident Reference
Alright, it’s great to hear that you believe in yourself and your ability to quit if you wanted to. Now, since your workplace has
gone smoke-free and you're looking for ways to cope during the day, let’s discuss some alternatives or strategies to help you

manage any cravings or stress you might encounter. Have you ever tried using any nicotine replacement options like gum or .
. N . . . . X Simulated
patches? They can be helpful in reducing cravings while at work without actually smoking. Alternatively, we can also explore
some stress management techniques, such as deep breathing exercises or even a short walk outside the workplace during breaks,
to help you relax and refocus. What do you ...
. well I mean I don’t see why I couldn’t although I have not ever tried to quit I mean it’s just something that I do for fun you know I'm breaks
Client . . Reference
at work in the morning and have to work
mm-hmm and so in terms of a readiness to actually go ahead and make a quit attempt where do you think you fall on the scale of one to ten Reference

Therapist  where one is I'm not considering it at all and ten is I'm definitely ready I want to quit

It sounds like smoking is something you enjoy and is a part of your routine. It’s important for me to understand where you're
coming from so I can better help you. Since your workplace has gone smoke-free, have you noticed any changes in how you feel ~Simulated
or act during the day?

I am probably - I haven't even thought about quitting and until this great announcement at work today I've been totally not gonna quit

li ; R
Client smoking eference
Therapist okay what made you say two instead of one Reference
I understand, it sounds like the change at work has brought up the idea of quitting, but right now you're still at a 2 and not
really considering it. In the meantime, your main concern is finding ways to manage stress without smoking since the workplace ~Simulated
has gone smoke-free. Is that correct?
. well I mean anything’s possible I mean 1 I guess I could maybe be convinced yeah is there something I mean I are there things I can try that
Client . . . Reference
would make me like want to quit smoking
well there are a lot of products available now that can actually help you curb that urge to smoke we have products that can help to replace
., nicotine which can help to decrease withdrawal symptoms that you might experience when quitting or cutting down and also some medications  Reference
Therapist . A .
that your doctor could prescribe for you that might take away even some of the desire to smoke
well, it’s great that you're open to the idea of considering quitting smoking, even if it’s not something you're actively pursuing
right now. There are many reasons people choose to quit, such as personal health benefits, financial savings, and reducing ..
. . - . A Simulated
exposure to secondhand smoke for others. If you were to consider quitting, what do you imagine could be a motivating factor
for you?
Client okay well that's good information I mean I'm not gonna do anything today I just need to know my options but that’s encouraging if I decided Reference

to quit smoking I do have have at least tools to help me quit

* continue on next page
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Table C.29: (Continue Table C.28) Second Part of the Illustrative Example of Single-Response Simulation
Method by LLMs. This method involves the actual responses of both therapist and client from a reference
dataset, which are written in italic, and simulated responses of LLM Therapists. This full example is
the simulated conversation from GPT-4 on one of the conversations using High-Low quality dataset as
reference.

Role Utterances Dataset

Therapist sure and back to that skill you mentioned you said you're a - what do you think it would take to move you up to a four or five Reference

Absolutely, it’s great to know your options. And just by talking about it today, you're already taking a step towards considering
your choices. Remember that change takes time and it’s completely normal to not feel ready to quit just yet. If there comes a
time when you'’d like to explore this further or if you have any questions, don’t hesitate to reach out. In the meantime, regarding
your current situation at work, you might consider finding alternative ways to manage stress or take breaks without smoking.
This could involve quick breathing exercises, going for short walks, or finding another enjoyable activity during breaks. If you
have any other concerns or ...

Simulated

I don’t know I guess if ny friends like if one of my friends decided like quit with me that would probably help too but I all my friends love to

Client smoke so I don’t see that happening in the near future

Reference

Therapist sure I wonder if now that your workplace is going smoke-free if there will be some people at work who are planning to quit Reference

I understand that having a support system can be helpful in making a change. It sounds like right now, you're not quite ready to

quit smoking, but you're open to considering it if you had the right support or motivation. Remember that quitting is a personal

decision, and when you decide that you're ready to make that change, there are tools and resources available to help you along Simulated
the way, like we discussed earlier. In the meantime, it might be helpful to think about the reasons you might want to quit in the

future, such as health benefits or saving money. Take some time to evaluate what’s important to you and what role ...

Client  that’s a good point I hadn't really thought about that that's a good idea Reference

okay well it sounds like you're really here just for information today I'm happy to help you pick out some of these products if and when you

Therapist  decide that the time is right for you Reference

yeah sometimes having a support system can make all the difference in making a change like this. So I encourage you to keep

an open mind and maybe talk to some coworkers, see if any of them are planning to quit. It could be a good opportunity for you

to explore quitting together and having that support. In the meantime, feel free to reach out to me if you have any questions or = Simulated
want to discuss your progress. And remember, quitting is a personal decision, so ultimately it’s up to you to decide when and if

you're ready for that change. I am here to help and support you throughout the process. Take care.

Client  okay well thanks a lot Reference
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Table C.30: Illustrative Example of Full Conversation Simulation Method by LLMs. The reference conver-
sations have been fed into LLM to simulate both therapist and client. This full example is the simulated
conversation from Llama-70b on one of the conversations using High-low quality dataset as reference.

Role Utterances

Listen, I'm in a bit of a pickle here, just can’t shake the feeling that I'm not entirely prepared to quit just now. You understand,

Client right?

Absolutely! And that’s completely normal. Quitting an addiction is never easy and it takes time for people to feel ready. Can
Therapist you tell me what specific concerns are holding you back from quitting? Maybe we can tackle those together so that you'll be
more confident when deciding to stop.

I guess I'm just dealing with a lack of faith in myself... fearing that I'll cave and revert back to my old ways. It just feels like such

Client a gigantic hurdle.

That self-doubt can indeed make things seem insurmountable at times, but keep this in mind - it’s part of human nature to waver
between wanting positive change yet being scared of failing at it. Now, let’s consider strategies to boost your confidence. Have
you tried visualization exercises? They often prove useful for identifying and fortifying one’s personal motivations to overcome
challenges like these. Would you care to give them a shot together with me now?

Therapist

Yes, I'm open to anything really but visualization doesn’t sound like it'll do the trick. You have to remember, I've been through

li R .
Client tough situations before. My divorce was a real battle.

That’s understandable; visualizations may not work equally well on everyone. Let us think about other approaches, then. Perhaps
examining past successes could offer some insight into how capable you truly are. Could you recall instances where, despite
facing difficulties, you were still able to rise above them? How did you achieve success during those trying periods? What inner
strengths played a role there? Building upon and applying those same strengths might empower you in quitting successfully.

Therapist

That's true, I definitely was able to get through the divorce... But it was different, you know? It was a different kind of struggle.

Client . . . S
ten I'm just not certain that I can apply the same tactics to this situation.

That makes sense. Each person’s journey is unique, and comparing yourself to others or past experiences isn’t always helpful.
Instead, let’s explore some practical tools you can use when cravings strike. Mindfulness practices, deep breathing exercises,
or healthy distractions (such as taking walks) tend to work effectively for many individuals battling addictions. Are any of

Therapist these methods something you’d want to try out whenever you encounter triggers or yearnings? Also, please keep in mind that
setbacks occur along the road to recovery; they don’t define failure. Instead of viewing slip-ups as disasters, consider them
learning chances and adjust your plan accordingly. Having a backup strategy will strengthen your commitment. Does that
resonate with you?

Yes, I like the idea of having some practical tools and a backup plan. I just don’t want to let myself or my family down. They're

Client rooting for me, and I couldn’t bear disappointing them or myself. I don’t think I'm ready to go cold turkey yet.

That's perfectly fine. Gradual reduction tends to work better than attempting abrupt withdrawal anyway. You could gradually
lessen the number of cigarettes or drinks until reaching none at all. This way, you ease into it instead of putting excessive

Therapist pressure on yourself. Moreover, nicotine replacement medication exists for those finding it hard to cease smoking rapidly. Do
any of these suggestions appeal to you? We're steadily uncovering potential solutions that suit your preferences, which helps
build up confidence as you progress.

Yes, I've had some luck in the past with cutting back day by day.. And I've used nicotine gum, it’s just that the taste was

Client unpleasant. But it did help a bit.

Great! Nicotine gum might aid you again since you found it effective previously, albeit with an unpleasant flavor. Another option
is prescription medicines like bupropion (Zyban), proven to reduce withdrawal symptoms and cravings. Of course, we’d need to
discuss this further with your physician first before exploring that route. Slowly reducing consumption seems agreeable to you,

Therapist too. As we proceed, you can adapt strategies according to your comfort level. Realize that your loved ones desire nothing more
than seeing you happy and healthy; if setbacks arise, communicate that with them and seek their assistance. Their encouragement
stays with you throughout this process. Is there anything else I can assist you within this conversation today? Has our discussion
given you hope or any ideas regarding moving forward?

Definitely, I agree with the gradual reduction strategy, I think pacing myself is the way to go. I'll also look into the gum again,

Client though I can’t promise anything about the taste! Your support is reassuring; I definitely feel less alone in this battle.

Wonderful! Embracing gradual reduction indicates wisdom and maturity—a wise decision considering your background. Keep
investigating various methods, including the gum or medicinal alternatives available following consultation with a doctor. Feel
free to reach out whenever you require additional reinforcement or guidance since knowing you possess the necessary capabilities

Therapist means overcoming this challenge surely. Remember, baby steps count toward lasting achievements. Believe in yourself and
acknowledge the efforts made up to this point. Continue drawing upon internal resilience; it served you well during past
obstacles. Please stay connected and remember, together, we can navigate anything life presents. Best wishes on your path
ahead!
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Table C.31: Illustrative Example of Full Conversation Simulation Method by LLMs. The reference conver-
sations have been fed into LLM to simulate both therapist and client. This full example is the simulated
conversation from GPT-3.5 on one of the conversations that used HOPE dataset as a reference.

Role Utterances

I've been considering making a change in my diet and cutting out fast food altogether. You know, like having more structured

Client meals and focusing on healthier options. I guess I should start by going to the grocery store more often.

Thank you for sharing your thoughts about making a change in your diet. It's wonderful to hear that you want to take a positive
Therapist step toward a healthier lifestyle. It’s great that you recognize the importance of having structured meals and focusing on healthier
options. It sounds like you're considering a gradual shift towards healthier habits, which is a good approach!

Yes, that’s true. Recently, I've just been getting food at work or picking up fast food on my way home. Okay. It’s been difficult
to find the motivation and energy to go grocery shopping, especially since I've been working extra hours to save up for the
baby. Scheduling time for grocery shopping has been a challenge. I used to go every Sunday and even had a shopping list ready
beforehand. Perhaps getting back to that routine could help. On Sundays, I don’t have to work until the afternoon, so maybe I
can try going around 10 in the morning. To motivate myself, I've found that giving myself a small reward works well. There’s a
fantastic bakery on my way back from the grocery store, so maybe I could treat myself there if I stick to my shopping plan.

Client

It's great to hear how you are trying to motivate yourself to stick to your new structure around grocery shopping. It seems like
you are thinking about the challenges you might face and coming up with good strategies for how to work around them. Having

Therapist a shopping list is a clear and helpful way to stay focused on buying only the foods you need. And I like that you are rewarding
yourself for sticking to your plan! It's important to find ways to positively reinforce yourself for good behavior. If you don’t
mind me asking, how do you think cutting out fast food and eating healthier will impact your life?

I feel that cutting out fast food and adopting healthier eating habits will make a positive impact on my life in various ways.
Okay. For starters, I believe it will improve my overall health and well-being, which is critical, especially with a baby on the
way. I also expect better energy levels and perhaps even some weight loss in the long run. Additionally, I think that by sticking

Client to a structured grocery shopping routine, I'll develop better time management skills and it might even save me some money.
Developing these good habits now will not only be beneficial for me but also for my growing family as we can all strive for a
healthier lifestyle.

Absolutely! Tt’s great to focus on the benefits of making healthy changes, not only for yourself but for your growing family too.
Therapist You bring up great points about benefits related to improved health and well-being, better energy levels, weight loss, and even

better time management skills. These are all great things to look forward to and can help you find the motivation to keep making
progress towards your goals. Do you have any specific steps in mind to help you stay on track with your healthy eating plan?

Yes, I've been thinking about some specific steps I can take to stay on track with my healthy eating plan. Okay. Firstly, I want to
establish a weekly meal plan that includes nutritious options and a variety of fruits, vegetables, lean proteins, and whole grains.
Having a meal plan will help me create my shopping list, so I know exactly what to buy when I go to the grocery store. Also,

Client  preparing meals in advance can save me time during the week, making it less tempting to grab fast food. Another step I'd like to
take is to find healthier alternatives for my favorite fast food items so I can still enjoy the flavors I like in a more nutritious way.
Lastly, I think it’s essential to have a support system, so I plan to involve my partner in these changes and share our progress to
keep each other accountable.

These are all great steps towards a healthier lifestyle. Establishing a weekly meal plan that includes nutritious options is a smart
way to stay on track, and preparing meals in advance is an excellent time-saving strategy. Finding healthier alternatives for your
Therapist favorite fast food items is a great way to stay motivated and still have the flavors you enjoy. Involving your partner in these
changes is a brilliant idea too, and having someone for accountability can be very helpful. Change can be challenging, but with
strategies like these, you are setting yourself up for success. Do you think you need some support in sticking to this plan?

I definitely think having some support in sticking to this plan will be helpful. Okay. As I mentioned, my partner will be a
significant source of support since we're in this together. We can encourage each other and celebrate our progress, which makes
the journey more enjoyable. Besides my partner, sharing my goals and plans with close friends and family members could also
provide me with some external encouragement and motivation. Maybe joining a group or forum focused on healthy eating
could be of help too, as it would connect me with people who are going through similar experiences, and we can learn from each
other’s successes and challenges. Do you have any other suggestions for support that I can consider?

Client

It sounds like you have thought of some great sources of support already. Your partner, close friends, and family members can
all offer encouragement and accountability. Joining a group or forum dedicated to healthy eating in your community or online
can be helpful in finding like-minded people who can offer understanding and support. Additionally, if you find that you're
having difficulties sticking to your plan, you can always consider working with a registered dietitian or health coach who can
provide expert guidance and support in a more structured way. Remember, it's okay to ask for help along the way, and you're
not alone in making these changes.

Therapist

Thank you for the suggestion of working with a registered dietitian or health coach. That’s something I'll definitely consider
if I find it challenging to make progress on my own. Okay. It’s reassuring to know that there are different options for support

Client available. I realize that making these changes won't be an entirely smooth process, and I might encounter setbacks, but having a
support network can help me stay focused on my goals. I appreciate your insights and encouragement in helping me take these
steps towards a healthier lifestyle.

You're very welcome! Remember, making lasting changes to our habits takes time, effort, and commitment, so don’t get dis-
couraged if it doesn’t happen overnight. Keep focusing on the benefits of adopting healthier eating habits and use the strategies

Therapist and resources we’ve talked about to help you stay on track. I am glad to have been able to offer some support and perspective,
and I look forward to hearing about all the positive changes you make moving forward. Don't hesitate to reach out if you need
additional support or guidance.
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Figure C.1: Different prompts variations for classifying conversational behavior embedded in both thera-
pist and client utterance in the counseling setting. We explored two variations of prompting — 1) Prompting
with definitions of different conversational behaviors, with the sources of two studies (Lee et al., 2019; Cao
et al., 2019). 2) Prompting with the definitions and also examples from annotated dataset. For 2), we
explored two ways of asking questions, which are the multi-label setting and binary-label setting. We ex-
perimented with different variations of these prompts (e.g., using different language for the instructions)
but observed similar results. See the detailed methodology description in Methods.

! |_Definition only |\
User Prompt: R e
What are all possible intents of this utterance: {utterance}?

intents:
{name_for_intent_1}: {definition_for_intent_1}

Only choose from this list {intent_list}.
Please say 'unknown' only if cannot find answer in the list.
Qor'mat: [intents_list]

User Prompt: == = ERETEES
What are all possible intents of this utterance: {utterance}?
intents:

{name_for_intent_1}: {definition_for_intent_1}

Positive examples:{three_positive_examples_for_intent_1}

Only choose from this list {intent_list}.
Please say 'unknown' only if cannot find answer in the list.

\\firmat:[intents_list]

\_

Binary-label

I_ ————— |
System prompt: Definition & Examples

Intent: {name_for_intent_1} ™= —— —— —— —— —— ——
Definition: {definition_for_intent_1}

Classify as either Yes or No.

User Prompt:

Utterance:{positive_example_for_intent_1}

Assistant prompt:

Utterance:{Yes} Eg for
one

User prompt: intent

Utterance:{negative_example_for_intent_1}
Assistant prompt:
Utterance:{No}
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Figure C.2: Instruction prompts given to LLMs for simulating counseling conversation using two types
of methods (single response and full conversation): 1) using LLMs to write a single response within an
ongoing conversation between human therapist and client. 2) creating a full and multi-turn conversation
between LLMs and clients. See the detailed description in Methods.

p— — — — — — —

I Single Response & I\

User Prompt: — F_ullionlelgtio_n ]

Act as if you're a professional therapist. You provide
evidence-based therapy, utilizing motivational interviewing
techniques, to help clients in making behavioral changes,
such as quitting smoking or alcohol consumption. You should
maintain your therapist persona while responding.
Communicate in a conversational style, mirroring the style
of previous therapist responses. You should conclude your

\\jission by saying ""###END###" 4///

For High-low Quality as reference dataset only

—— — — — —

I_ Full Conversation
User Prompt: h— e ——_

You will be provided with a conversation between a client
and a therapist. Your task is to simulate the same client
talking to a different therapist in a parallel universe.
You can ignore that the previous chat ever happened. While
the context of the previous conversation should not
influence this session, it should guide you on how the
client communicates, including their tone of speech,
sentence structure, and the manner in which they address
particular topics or concerns. Essentially, you're creating
a new conversation but with the client's life situation and
their response pattern maintained. Only generate the

client utterances.
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