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We focus on Al-advised decision making, where Al systems (e.g., classifiers) are deployed to assist users
to make better decisions (e.g., in healthcare, finance, and criminal justice). While the dominant development
practice deploys the most “accurate” autonomous Al to assist users, we argue that in order for Al to aug-
ment users, we should shift the focus of research to developing human-centered A1 (HCAI). HCAI systems
additional requirements atop those of autonomous Al. They are not just capable but also: trustworthy and
dependable, they communicate and coordinate their reasoning with users, and complement users’ expertise.
We specifically develop and study three relevant maxims for developing HCAI systems: 1) help users un-
derstand when to trust Al recommendations, 2) preserve user’s mental model of Al’s trustworthiness, and 3)

train Al to optimize for team performance.

Through experiments on various tasks that involve Al-assisted decision making, we show that a) contrary
to expectations, current XAl methods may be insufficient for helping users understand when to rely on Al
recommendations. b) It is easier for users to create a mental model of AI’s trustworthiness when its error
boundary (i.e., regions where it errs) is simple and deterministic. ¢) The current practice of updates to
Al systems (e.g., to improve its accuracy) can result in models that violate user trust, e.g., by introducing
errors on examples on which the system was previously correct; however, we also show that its possible
to create models that preserve trust by considering compatibility of updates during the training process.
d) For a simple setting, we formally show that by accommodating the user’s mental model in the AI’s
training process, we can train a model that results in higher a human-Al team performance than the team

performance achieved with the most accurate Al. Finally, we discuss open problems and future work in



developing HCALI including enabling explanatory dialogs (as opposed to static, one-shot explanations) and
enabling user control of Al behavior. Overall, the problems and results in this thesis show the richness and

interdisciplinary nature of the challenge of developing human-centered Al.
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A screenshot of Team (Adaptive, Expert) for LSAT. Similar to Figure [2.2] the interface
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correct, and to retain the higher performance of Explain-Top-1 when the Al was correct.
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exceeded the threshold used for Adaptive explanations. Across the three datasets, Adaptive

explanations successfully reduced the human’s tendency to blindly trust the Al (i.e., de-

creased agreement) when it was uncertain and more likely to be incorrect. For example,

comparing Team (Explain-Top-1, Al) and Team (Adaptive, Al) on low confidence examples

that did not pass the threshold (rectangles), participants in Explain-Top-2 (pink rectangles)

were less likely to agree with the Al compared to those who saw Explain-Top-1 (blue rect-
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The distribution of study examples as a function of average human accuracy. For each do-

main, examples on the right were easy for most humans working alone. Both Beer and LSAT

show a distribution that shows potential for complementary team performance: humans can

correct easy questions mistaken by the Al (red bars towards the right), and, conversely, the

Al may add value on examples where humans frequently err (green bars towards the left). In

contrast, Amzbook showed less potential for this kind of human-Al synergy, with less “easy

for human” questions (bars towards the left). | . . . . .. .. .. ... ... ... ......

R

Analysis of participant responses to two statements: (A) “Al’s assistance (e.g., the informa-

tion 1t displayed) helped me solve the task™, and (B) “Al’s explanations 1n particular helped

me solve the task.” Across datasets, a majority of participants found Al assistant to be useful,

and they rated all the conditions similarly, with a slight preference towards Team (Adaptive,

Expert). In contrast to Al’s overall usefulness, fewer participants rated explanations as use-

ful, particularly Explain-Top-2 explanations. Participants also had a clearer preference for

higher-quality (expert) Adaptive explanations.| . . . . . . .. .. ... ... ... ......

44

n3

Instead of 1gnoring or strictly following the Al, participants reported taking the Al informa-

tion into consideration most of the time. They most frequently used Al as a prior guide in

sentiment analysis, but used 1t as post-check 1mn LSAT'. They were also more likely to 1gnore

the Al in sentiment analysis thanin LSAT.|. . . . . . . . . . .. ... ... .. .. .....

48

29

Comparing the occurrence of Used Conf. 1n just the confidence condition and 1n those

with explanations, we saw a similar proportion of users that explicitly acknowledged using

confidence, regardless of whether they saw an explanation.| . . . . . .. ... ... .. ...

B

Al-advised human decision making for readmission prediction: The doctor makes final de-

cisions using the classifier’s recommendations. Check marks denote cases where the Al

system renders a correct prediction, and crosses denote instances where the Al inference 1s

erroneous. 1he solid line represents the Al error boundary, while the dashed line shows a

potential human mental model of the error boundary.| . . . . . . ... .. ... ... ...,

B2

For each object, a subject can either choose to use Marvin’s recommendation or perform the

task independently.| . . . . . . .. L




[3.3  With more rounds of interaction, users perform closer to the optimal policy— the regret de- |

| creases and converges to zero for most users. Blue indicates the rounds when the Al system |

| (Marvin) 1s correct and red indicates rounds when the Al makes an error. As mistakes are |

| more costly (Table|3.1)), in the beginning and when Marvin makes a mistake the difference |

| between the optimal reward and reward earned by average worker 1s higher because the |

| continuing interaction. Here, the score indicates the cumulative reward, and Marvin makes |
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Chapter 1

Introduction

Nowadays, Al systems are not just being used to automate tasks. Instead people work with an Al teammate,
e.g., because the team may help perform better than either the AT or human alone [Nagar and Malone, 2011;
Patel et al., 2019; |Kamar et al., 2012|], or because legal requirements may prohibit complete automa-
tion [GDPR, 2020|l. From a rational perspective, for such human-Al teams, just like for any team, improv-
ing the performance of the whole team is more important than improving the performance of an individual
member (e.g., just the Al). Yet, to date for the most part, the Al community has focused on maximizing
the individual accuracy of machine-learned models. Implicitly assuming that these models will be used for

automation. This raises an important question: Is the most accurate Al the best possible teammate for users?

We argue that the answer may be “No.” For instance, considering human-human teams, Is the best-
ranked tennis player necessarily the best doubles teammate? Clearly not — teamwork puts additional de-
mands on players besides high individual performance. Reliable human partners are not just capable but
also trustworthy and dependable, they communicate and coordinate their reasoning, and complement their
teammate’s skills. Similarly, we argue that the development of high-performing human-Al teams may re-
quire creating Al that exhibit additional abilities that are beyond high accuracy and human-centered, such as
reliable and consistent behavior, ability to explain and justify their actions and recommendations, offering
users control and feedback, optimizing for joint human-Al performance, and enabling appropriate trust and
reliance. The latter, in fact, is the motivation behind much work in intelligible AI [Caruana et al., 2015}

Weld and Bansal, 2019 05[] and post-hoc explainable Al [Ribeiro ez al., 2016].
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Figure 1.1: Three maxims for developing human-centered Al for Al-assisted decision making.

In this work, we consider human-Al teams where an Al assists a human decision maker by offering
its recommendations but humans retains the agency to make the final decision (Figure [I.1]), a context also
known as Al-assisted decision making [Bansal et al., 2019b]. We focus on Al-assisted decision making
because its a formal model that represents the simplest kind of human-Al teamwork, and thus is a good
place to build a precise understanding of human-AlI interaction. We consider three human-centered maxims

for such developing such Al:

M1. Help users understand when to trust Al reccommendations: In Chapter [2] we analyze prior works that
evaluate efficacy of Al explanations at improving human-Al team performance and show that they
only observed improvements when the Al, alone, outperformed both the human and the best human-
Al team [Bansal et al., 2021b|]. This raises an important research question: can explanations lead
to complementary performance, i.e., with accuracy higher than both the human and the Al working
alone? To answer this, we conduct new studies across multiple NLP tasks (classification and question
answering) where human and Al have a comparable performance. While our experiments show that
Al augmentation produced complementary improvements, accuracy was not increased by state-of-the-
art explanations compared to simply displaying AI’s confidence. Explanations increased the chance
that users accept the Al’s recommendation regardless of its correctness. In addition to the effect of
explanations, in Chapter [3] we highlight two key properties of an AI's error boundary (i.e., regions

where it errs), parsimony and stochasticity, that affect humans’ ability to create mental models of AI’s
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M2.

M3.

trustworthiness [Bansal e7 al., 2019a]. Experiments show that we people find it easier to create such

mental models when the system’s error boundary is simple and deterministic.

Preserve user’s mental model of AI's trustworthiness: In Chapter[d] we show that updates that increase
Al performance may actually hurt team performance, e.g., by creating behavior that is at odds with
prior user experience and mental model of AI’s trustworthiness [Bansal ez al., 2019b]. We introduce a
practical re-training objective that can improve the compatibility of updates. Experiments across three
datasets show that our approach can create updates that are more compatible, while maintaining high

accuracy.

Train Al to optimize for human-Al team performance: In Chapter [5| we suggest that directly modeling
a human-Al team’s collaborative process can help learn better Al teammates. Specifically, to optimize
the team performance we maximize the team’s expected utility, expressed in terms of quality of the
final decision, cost of verifying, and accuracy of teammates [Bansal er al., 2021b]l. Our experiments
with linear and non-linear models on real-world, high-stakes datasets show that the most accurate
Al may not lead to highest team performance and show the benefit of modeling user’s mental model
during training through improvements in expected team utility across datasets, considering parameters
such as human skill and the cost of mistakes. We discuss the shortcoming of current optimization
approaches beyond well-studied loss functions such as log-loss, and encourage future work on Al

optimization problems motivated by human-Al teaming.

In Chapter [6] we conclude with a discussion of lessons learnt and two ongoing and future works for

developing HCALI. First, since current — static — explanations may be insufficient to help users decide when

to trust Al recommendations, how can create better explanations? Since results from human psychology

show that the process of explaining is a conversation between the explainer and explainee [Miller, 2018, we

propose enabling interactive explanatory dialogs that allow users to drilldown into the system’s reasoning

and ask follow up questions. Second, since HCAI systems will remain imperfect, how can we allow users to

not just understand and predict their mistakes but also to correct system recommendations and/or reasoning?

One option is to allow users to give feedback in terms of the system’s explanatory vocabulary. However, just

like feature representations used by Al systems may be incomplete, their explanatory vocabulary may remain
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incomplete. Thus, we specifically focus on the problem of allowing users to refine an Al's explanatory
vocabulary and control its behavior.

Through all these maxims, this thesis shows that the challenge of developing human-centered Al and
improving human-Al interaction is interdisciplinary in nature: Solving it requires marrying ideas from arti-
ficial intelligence, machine learning, and human-computer interaction to further our understanding of what

kind of Al models we train and how they interface people.
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Chapter 2

The Effect of Explanations on Team

Performance

Many researchers motivate explainable Al with studies showing that human-AlI team performance on decision-
making tasks improves when the Al explains its recommendations. However, prior studies observed im-
provements from explanations only when the Al, alone, outperformed both the human and the best team.
Can explanations help lead to complementary performance, where team accuracy is higher than either the
human or the Al working solo? Such a performance level is only possible if the explanations help users better
decide when to trust the model’s recommendations (Maxim 1). We conduct mixed-method user studies on
three datasets, where an Al with accuracy comparable to humans helps participants solve a task (explaining
itself in some conditions). While we observed complementary improvements from Al augmentation, they
were not increased by explanations. Rather, explanations increased the chance that humans will accept the
AI’s recommendation, regardless of its correctness (bolstering blind trust rather than appropriate trust). Our
result poses new challenges for human-centered Al: Can we develop explanatory approaches that encourage

appropriate trust in Al, and therefore help generate (or improve) complementary performance?
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Figure 2.1: (Best viewed in color) Do Al explanations lead to complementary team performance? In a team
setting, when given an input, the human uses (usually imperfect) recommendations from an Al model to
make the final decision. We seek to understand if automatically generated explanations of the AI’s recom-
mendation improve team performance compared to baselines, such as simply providing the AI’s recommen-

dation, I, and confidence. (A) Most concludes that explanations improve team performance
(i.e., A4 > 0); however, it usually considers settings where Al systems are much more accurate than people
and even the human-Al team. (B) considers settings where human and Al performance is com-

parable to allow room for complementary improvement. We ask, “Do explanations help in this context, and
how do they compare to simple confidence-based strategies?” (Is Ap > 07?).

2.1 Introduction

Although the accuracy of Artificial Intelligence (AI) systems is rapidly improving, in many cases, it remains
risky for an Al to operate autonomously, e.g., in high-stakes domains or when legal and ethical matters
prohibit full autonomy. A viable strategy for these scenarios is to form Human-Al teams, in which the Al
system augments one or more humans by recommending its predictions, but people retain agency and have
accountability on the final decisions. Examples include Al systems that predict likely hospital readmission to
assist doctors with correlated care decisions [Bayati et al., 2014 10; Caruana et al., 2015; Wiens et al., 2016]
and Als that estimate recidivism to help judges decide whether to grant bail to defendants [Angwin et al.,
2016} Hayashi and Wakabayashi, 2017]. In such scenarios, it is important that the human-Al team achieves
complementary performance (i.e., performs better than either alone): From a decision-theoretic perspective,
a rational developer would only deploy a team if it adds utility to the decision-making process [Morgenstern
and Von Neumann, 1953]]. For example, significantly improving decision accuracy by closing deficiencies

in automated reasoning with human effort, and vice versa [Horvitz and Paek, 2007; Tan ef al., 2018]l.

Many researchers have argued that such human-Al teams would be improved if the Al systems could

explain their reasoning. In addition to increasing trust between humans and machines or improving the
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speed of decision making, one hopes that an explanation should help the responsible human know when to
trust the AI’s suggestion and when to be skeptical, e.g., when the explanation doesn’t “make sense.” Such
appropriate reliance [|Lee and See, 2004] is crucial for users to leverage Al assistance and improve task
performance [Bilgic, 2005]]. Indeed, at first glance, it appears that researchers have already confirmed the
utility of explanations on tasks ranging from medical diagnosis [Cai et al., 2019} |Lundberg et al., 2018 10
01]], data annotation [Schmidt and Biessmann, 2019] to deception detection [Lai and Tan, 2019]]. In each
case, the papers show that, when the Al provides explanations, team accuracy reaches a level higher than

human-alone.

However, a careful reading of these papers shows another commonality: in every situation, while ex-
planations are shown to help raise team performance closer to that of the Al, one would achieve an even
better result by stripping humans from the loop and letting the Al operate autonomously (Figure & Ta-
ble[2.T)). Thus, the existing work suggests several important open questions for the AT and HCI community:
Do explanations help achieve complementary performance by enabling humans to anticipate when the Al is
potentially incorrect? Furthermore, do explanations provide significant value over simpler strategies such as
displaying the AI’s uncertainty? In the quest to build the best human-machine teams, such questions deserve

critical attention.

To explore these questions, we conduct new experiments where we control the study design, ensuring
that the AI’s accuracy is comparable to the human’s (Figure 2.1B). Specifically, we measure the human skill
on our experiment tasks and then control Al accuracy by purposely selecting study samples where Al has
comparable accuracy. This setting simulates situations where there is a strong incentive to deploy human-Al
teams, e.g., because there exists more potential for complementary performance (by correcting each other’s
mistakes), and where simple heuristics such as blindly following the Al are unlikely to achieve the highest

performance.

We selected three common-sense tasks that can be tackled by crowd workers with little training: sen-
timent analysis of book and beer reviews and a set of LSAT questions that require logical reasoning. We
conducted large-scale studies using a variety of explanation sources (Al versus expert-generated) and strate-
gies (explaining just the predicted class, or explaining other classes as well). We observed complementary

performance on every task, but — surprisingly — explanations did not appear to offer benefit compared to
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simply displaying the AI’s confidence. Notably, explanations increased reliance on recommendations even
when the Al was incorrect. Our result echoes prior work on inappropriate trust on systems [Kaur ez al., 2020;
Mitchell ef al., 2019]l, i.e., explanations can lead humans to either follow incorrect Al suggestions or ignore
the correct ones [Stumpf ez al., 2009]. However, using end-to-end studies, we go one step further to quantify
the impact of such over-reliance on objective metrics of team performance.

As a first attempt to tackle the problem of blind reliance on Al, we introduce Adaptive Explanation. Our
mechanism tries to reduce human trust when the Al has low confidence: it only explains the predicted class
when the Al is confident, but also explains the alternative otherwise. While it failed to produce significant
improvement in final team performance over other explanation types, there is suggestive evidence that the
adaptive approach can push the agreement between Al predictions and human decisions towards the desired
direction.

Through extensive qualitative analysis, we also summarize potential factors that should be considered
in experimental settings for studying human-Al complementary performance. For example, the difference
in expertise between human and Al affects whether (or how much) Al assistance will help achieve comple-
mentary performance, and the display of the explanation may affect the human’s collaboration strategy. In
summary:

2.1 We highlight an important limitation of previous work on explainable Al: While many studies show
that explaining predictions of Al increases team performance (Table [2.1)), they all consider cases
where the Al system is significantly more accurate than both the human partner and the human-Al
team. In response, we argue that Al explanations for decision-making should aim for complementary
performance, where the human-Al team outperforms both solo human and Al

2.2 To study complementary performance, we develop a new experimental setup and use it in studies with
1626 users on three task{] to evaluate a variety of explanation sources and strategies. We observe
complementary performance in every human-Al teaming condition.

2.3 However, surprisingly, we do not observe any significant increase in team performance by communi-
cating explanations, compared to simply showing the AI’s confidence. Explanations often increased

accuracy when the Al system was correct but, worryingly, decreased it when the Al erred, resulting in

YAl the task examples and the collected experiment data are available at https://github.com/uw-hai/Complementary—

Performancel
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Performance

Domain Task

Metric Human alone Al alone Team Complementary?

Deceptive review [Lai and Tan, 2019 Accuracy 1 51.1% 87.0% 74.6% X

Deceptive review [[Lai et al., 2020]] Accuracy 1 54.6% 86.3% 74.0% X

Classification Income category [Zhang et al., 2020]] Accuracy 1 65% 75% 73% X

Loan defaults [Green and Chen, 2019 Norm. Brier 1 0 1 0.682 X

Hypoxemia risk [Lundberg et al., 2018 10 01| AUC 1 0.66 0.81 0.78 X

Nutrition prediction [Buginca et al., 2020] Accuracy 1 0.46 0.75 0.74 X

QA Quiz bowl [Feng and Boyd-Graber, 2019] “Al outperforms top trivia players.” X

Regression House price [Poursabzi-Sangdeh et al., 2019 Avg. Absolute Error | $331k  $200k $232k X

Table 2.1: Recent studies that evaluate the effect of automatically generated explanations on human-Al
team performance. While explanations did improve team accuracy, the performance was not complementary
— acting autonomously, the Al would have performed even better. For papers with multiple domains or
experiments, we took one sample with the most comparable human and Al performance. 1 (or ) indicates
whether the metric should be maximized (or minimized).

a minimal net change — even for our adaptive explanations. Through qualitative analysis, we discuss
potential causes for failure of explanations, behavioral differences among tasks, and suggest directions

for developing more effective Al explanations.

2.2 Background and Related Work

Explanations can be useful in many scenarios where a human and Al interact: transparently communicat-
ing model predictions [Ribeiro et al., 2016}, Feng and Boyd-Graber, 2019; Koh and Liang, 2017; |[Kaur et
al., 2020; Bilgic, 2005, teaching humans tasks like translation [[Glassman et al., 2015] or content modera-
tion [Jhaver et al., 2019]], augmenting human analysis procedure [Jhaver ef al., 2019|| or creativity [Clark ez
al., 2018|l, legal imperatives [Miller, 2018; Weld and Bansal, 2019 053], etc. Various studies have evaluated
the effect of explanations from different dimensions, including whether the explanation improves users’ trust
in the AI [Yu er al., 2019; Kunkel et al., 2019 or enables users to simulate the model predictions [Poursabzi-
Sangdeh er al., 2019; Chandrasekaran et al., 2018 10], or assists developers to debug models [Bhatt ez al.,
2020; [Kaur et al., 2020].

In this paper, we focus explicitly on Al-assisted decision making scenarios [Bansal et al., 2019b; Wang
et al., 2019], where an Al assistant (e.g., a classification model) makes recommendations to a human (e.g.,

a judge), who is responsible for making final decisions (e.g., whether or not to grant bail). In particular,
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we assess performance in terms of the accuracy of the human-Al team. While other metrics can be used
for evaluation (more discussed in Section [2.6.1)), we directly evaluate end-to-end team accuracy for three
reasons. First, deploying such a human-Al team is ideal if it achieves complementary performance, i.e., if
it outperforms both the Al and the human acting alone. Second, evaluating explanations using proxy tasks
(such as whether humans can use it to guess the model’s prediction) can lead to different, misleading con-
clusions for achieving best team performance than an end-to-end evaluation [Buginca et al., 2020]. Third,
Al-assisted decision making is often listed as a major motivation for Al explanations. In recent years numer-
ous papers have employed user studies to show that human accuracy increases if the Al system explains its
reasoning for tasks as diverse as medical diagnosis, predicting loan defaults, and answering trivia questions.
However, as summarized in Table[2.1] complementary performance was not observed in any of these studies

—in each case, adding the human to the loop decreased performance compared to if Al had acted alone.

For example, in Lai et al. [Lai et al., 2020; Lai and Tan, 20191, MTurk workers classified deceptive
hotel reviews with predictions from SVM and BERT-based models, as well as explanations in the form
of inline-highlights. However, models outperformed every team (see Table 1 and Figure 6 in [Lai ef al.,
2020[l). Zhang et al. [Zhang et al., 2020] noticed the superior behavior of the models in Lai ef al.’s work,
and evaluated the accuracy and trust calibration where the gap between human and the Al performances
was less severe. Still, on their task of income category prediction, their Gradient Boosted Trees model had
10% higher accuracy compared to their MTurk workers, which seemed borderline “comparable” at best.
Furthermore, when run autonomously, their AI model performed just slightly better than the best team (see
Section 4.2.2 and Figure 10 in [Zhang et al., 2020]]). A similar performance trend is observed on tasks other
than classification. In Sangdeh et al. [Poursabzi-Sangdeh et al., 2019], MTurk workers predicted house price
using various regression models that generated explanations in terms of most salient features. Their models’
predictions resulted in lowest error (See Figure 6 in [Poursabzi-Sangdeh ef al., 2019]]). In Feng er al. [Feng
and Boyd-Graber, 2019, experts and novices played Quiz Bowl with recommendation from Elastic Search
system. The system explained its predictions by presenting training examples that were influential, and
using inline-highlights to explain the connection between question and evidence. However, Feng et al. do
not report the exact performance of the Al on their study sample, but mention its superiority in Section 3.1 in

[Feng and Boyd-Graber, 2019] pointing out that it outperforms top trivia players. One possible exception is
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Explain. Strategies Explain. Sources Tasks

Explain-Top-1 Al Beer
Explain-Top-2 Expert Amzbook
Adaptive LSAT

Table 2.2: An overview of our tasks, explanation strategies and sources. We ran our pilot studies (Sec-
tion [2.3.2) with conditions marked with « . Based on the pilot results, we added adaptive explanations and
expert explanations (Section [2.3.3). Along with two additional domains, these form the conditions for our
final study conditions (Section 2.4.T).

Bligic & Mooney (2005) [Bilgic, 2005], who probably achieved complementary performance on their task
of recommending books to users. However, they did not compare explanations against simple baselines,
such as showing the book title or the system confidence (rating).

At least two potential causes account for the absence of complementary performance in these cases. First,
task design may have hindered collaboration: previous researchers considered Al systems whose accuracy
was substantially higher than the human’s, leading to a small zone with potential for complementary perfor-
mance (see Figure [2.1)). For example, this may have made it more likely that human errors were a superset
of the AI’s, reducing the possibility of a human overseer spotting a machine mistake. Second, even when the
task has the potential for complementary performance, it is unclear if the collaboration mechanisms under
study supported it. Collaboration factors like incentives, the format of explanations, and whether AI’s un-
certainty was displayed may drive the human towards simple, less collaborative heuristics, such as “always

trust the AI” or “never trust the AL”

2.3 Setup and Pilot Studies

To better understand the role of explanations in producing complementary performance, we enlarge the
zone of potential complementarity by matching Al accuracy to that of an average human and investigate
multiple explanation styles on several domains (Section [2.3.1)). As Table [2.2] summarizes, we first designed
and conducted pilots studies (Sections [2.3.2) and used them to inform our final study and hypotheses (Sec-
tion [2.4)).

20f course, complementary performance may be possible even in situations when one of the team partners is significantly more
accurate than the other. For example, a low-accuracy team member may be valuable if their errors are independent, because they
may be able to spot mistakes made by the team majority. However, it is more difficult to observe complementary performance in

such settings, so we first consider the case where humans and Al have similar accuracy. If explanations cannot provide value in
such settings, it will be even more difficult to show complementary performance when teammates have disparate skills.
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2.3.1 Choice of Tasks and Explanations

Since our interest is in Al-assisted decision making, we studied the effect of local explanations on team
performance — that is, explaining each individual recommendation made by a model [Ribeiro et al., 2016].
This contrasts with providing a global understanding of the full model all at once (e.g., [Lakkaraju et al.,
2017)).

We conducted experiments on two types of tasks: text classification (sentiment analysis) and question
answering. Text classification because it is a popular task in natural language processing (NLP) that has
been used in several previous studies on human-Al teaming [Feng and Boyd-Graber, 2019; |Lai et al., 2020;
Lipton, 2018 06; Nguyen, 2018 06; Zhang et al., 2020; |Hase and Bansal, 2020 07] and because it requires
little domain expertise, and is thus amenable to crowdsourcing. Specifically, we selected two sentiment
analysis datasets to improve the generalization of our results: beer reviews [McAuley et al., 2012]] and book
reviews [He and McAuley, 2016]. More details about these datasets are in Section While there exist
various local explanation approaches for text classification, we rely on local saliency explanations, which
explain a single prediction in terms of the importance of input features (e.g., each word) towards the model’s
prediction (e.g., positive or negative sentiment).

As commonly practiced in previous work [Lai and Tan, 2019; Lai et al., 2020; Feng and Boyd-Graber,
20191, we display explanations with inline-highlights, i.e., directly highlighting the explanation in the input
text, so the user need not go back and forth between input and the explanation. While there exist other
explanatory approaches, such as feature-importance visualization [Lundberg et al., 2018 10 01; Green and
Chen, 2019; Weerts et al., 2019; Narayanan e al., 2018]|] (more suitable for tabular data) or communicating
influential training examples [Yang ef al., 2020; [Koh and Liang, 2017] (more suitable for images), these
techniques are not ideal for text because they add an additional cognitive cost to mapping the explanation to
the respective text. Figure [2.2] shows one example beer review.

We also experimented with Law School Admission Test (LSAT) questionsﬂ because it is more challeng-
ing. In this task, every question contains four options with a unique correct answer (Figure 2.3)). Again,
answering LSAT questions requires no specialized knowledge except common-sense reasoning skills, such

as recognizing logical connections and conflicts between arguments [Yu ez al., 2020]. Because in this case

3https ://en.wikipedia.org/wiki/LawSchoolAdmissionTest
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it is unclear how inline-highlights could be used to communicate logical constructs (e.g., contradiction may
not be visible by highlighting the input alone), we turned to narrative explanations which justify a candidate

answer in natural language. We explain these in more detail in Section [2.4.2]

2.3.2 Pilot Study on Sentiment Classification

To iterate on the hypotheses and the associated explanation conditions for our main study (detailed later in
Section[2.4), we conducted a pilot study on one of our datasets (Beer). The between-subject pilot study asked
crowdworkers to judge the sentiment of 50 beer reviews with assistance from a logistic regression classifier
in three conditions, each condition with 50 workers. One condition only showed the model prediction and
confidence; the other two also included the following common explanation strategieﬂ

1. Explain-Top-1 explains just the predicted class by highlighting the most influential words for that
class.

2. Explain-Top-2 explains the top two predicted classes, and unlike Explain-Top-1, it also color codes
and highlights words for the other sentiment class.

The two strategies closely align with the design in prior work [Wang ef al., 2016; Lin et al., 2017,
Lai and Tan, 2019], and have been shown to be beneficial (Table [2.1). Explain-Top-2 also corresponds to
Wang et al.’s suggestion to mitigate heuristic biases by explaining “multiple outcomes” [Wang et al., 2019].
Observations We summarize our findings from the pilot study:

1. Contrary to many prior works, we observed no significant changes or improvements in aggregated

team accuracy by displaying either type of explanations.

2. That said, explaining just the predicted class (Explain-Top-1) performed better than explaining both
(Explain-Top-2).

3. We also observed that explanations increased reliance on recommendations even when they were in-
correct: explaining the predicted class slightly improved performance (compared to confidence only)
when the recommendation was correct but decreased performance when it was incorrect.

4. This effect was less pronounced in Explain-Top-2, presumably because it encouraged users to con-

sider alternatives and hence deterred over-reliance. In Figure[2.2] for example, if counter-argument

*the saliency scores were based on feature weights learned by the linear model [[Green and Chen, 2019} [Lai e al., 2020]|
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(d) was not highlighted, participants could easily stop reading at the highlighted first sentence and
overlook the negative ending.
5. Finally, participants indicated that they wanted higher quality explanations. Crowd-workers were
confused when explanations did not seem to correlate with model behavior.
Because we made similar observations in our main study, we defer detailed discussions and implications

of these observations to Section and Figure

2.3.3 Additional Explanation Strategies/Sources

Added Strategy: Adaptive Explanations. The pilot study indicated that Explain-Top-2 was more beneficial
than Explain-Top-1 when the classifier made mistakes, but not otherwise. Relying on the commonly seen
correlations between mistakes and low-confidence [Hendrycks and Gimpel, 2017], we developed a new dy-
namic strategy, adaptive explanation, that switches between Explain-Top-1 and Explain-Top-2 depending on
the AI’s confidence. This method explains the top-two classes only when the classifier confidence is below
a task- and model-specific threshold (described later in Section [2.4.2)), explaining only the top prediction
otherwise. Intuitively, it was inspired by an efficient assistant that divulges more information (confessing
doubts and arguing for alternatives) only when it is unsure about its recommendation. Adaptive explana-
tions can also be viewed as changing explanation according to context [Abowd et al., 1999|l. While we limit
the our context to the AI’s confidence, in general, one could rely on more features of the human-Al team,
such as the user, location, or time [Horvitz, 1999} [Lim et al., 2009].

Added Source: Expert-Generated Explanations. Users in our pilot study were confused when the
explanations did not make intuitive sense, perhaps due to either the quality of the underlying linear model-
based Al. While we test state-of-the-art models in the final study, we also added expert-generated ex-

planations to serve as an upper bound on explanation quality. We describe their annotation process in Sec-

tion2.4.21

2.4 Final Study

Based on our pilot studies, we formulated our final hypotheses and used them to inform our final condi-

tions and their interface (Section [2.4.1). We then tested these hypotheses for several tasks and Al systems
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(Section [2.4.2)) through crowdsourcing studies (Section [2.4.3)).

2.4.1 Hypotheses, Conditions, and Interface

We formulated the following hypotheses for sentiment analysis:

H1 Among current explanation strategies, explaining the predicted class will perform better than explain-

ing both classes.
H2 The better strategies, Explain-Top-1, will still perform similarly to simply showing confidence.

H3 Our proposed Adaptive explanations, which combines benefits of existing strategies, will improve

performance.

H4 Adaptive explanations would perform even better if Al could generate higher quality explanations.

Since generating Al explanations for LSAT was not feasible (Section 2.3.3), we slightly modified the
hypothesis for LSAT: we omitted the hypothesis on explanation quality (H4) and tested the first three hy-

potheses using expert- rather than Al-generated explanations.

Conditions For both domains, we ran two baseline conditions: unassisted users (Human), as well as a
simple Al assistance that shows the Al’s recommendation and confidence but no explanation (Team (Conf)).
We use this simple assistance because it serves as a stronger and broadly acknowledged baseline than the
alternative, i.e., displaying AI's recommendation without confidence. First, most ML models can generate
confidence scores that, in practice, correlate with the model’s true likelihood to err [Hendrycks and Gimpel,
2017]. Second, displaying uncertainty in predictions can help users can make more optimal decisions [Joslyn
and LeClerc, 2013 Dong and Hayes, 2012} Fernandes et al., 2018; Nadav-Greenberg and Joslyn, 2009;
Gkatzia et al., 2016 08]. Hence, we focus on evaluating whether the explanations provide additional value
when shown alongside confidence scores. In the rest of the paper, we indicate the explanation conditions
using the following template: Team (Strategy, Source). For example, Team (Explain-Top-1, Al) indicates

the condition that shows the AI’s explanations for the top prediction.
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@ Guidelines @ Test @ Task Instructions @ Task @ Survey
1, like others [N e e e R e, | thought it 0 Round: 1/50 #Correct Labels: 0

would show another side to how the Tate family dealt with t

he murder of thier daughter Sharon. | didn't have to read mu
ch to realize however that the book is was not going to be w
hat | expected.|t is full of added dialog and assumptions. It 0
makes it hard to tell where the truth ends and the embellish
ments begin. It reads more like fan fiction than a true accou
nt of this family's tragedy. | did enjoy looking at the early pic OMarvin is 62.7% confident about its suggestion.
tures of Sharon that | had never seen before but they were

hardly worth the price of the book. @

Is the sentiment of the review positive or negative? = Show Guidelines

Mostly Positive

Mostly Negative

62.7%
CONFIDENT

o
S

Figure 2.2: A screenshot of the Team (Adaptive, Expert) condition for the Amzbook reviews dataset.
Participants read the review (left pane) and used the buttons (right pane) to decide if the review was mostly
positive or negative. The right pane also shows progress and accuracy (a). To make a recommendation,
the Al (called “Marvin”) hovers above a button (b) and displays the confidence score under the button. In
this case, the Al incorrectly recommended that this review was positive, with confidence 62.7%. As part of
the explanation, the AI highlighted the most positive sentence (c) in the same color as the positive button.
Because confidence was low, the Al also highlights the most negative sentence (d) to provide a counter-
argument.

e Question 10f 20 vour accuracy (so far):0 / 20

(b)

John looks like a professional bodybuilder. He weighs 210 pounds and stands six
feet tall, which is the size of an NFL linebacker. John looks huge when he enters the
room. Years of gym time have clearly paid off in spades.

Which of the following, if true, weakens the argument?

D B
O [A] John prefers to work out in the morning.

| am 68.50% confident in answer D.

[B] The average professional bodybuilder is considerably heavier and taller
® than the average NFL linebacker. | am 31.50% confident in answer B.

(O [C] John weighed considerably less before he started working out. Reason for D: John's family doesn't work out and still locks like professional

bodybuilders. Years of gym time may not be the reason for John's size.
O [D] John's father, brothers, and male cousins all look like professional

bodybuilders, and none of them have ever worked out. 0 Reason for B: John may be the size of an NFL linebacker, but if this
statement is true, then John may not look like a professional bodybuilder.

Figure 2.3: A screenshot of Team (Adaptive, Expert) for LSAT. Similar to Figure the interface con-
tained a progress indicator (a), Al recommendation (b), and explanations for the top-2 predictions (c and d).
To discourage participants from blindly following the Al, all Al information is displayed on the right. In (b),
the confidence score is scaled so those for top-2 classes sum to 100%.

Interface Figure shows an example Ul for sentiment classification for Team (Adaptive, Al). In all
explanation conditions, explanations are displayed as inline highlights, with the background color aligned
with the positive/negative label buttons. The highlight varies by condition, e.g., Team (Adaptive, Al) has a
similar display to Figure 2.2} except that the AI picks multiple short phrases, instead of a full sentence. In
Team (Explain-Top-1, Al) the counter-argument (d) is always missing, and in Team (Conf) no explanations

are highlighted. Figure 2.3|shows a screenshot of the user interface for LSAT in the Team (Adaptive, Expert)
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condition.

2.4.2 Al Model, Study Samples and Explanations
Sentiment Classification

Training data. To prepare each dataset (Beer and Amzbook) for training classification models, we binarized
the target labels, split the dataset into training and test sets (80/20 split), removed class imbalance from the
train split by oversampling the minority class, and further split the training set to create a validation set.

AI Model. For each dataset, we fine-tuned a RoOBERTa-based [Liu et al., 2019]] text classifier from
AllenNLPE] on the training dataset and performed hyper-parameter selection on the validation set.

Task examples. For each domain, we selected 50 examples from the test set to create our study sample.
We first conducted additional pilot studies to establish the accuracy of unassisted users, which we observed
were 87% for Beer and 85% for Amzbookﬁ We then selected 50 unambiguous examples so that the Al’s
accuracy was 84% (i.e., comparable to human accuracy), with equal false positive and false negative rates.
The filtering was for keeping the task objective: If the ground-truth answer was unclear, one cannot compute
or compare the accuracy of decisions.

Explanations. To generate saliency explanations, we used LIME, which is a popular post hoc method [Ribeiro
et al., 2016]]. We chose this setup because the combination of ROBERTa and LIME was consistently ranked
the highest among the various systems we tried in an explainer comparison study with human judges (de-
tails in Appendix). Despite offering accurate predictions, ROBERTa generated poorly calibrated confidence
scores, a common issue with neural networks [Guo et al., 2017|], which we mitigated with post hoc calibra-
tion (isotonic regression [Barlow and Brunk, 1972]]) on the validation set.

In particular, for Adaptive explanation, we used the classifier’s median confidence as the threshold to
have an equal number of 25 examples displayed as Explain-Top-1 and Explain-Top-2, respectively. The
thresholds were 89.2% for Beer and 88.9% for Amzbook. We happened to explain 18 correctly predicted and
7 incorrectly predicted examples with Explain-Top-2 for both datasets (leaving 1 incorrect and 24 correct

cases with Explain-Top-1). While one might learn a better threshold from the data, we leave that to future

5https ://demo.allennlp.org/sentiment-analysis
® Again, each condition containing S0 crowd-workers. We estimated the human accuracy on all the three datasets with another
150 crowd-workers.
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work. As for expert-generated explanations, one author created expert explanations by selecting one short,

convincing text phrase span for each class (positive or negative).

LSAT

Al Model. We finetuned a RoBERTa modeﬂ on ReClor [Yu et al., 20201, a logic-reasoning dataset that
contains questions from standardized exams like the LSAT and GMAT

Task examples. We selected 20 examples from an LSAT prep book [Team, 2017]. We verified that our
questions were not easily searchable online and were not included in the training dataset. We selected fewer
LSAT questions than for sentiment analysis, because they are more time consuming to answer and could
fatigue participants: LSAT questions took around a minute to answer, compared to around 17 seconds for
Beer and Amzbook. The RoBERTa model achieved 65% accuracy on these examples, comparable to the
67% human accuracy that we observed in our pilot study.

Explanations. We found no automated method that could generate reasonable explanations (unsur-
prising, given that explanations rely on prior knowledge and complex reasoning); instead, we used expert
explanations exclusively, which is again based on the prep book. The book contains explanations for the cor-
rect answer, which one author condensed to a maximum of two sentences. Since the book did not provide
explanations for alternative choices, we created these by manually crafting a logical supporting argument
for each choice that adhered to the tone and level of conciseness of the other explanations. Experts only

generated explanations and did not determine the model predictions or its uncertainties.

2.4.3 Study Procedure

Sentiment Classification For the final study, participants went through the following steps: 1) A landing
page first explained the payment scheme; the classification task was presented (here, predicting the sentiment
of reviews); and they were shown dataset-specific examples. 2) To familiarize them with the task and verify
their understanding, a screening phase required the participant to correctly label four of six reviews [Liu
et al., 2016 06]]. Only participants who passed the gating test were allowed to proceed to the main task. 3)

The main task randomly assigned participants to one of our study conditions (Section [2.3.3)) and presented

"Based on the opensource implementation: https://github.com/yuweihao/recloxr)

8https ://en.wikipedia.org/wiki/GraduateManagementAdmissionTest
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condition-specific instructions, including the meaning and positioning of AI’s prediction, confidence, and
explanations. Participants then labeled all 50 study samples one-by-one. For a given dataset, all conditions
used the same ordering of examples. The participants received immediate feedback on their correctness
after each round of the task. 4) A post-task survey was administered, asking whether they found the model
assistance to be helpful, their rating of the usefulness of explanations in particular (if they were present),
and their strategy for using model assistance.

We recruited participants from Amazon’s Mechanical Turk, limiting the pool to subjects from within the
United States with a prior task approval rating of at least 97% and a minimum of 1,000 approved tasks. To
ensure data quality, we removed data from participants whose median labeling time was less than 2 seconds
or those who assigned the same label to all examples. In total, we recruited 566 (Beer) and 552 (Amzbook)
crowd workers, and in both datasets, 84% of participants passed the screening and post-filtering. Eventually,
we collected data from around 100 participants (ranging from 93 to 101 due to filtering) per condition.

Study participants received a base pay of $0.50 for participating, a performance-based bonus for the main
task, and a fixed bonus of $0.25 for completing the survey. Our performance-based bonus was a combination
of linear and step functions on accuracy: we gave $0.05 for every correct decision in addition to an extra
$0.50 if the total accuracy exceeded 90% or $1.00 if it exceeded 95%. The assigned additional bonuses were
intended to motivate workers to strive for performance in the complementary zone and improve over the
Al-only performance [Ho et al., 2015]]. Since we fixed the Al performance at 84%, humans could not obtain
the bonus by blindly following the AI’s recommendations. Participants spent 13 minutes on average on the

experiment and received an average payment of $3.35 (equivalent to an hourly wage of $15.77).

Modifications for LSAT For the LSAT dataset, we used a very similar procedure but used two screening
questions and required workers to answer both correctly. We used a stricter passing requirement to avoid
low-quality workers who might cheat, which we observed more for this task in our pilots. We again used
MTurk with the same filters as sentiment classification, and we post hoc removed data from participants
whose median response time was less than three seconds. 508 crowd workers participated in our study,
35% of whom passed the screening and completed the main task, resulting in a total of 100 participants per
condition.

Participants received a base pay of $0.50 for participating, a performance-based bonus of $0.30 for each
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correct answer in the main task, and a fixed bonus of $0.25 for completing an exit survey. They received
an additional bonus of $1.00, $2.00, and $3.00 for reaching an overall accuracy of 30%, 50%, and 85% to
motivate workers to answer more questions correctly and perform their best. The average completion time

for the LSAT task was 16 minutes, with an average payment of $6.30 (equals an hourly wage of $23.34).
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Figure 2.4: Team performance (with average accuracy and 95% confidence interval) achieved by differ-
ent explanation conditions and baselines for three datasets, with around 100 participants per condition. (A)
Across every dataset, all team conditions achieved complementary performance. However, we did not ob-
serve significant improvements from using explanations over simply showing confidence scores. (B) Split-
ting the analysis based on the correctness of Al accuracy, we saw that for Beer and LSAT, Explain-Top-1
explanations worsened performance when the Al was incorrect, the impact of Explain-Top-1 and Explain-
Top-2 explanations were correlated with the correctness of the AI’s recommendation, and Adaptive expla-
nations seemed to have the potential to improve Explain-Top-1 when the Al was incorrect, and to retain the
higher performance of Explain-Top-1 when the Al was correct.
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2.5 Results

2.5.1 Effect of Explanation on Team performance

Figure [2.4A shows the team performance (i.e., accuracy of final decision) for each domain and condition.

We tested the significance of our results using Student’s T-tests with Bonferroni correction.

The baseline team condition, Team (Conf), achieved complementary performance across tasks.
For Beer, providing Al recommendations and confidence to users increased their performance to (@ =
0.89 £ o0 = 0.05), surpassing both AI (0.84) and unassisted human accuracy (0.82 £ 0.09). Similarly,
Team (Conf) achieved complementary performance for Amzbook and LSAT, with relative gains of 2.2% and

20.1% over unassisted workers (Figure [2.4A).

We did not observe a significant difference between Explain-Top-1 and Explain-Top-2, or that [HI]|
was not supported. For example, in Figure[2.4]A of Beer, explaining the top prediction performed marginally
better than explaining the top-two predictions, but the difference was not significant (2=0.85, p=.40). The

same was true for Amzbook (2z=0.81, p=.42) and LSAT (2=0.42, p=.68).

We did not observe significant improvements over the confidence baseline by displaying explana-
tions. For example, for Beer, Team (Conf) and Team (Explain-Top-1, Al) achieved similar performance,
with the accuracy being 0.89 4 0.05 vs. 0.88 & 0.06 respectively; the difference was insignificant (z=-1.18,
p=.24). We observed the same pattern for Amzbook (2=1.23, p=.22) and LSAT (2=0.427, p=.64). As aresult,
we could not reject our hypothesis that Explain-Top-1 performs similar to simply showing confidence .
This result motivates the need to develop new Al systems and explanation methods that provide true value
to team performance by supplementing the model’s confidence, perhaps working in tandem with confidence

SCOres.

Though designed to alleviate the limitations of Explain-Top-1 and Explain-Top-2 in our experiments,
we did not observe improvements from using Adaptive explanations. For example, we did not observe
any significant differences between Team (Adaptive, Al) and Team (Conf) for Beer (2=-1.02, p=.31) or
Amzbook (2=1.08, p=.28). We did not observe significant differences between Team (Adaptive, Expert) and
Team (Conf) for LSAT (2=0.16, p=.87). More surprisingly, switching the source of Adaptive explanation to

expert-generated did not significantly improve sentiment analysis results. For example, in Figure 2.4A, the
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Figure 2.5: Relative agreement rates between humans and Al (i.e., does the final human decision match
the AD’s suggestion?) for various conditions, with examples split by whether AI’s confidence exceeded the
threshold used for Adaptive explanations. Across the three datasets, Adaptive explanations successfully
reduced the human’s tendency to blindly trust the Al (i.e., decreased agreement) when it was uncertain and
more likely to be incorrect. For example, comparing Team (Explain-Top-1, Al) and Team (Adaptive, Al)
on low confidence examples that did not pass the threshold (rectangles), participants in Explain-Top-2 (pink
rectangles) were less likely to agree with the Al compared to those who saw Explain-Top-1 (blue rectangles).

differences in performance between Team (Adaptive, Expert) and Team (Adaptive, Al) were insignificant:
Beer (z=1.31, p=.19) and Amzbook (2=-0.78, p=.43). As such, we could not reject the null hypotheses for
either [H3] or

While Adaptive explanation did not significantly improve team performance across domains, fur-
ther analysis may point a way forward by combining the strengths of Explain-Top-1 and Explain-Top-
2. Split the team performance by whether the AI made a mistake (Figure [2.4B), we observe that explaining
the top prediction lead to better accuracy when the Al recommendation was correct but worse when the Al
was incorrect, as in our pilot study. This is consistent with Psychology literature [Koehler, 1991]], which has
shown that human explanations cause listeners to agree even when the explanation is wrong, and recent stud-
ies that showed explanations can mislead data scientists into overtrusting ML models for deployment [Kaur
et al., 2020]. While these results were obtained by measuring user’s subjective ratings of trust, to the best of
our knowledge, our studies are the first to show this phenomenon for explanation and end-to-end decision

making with large-scale studies. As expected, in Beer, Adaptive explanations improved performance over
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Figure 2.6: The distribution of study examples as a function of average human accuracy. For each domain,
examples on the right were easy for most humans working alone. Both Beer and LSAT show a distribution
that shows potential for complementary team performance: humans can correct easy questions mistaken
by the Al (red bars towards the right), and, conversely, the Al may add value on examples where humans
frequently err (green bars towards the left). In contrast, Amzbook showed less potential for this kind of
human-AI synergy, with less “easy for human” questions (bars towards the left).

Explain-Top-1 when the Al was incorrect and improved performance over Explain-Top-2 when the Al was

correct, although the effect was smaller on other datasets.

While Figure[2.4B shows team performance, the promising effects of Adaptive explanations are clearer
if we study the agreement between Al predictions and human decisions (Figure[2.5). Adaptive explanations
seem to encourage participants to consider the Al more when it is confident and solve the task themselves
otherwise. Unfortunately, as our experiments show, the effect of using Adaptive did not seem sufficient to
increase the final team accuracy, possibly for two reasons: (1) in high confidence regions (circles in Fig-
ure[2.5), not only did workers have to agree more, but they also had to identify cases where the model failed
with very high confidence (unknown unknowns [Lakkaraju et al., 2017])). Identifying unknown unknowns
could have been a difficult and time-consuming task for workers, and they may have needed other types of
support that we did not provide. (2) In low confidence regions (rectangles), not only did workers have to
disagree more, but they also had to be able to solve the task correctly when they disagreed. Explain-Top-2
explanations might have enabled them to suspect the model more, but it is unclear if they helped participants
make the right decisions. This indicates that more sophisticated strategies are needed to support humans in
both situations. We discuss some potential strategies in Section [2.6.3]

Differences in expertise between human and Al affects whether (or how much) Al assistance will
help achieve complementary performance. To understand how differences in expertise between the human
and Al impact team performance, we computed the average accuracy of unassisted users on study examples

and overlaid the AI's expertise (whether the recommendation was correct) in Figure [2.6] The figure helps
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Figure 2.7: Analysis of participant responses to two statements: (A) “Al’s assistance (e.g., the information
it displayed) helped me solve the task”, and (B) “AI’s explanations in particular helped me solve the task.”
Across datasets, a majority of participants found Al assistant to be useful, and they rated all the conditions
similarly, with a slight preference towards Team (Adaptive, Expert). In contrast to AI’s overall usefulness,
fewer participants rated explanations as useful, particularly Explain-Top-2 explanations. Participants also
had a clearer preference for higher-quality (expert) Adaptive explanations.
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explain why users benefited more from Al recommendations for both Beer and LSAT datasets. There was a
significant fraction of examples that the Al predicted correctly but humans struggled with (green bars to the
left), while the same was not true for Amzbook (where Al recommendations did not help as much). Further,
when the Al was incorrect, explaining predictions on Amzbook via Explain-Top-1 improved the performance
by 5% over showing confidence (Figure 2.4B), but it decreased the performance for Beer and LSAT. One
possible explanation is that most Al mistakes were predicted correctly by most humans on Amzbook (red
bars were mostly towards the right). After observing clear model mistakes, participants may have learned
to rely on them less, despite the convincing-effect of explanation. Participants’ self-reported collaboration
approaches supported our guess — Amzbook participants reportedly ignored the AI’s assistance the most
(Section[2.5.3)). That said, other confounding effects such as the nature of the task (e.g., binary classification

vs. choosing between multiple options) should also be studied.

2.5.2 Survey Responses on Likert Scale Questions

Two of the questions in our post-task survey requested categorical ratings of Al and explanation usefulnessﬂ

AT usefulness: While participants generally rated Al assistance useful (Figure[2.7]A), the improvements
in ratings between most explanations and simply showing confidence were marginal. The difference was
more clear for high-quality adaptive explanations; for Beer, 70% of the participants rated Al assistance
useful with Team (Adaptive, Expert) in contrast to 57% with Team (Conf). We observed a similar pattern on
Amzbook (65% vs. 49%) and LSAT (63% vs. 45%), though on LSAT, Team (Explain-Top-2, Expert) received
slightly higher ratings than Team (Adaptive, Expert) (66% vs. 63%).

Explanation usefulness: Figure[2.7B shows that participants’ ratings for the usefulness of explanations
were lower than the overall usefulness of Al’s assistance (in A). Again, expert-generated Adaptive explana-
tions received higher ratings than Al-generated ones for Beer (53% vs. 38%) vs. Amzbook (50% vs. 40%).
This could indicate that showing higher quality explanations improves users’ perceived helpfulness of the
system. However, it is worth noting that this increased preference did not translate to an improvement in
team performance, which is consistent with observations made by Buginca et al. [Bucinca et al., 2020 that

show that people may prefer one explanation but make better decisions with another.

?Since we did not pre-register hypotheses for the subjective ratings and only analyzed them post-hoc, we do not perform/claim
statistical significant analysis on these metrics.
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Codes

Definitions and Examples

#Participants

Overall Collaboration Approach (codes are mutually exclusive)

Mostly Follow  The participant mostly followed the Al 23 (6%)
AT “I went with Marvin most times.”
AI as Prior Used Al as a starting reference point. 190 (47%)
Guide “I looked at his prediction and then I read the pas-
sage.”
AT as Post Double-checked after they made their own decisions. 102 (25%)
Check “I ignored it until I made my decision and then veri-
fied what it said.”
Mostly Ignore Mostly made their own decisions without the Al. 90 (22%)
AT “I didn’t. I figured out the paragraph for myself.”
The Usage of Explanation (codes can overlap)
Used Expl. Explicitly acknowledged they used the explanation. 138 (42%)
“I skimmed his highlighted words.”
Speed Read Used explanations to quickly skim through the exam- 29 (9%)
ple.
“I looked at Marvin’s review initially then speed read
the review. ”
Validate AI Used the explanation to validate Al’s reasoning. 17 (5%)
“Marvin focuses on the wrong points at times. This
made me
cautious when taking Marvin’s advice.”
The Usage of Confidence (codes can overlap)
Used Conf. Explicitly acknowledged they used the confidence. 90 (22%)
“I mostly relied on Marvin’s confident levels to guide
me.”
Conf. Was more likely to accept Al above the threshold. 24 (6%)
Threshold “If Marvin was above 85% confidence, I took his word
forit.”
Others (codes can overlap)
Fall Back to Followed the AD’s label if they failed to decide. 54 (13%)
AT “l used it if I was unsure of my own decision.”
Updated Changed their strategy as they interacted more. 12 2%)
Strategy “I decided myself after seeing that sometimes Marvin

$3}

failed me.

Table 2.3: The codebook for participants’ descriptions of how they used the Al, with the number of self-

reports.
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2.5.3 Qualitative Analysis on Collaboration

To better understand how users collaborated with the Al in different tasks, we coded their response to the
prompt: “Describe how you used the information Marvin (the Al) provided.” Two annotators independently
read a subset of the responses to identify emergent codes and, using a discussion period, created a codebook
(Table [2.3). Using this codebook, for each team condition and dataset, they coded a sample of 30 random
worker responses: 28 were unique and 2 overlapped between annotators, allowing us to compute inter-
annotator agreement. Our final analysis used 409 unique responses after removing 11 responses deemed
to be of poor quality (Table [2.3)). We scored the inter-annotator agreement with both the Cohen’s x and
the raw overlap between the coding. We achieved reasonably high agreements, with an average u(k) =
0.71,0(k) = 0.18 (the average agreement was 93% =+ 6.5%). We noticed the following, which echo the

performance differences observed across datasets:

Most participants used the AI’s recommendation as a prior or to double-check their answers. For
all datasets, more than 70% of the participants mentioned they would partially take AI’s recommendation
into consideration rather than blindly following Al or fully ignoring it (Figure[2.8)). Participants used the Al
as a prior guide more than as a post-check for sentiment analysis, but not for LSAT, which aligns with our
interface design: for LSAT, Al recommendations were on a separate pane, encouraging users to solve the
task on their own before consulting the Al

Participants ignored the AI more on domains where Al expertise did not supplement their ex-
pertise. Figure shows that while only 11% of LSAT participants claimed that they mostly ignored the
Al, the ratio doubled (Beer, 23%) or even tripled (Amzbook, 30%) for sentiment analysis. As discussed in
Figure [2.6] this may be due to correlation differences between human and Al errors for different datasets:
Amzbook participants were less likely to see cases where Al was more correct than they were, and therefore
they may have learned to rely less on it. For example, one participant in Amzbook mentioned, “I had initially
tried to take Marvin’s advice into account for a few rounds, and stopped after I got 2 incorrect answers.
After that I read all of the reviews carefully and followed my own discretion.”

In contrast, a Beer participant relied more on the Al once realizing it could be correct: “At first I tried
reading the passages and making my own judgments, but then I got several items wrong. After that, I just

switched to going with Marvin’s recommendation every time.”
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Figure 2.8: Instead of ignoring or strictly following the Al, participants reported taking the Al information
into consideration most of the time. They most frequently used Al as a prior guide in sentiment analysis,
but used it as post-check in LSAT. They were also more likely to ignore the Al in sentiment analysis than in
LSAT.
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Figure 2.9: Comparing the occurrence of Used Conf. in just the confidence condition and in those with
explanations, we saw a similar proportion of users that explicitly acknowledged using confidence, regardless
of whether they saw an explanation.

In addition to the user’s collaboration behavior, these differences between domains may have affected
our quantitative observations of team performance. For example, a small difference between human and Al
expertise (distribution of errors) means that the improvement in performance when the Al is correct would
be less substantial. In fact, in Figure 2.4B, if we compare the team performance when the Al is correct, the

difference between team conditions and the human baseline is least substantial for Amzbook.

Some participants developed mental models of the AI’s confidence score to determine when to trust
the AI. Among participants who mentioned they used confidence scores (90 in total), 27% reported using an
explicit confidence threshold, below which they were likely to distrust the Al. The threshold mostly varied
between 80 to 100 (83 & 8 for Beer, 89 & 7 for Amzbook, and 90 + 0 for LSAT) but could go as low as 65,
indicating that users built different mental models about when they considered Al to be “trustworthy.” While

this observation empirically shows that end-users develop mental model of trust in Al-assisted decision

making [Bansal ef al., 2019all, it more importantly shows how the AI’s confidence is a simple, yet salient

feature via which users create a mental model of the AI’s global behavior [Gero er al., 2020]]. Note that across

all three domains, the same proportion of participants self-reported using AI’s confidence scores regardless
of whether they saw explanations (Figure [2.9).

Furthermore, some participants consigned the task to AI when they were themselves uncertain. For
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example, 13% participants mentioned that they would go with the AI’s decision if they were on the fence
by themselves: “There were some that I could go either way on, and I went with what Marvin suggested.”
These user behaviors are similar to observations in psychology literature on Truth-Default Theory [Levine,
2014], which shows that people exhibit fruth-default behavior: by default, people are biased to assume that
the speaker is being truthful, especially when friggers that raise suspicion are absent. Furthermore, our
participants’ distrust in low-confidence recommendations is also consistent with examples of triggers that
cause people to abandon the truth-default behavior.

Explanations can help participants validate the AI’s decisions, and the inline-highlight format
helped participants speed up their decision making. Among the participants who explicitly mentioned
using explanations, 27% in Beer and 32% in Amzbook reported that they used them to read the review
text faster. Since LSAT explanations required reading additional text, we did not expect LSAT users to find
this benefit. Interestingly, for Beer and Amzbook, while a small percentage of users (17%) reported using
the explanations to validate the AI’s decisions (see Figure [2.3)), only 2% did so in LSAT. This could be
because LSAT is a harder task than sentiment analysis, and verifying AI’s explanations is costlier. Other
participants mostly mentioned that they would supplement their own reasoning with the AI's: “I read the

Marvin rationale and weighed it against my intuition and understanding.”

2.6 Discussion & Future Directions

Though conducted in a limited scope, our findings should help guide future work on explanations and other

mechanisms for improving decision making with human-AlI teams.

2.6.1 Limitations

As mentioned in Section[2.2] AI explanations have other motivations not addressed by this paper. Our work,
as well as the papers listed in Table evaluated team performance along one dimension: accuracy of
decisions. We did not explore the benefits on other metrics (e.g.increasing speed as reported by some users in
Section[2.5.2)), but in general, one may wish to achieve complementary performance on a multi-dimensional
metric. In fact, research shows that large collaborative communities like Wikipedia require Al systems that

balance multiple aspects, e.g., reducing human effort, improving trust and positive engagement [Smith ez
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al., 2020]]. We encourage future research to extend the definition of complementarity, and to evaluate the
impact of explanations on those dimensions accordingly.

Further, we restricted ourselves to tasks amenable to crowdsourcing (text classification and question
answering), so our results may not generalize to high-stakes domains with expert users such as medical
diagnosis. We also note that the effectiveness of explanations may depend on user expertise, a factor that we
did not explore. Investigating this in our framework would either require recruiting lay and expert users for
the same task [Feng and Boyd-Graber, 2019] or utilizing a within-subject experimental design to measure
user expertise.

Finally, we only explored two possible ways to present explanations (highlighting keywords and natural
language arguments). While these methods are widely adopted [Wang ef al., 2016} Lin et al., 2017;|Lai and

Tan, 2019], alternative approaches may provide more benefit to team performance.

2.6.2 Explaining Al for Appropriate Reliance

One concerning observation was that explanations increased blind trust rather than appropriate reliance
on Al This is problematic especially in domains where humans are required in the loop for moral or le-
gal reasons (e.g., medical diagnosis) and suppose the presence of explanations simply soothes the experts
(e.g., doctors), making them more compliant so they blindly (or become more likely to) agree with the
computer. Encouraging human-Al interactions like these seems deeply unsatisfactory and ethically fraught.
Importantly, while prior works also observed instances of inappropriate reliance on Al [Wang et al., 2019;
Croskerry, 2009; Kaur et al., 2020; Mitchell et al., 2019], our studies quantified its effect on team perfor-
mance. Since the nature of the proxy tasks can significantly change the human behavior, they can lead to
potential misleading conclusions [Buginca et al., 2020]. The emphasis of the complementary team perfor-
mance in end-to-end tasks can objectively evaluate the extent of such issues or about the effectiveness of a
solution.

Our Adaptive Explanation aims to encourage the human to think more carefully when the system had a
low confidence. While the relative agreement rates showed that the Explain-Top-2 explanation might cue the
humans to suspect the model’s veracity (Figure [2.5), the method was not sufficient to significantly increase

the final team accuracy (Figure [2.4). This is perhaps because users still have to identify high-confidence
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mistakes (unknown-unknowns) and solve the task when the Al is uncertain (Section [2.5.1)). A followup

question is, then, what kind of interactions would help humans perform correctly when the Al is incorrect?

Explanations should be informative, instead of just convincing. Our current expert explanations did
not help any more than the Al explanations, which may indicate that having the ML produce the maximally
convincing explanation — a common objective shared in the design of many Al explanation algorithms
— might be a poor choice for complementary performance [Bucinca et al., 2020]. A more ideal goal is
explanations that accurately inform the user — such that the user can quickly gauge through the explanation
when the AI’s reasoning is correct and when it should raise suspicion. A successful example of this was seen
with Generalized Additive Models (GAMs) for healthcare, where its global explanations helped medical
experts suspect that the model had learned incorrect, spurious correlations (e.g.a history of asthma reduces
the risk of dying from pneumonia [Caruana et al., 2015|]). We hope future research can produce explanations
that better enable the human to effectively catch AI’s mistakes, rather than finding plausible justifications

when it erred.

High complementary performance may require adapting beyond confidence. Since approaches based
on confidence scores make it difficult to spot unknown-unknowns, instead it may be worthwhile to design
explanation strategies that adapt based on the frequency of agreement between the human and Al. For ex-
ample, instead of explaining why it believes an answer to be true, the AI might play a devil’s advocate role,
explaining its doubts — even when it agrees with the human. The doubts can even be expressed in an in-
teractive fashion (as a back and forth conversation) than a set of static justifications, so to avoid cognitive
overload. For example, even if the system agrees with the user, the system can present a high-level summary
of evidence for top-K alternatives and let the user drill down, i.e., ask the system for more detailed evidence

for the subset of alternatives that they now think are worth investigating.

2.6.3 Rethinking AI’s Role in Human-AI Teams

Comparable accuracy does not guarantee complementary partners. Rather, in an ideal team, the hu-
man and Al would have minimally overlapping mistakes so that there is a greater opportunity to correct each

other’s mistakes. In one of our experiment domains (Amzbook), Al errors correlated much more strongly
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with humans’ than in others, and thus we saw relatively smaller gains in performance from Al assistance
(Figure . As recent work has suggested [Wilder er al., 2020 07; Madras et al., 2018; Mozannar and
Sontag, 2020; Bansal et al., 2021al, it may be useful to directly optimize for complementary behavior by
accounting for the human behavior during training, who may have access to a different set of features [Varsh-
ney et al., 2018].

Furthermore, the human and Al could maximize their talents in different dimensions. For example, for
grading exams, Al could use its computation power to quickly gather statistics and highlight commonly
missed corner cases, whereas the human teacher could focus on ranking the intelligence of the student
proposed algorithms [Glassman et al., 2015]. Similarly, to maximize human performance at Quiz Bowl,
Feng and Graber [Feng and Boyd-Graber, 2019] designed interaction so that the Al memorized and quickly
retrieved documents relevant to a question, a talent which humans lacked because of cognitive limitations;
however, they left the task of combining found evidence and logical reasoning to human partners. Future

research should explore other ways to increase synergy.

The timing of AI recommendations is important. Besides the types of explanations, it is also important
to carefully design when the Al provides its viewpoint. All of our methods used a workflow that showed
the AD’s prediction (and its explanation) to the human, before they attempted to solve the problem on their
own. However, by presenting an answer and accompanying justification upfront, and perhaps overlaid right
onto the instance, our design makes it almost impossible for the human to reason independently, ignoring
the AI’s opinion while considering the task. This approach risks invoking the anchor effect, studied in
Psychology [Englich et al., 2006|] and introduced to the AI explanation field by Wang et al. [Wang et al.,
2019] — people rely heavily on the first information that is presented by others when making decisions.
This effect was reflected in an increase in the use of the “AT as Prior Guide” collaboration approach
in the sentiment analysis domain, compared to LSAT (Figure [2.§).

Alternate approaches that present Al recommendations in an asynchronous fashion might increase in-
dependence and improve accuracy. For example, pairing humans with slower Als (that wait or take more
time to make recommendation) may provide humans with a better chance to reflect on their own deci-
sions [Park et al., 2019]]. Methods that embody recommendations from management science for avoiding

group-think [Macleod, 2011]] might also be effective, e.g., showing the AI’s prediction after the human’s
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initial answer or only having the Al present an explanation if it disagreed with the human’s choice. We note
that these approaches correspond to the Update and Feedback methods of Green & Chen [Green and Chen,
2019ll, which were effective, albeit not in the complementary zone. Another approach is to limit the AI’s
capabilities. For example, one might design the Al to summarize the best evidence for all possible options,
without giving hard predictions, by training evidence agents [Perez et al., 2019 11]. However, by delaying
display of the AI’s recommendation until after the human has solved the task independently or restricting
to only per class evidences, one may preclude improvement to the speed of problem solving, which often
correlates to the cost of performing the task.

As a result, there is a strong tension between the competing objectives of speed, accuracy, and inde-
pendence; We encourage the field to design and conduct experiments and explore different architectures for

balancing these factors.

2.7 Conclusions

Previous work has shown that the accuracy of a human-Al team can be improved when the Al explains its
suggestions, but these results are only obtained in situations where the Al, operating independently, is better
than either the human or the best human-Al team. We ask if Al explanations help achieve complementary
team performance, i.e.whether the team is more accurate than either the Al or human acting independently.
We conducted large-scale experiments with more than 1,500 participants. Importantly, we selected our study
questions to ensure that our Al systems had accuracy comparable to humans and increased the opportunity
for seeing complementary performance. While all human-Al teams showed complementarity, none of the
explanation conditions produced an accuracy significantly higher than the simple baseline of showing the
Al’s confidence — in contrast to prior work. Explanations increased team performance when the system
was correct, but they decreased the accuracy on examples when the system was wrong, making the net
improvement minimal.

By highlighting critical challenges, we hope this paper will serve as a “Call to action” for the HCI and
Al communities: and AI communities. In future work, characterize when human-AlI collaboration can be
beneficial (i.e., when both parties complement each other), developing explanation approaches and coordi-

nation strategies that result in a complementary team performance that exceeds what can be produced by
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simply showing AI’s confidence, and communicate explanations to increase understanding rather than just
to persuade. At the highest level, we hope researchers can develop new interaction methods that increase

complementary performance beyond having an Al telegraph its confidence.
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Chapter 3

Role of Mental Models in Human-AI Teams

Decisions made by human-AlI teams (e.g., Al-advised humans) are increasingly common in high-stakes do-
mains such as healthcare, criminal justice, and finance. Achieving high feam performance depends on more
than just the accuracy of the Al system: Since the human and the Al may have different expertise, the high-
est team performance is often reached when they both know how and when to complement one another. We
focus on a factor that is crucial to supporting such complementary: the human’s mental model of the Al
capabilities, specifically the Al system’s error boundary (i.e. knowing “When does the Al err?”’). Awareness
of this lets the human decide when to accept or override the AI’s recommendation. We highlight two key
properties of an AI’s error boundary, parsimony and stochasticity, and a property of the task, dimensional-
ity. We show experimentally how these properties affect humans’ mental models of Al capabilities and the
resulting team performance. We connect our evaluations to related work and propose goals, beyond accu-
racy, that merit consideration during model selection and optimization to improve overall human-Al team

performance.

3.1 Introduction

In Chapter 2, we concluded that there is very sparse evidence that existing Al explanations help improve
performance into the complementary performance zone. This lack of appropriate reliance indicates that there
exists a mismatch between the actual error boundary of Al (i.e., regions where it errs) and its mental model

that users create (e.g., through explanations).
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In settings where the human is tasked with deciding when and how to make use of the Al system’s rec-
ommendation, extracting benefits from the collaboration requires the human to build insights (i.e., a mental
model) about multiple aspects of the capabilities of Al systems. A fundamental attribute is recognition of
whether the Al system will succeed or fail for a particular input or set of inputs (Maxim 1). For situations
where the human uses the AI’s output to make decisions, this mental model of the AI’s error boundary—
which describes the regions where it is correct versus incorrect—enables the human to predict when the Al
will err and decide when to override the automated inference.

ML model

Readmission Prediction
Classifier

Input Decision Maker
Patient X X X _ Doctor Should the patient
R Recommendation . .
0 A Decision be placed in a

Yes / No ' special outpatient
A )

program?

Blood Pressure

Figure 3.1: Al-advised human decision making for readmission prediction: The doctor makes final decisions
using the classifier’s recommendations. Check marks denote cases where the Al system renders a correct
prediction, and crosses denote instances where the Al inference is erroneous. The solid line represents the
Al error boundary, while the dashed line shows a potential human mental model of the error boundary.

We focus here on Al-advised human decision making, a simple but widespread form of human-AlI team,
for example, in domains like medical diagnosis, candidate screening for hiring, and loan approvals. Fig-
ure illustrates an example of Al-advised human decision making for healthcare [Wiens et al., 2016;
Caruana et al., 2015]. A doctor, using advice from a binary classifier, must decide whether to place a patient
in a special (but costly) outpatient program. For a given input, the Al first recommends an action and the
human then decides whether to trust or override it to make a final decision. This kind of human-AlI collab-
oration is one formulation of teaming, where there is a binary trust model where the human either trusts or
distrusts (and discards) the output of the Al system’s influences. We consider the binary trust model instead
of situations where the output of the Al system can have varying influence on human decision makers. Team
performance in Al-advised human decision making depends on how well the human understands the AI’s

error boundary. A mismatch between the human’s mental model and the true error boundary can lead to
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sub-optimal decisions, such as: (1) the human may trust the AI when it makes an erroneous recommenda-
tion, (2) the human may not trust the Al when it makes a correct recommendation. These decision can lower
productivity and/or accuracy.

We define properties of an AI’s error boundary that affect human’s ability to form an accurate mental
model, such as parsimony and non-stochasticity. Intuitively, an error boundary is parsimonious if it is simple
to represent. For example, an error boundary that can be described via a minimal number of features or
conjunctive expressions on those features is considered to be parsimonious. A non-stochastic error boundary
can be modeled with a small set of features that reliably and cleanly distinguishes successes from errors
without uncertainty. Another factor that relates to a humans’ ability to create a mental model of the error
boundary is the task dimensionality, which we characterize by the number of features defining each instance.

We investigate the effect of these properties by conducting controlled user studies using CAJA, which
is an open-source and configurable platform that implements an abstract version of Al-advised human de-
cision making [Bansal et al., 2019b]l. Our results demonstrate that parsimony and non-stochasticity of error
boundaries improve people’s ability to create a mental model. Moreover, the experiments characterize traits
of how people create and update mental models over time, highlighting the need for potential guidance in
this process. Given the importance of mental models for the ultimate goal of team performance, this work
advocates for increased attention to properties necessary for effective human-centered AI. We make the

following contributions:

3.1 We highlight an under-explored but significant research challenge at the intersection of Al and human
computation research—the role of humans’ mental models in team performance in Al-advised human

decision making.

3.2 We identify two attributes of Al systems, parsimony and non-stochasticity of error boundaries, that
may help humans learn better mental models of Al competence and therefore improve team perfor-

mance.

3.3 Using an open-source, game-centric platform, we show that humans’ mental models of Al compe-
tence are a critical component of achieving high team performance, provide insights into how humans

build mental models in different settings, and demonstrate the desirability of parsimonious and non-
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stochastic error boundaries.

3.4 We integrate these results with those of previous work to create a new set of guidelines to help devel-

opers maximize the team performance of human-centered Al systems that provide advice to people.

In Section [3.2] we formally define various concepts: Al-advised human decision making, error bound-
aries of Al, and mental models of error boundaries. In Section [3.3] we formulate desirable properties of
error boundaries. In Section [3.4] we study their effect on mental models. We conclude with a discussion of

recommendations for developing more human-centered ML.

3.2 Background

3.2.1 Al-advised human decision making

Following |Bansal et al.|(2019), we focus on a simple form of human-Al teamwork that is common in many
real-world settings, such as a 30-day readmission classifier supporting a doctor [Bayati et al., 2014 10] or a
recidivism predictor supporting judges in courts [Angwin et al., 2016]. We refer to situations where an Al
system provides a recommendation but the human makes the final decision as Al-advised human decision

making (Figure [3.T). The team solves a sequence of tasks, repeating the following cycle for each time, ¢.
S1: The environment provides an input, x.

S2: The Al (possibly mistaken) suggests an action, h(z?).

S3: Based on this input, the human makes a decision, ut.

S4: The environment returns a reward, *, which is a function of the user’s action, the (hidden) best action,

and other costs of the human’s decision (e.g., time taken).

The reward feedback in S4 lets the human learn when to trust the Al’'s recommendation. The cumulative
reward R over T' cycles is the team’s performance. Throughout this paper, we will assume that the Al
system is a machine learning (ML) classifier that maps an input = € X to an action y from the set of actions

Y.
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3.2.2 Error boundaries of ML models

The error boundary of model A is a function f that describes for each input 2 whether model output h(x)
is the correct action for that input: f : (x,h(x)) — {7, F'}. In other words, the error boundary defines
the instances for which the model is correct. Note that this is not to be confused with the model’s decision
boundary, which outputs model predictions. The success of teamwork hinges on the human’s recognizing
whether to trust the AI model, making error boundaries a critical component of Al-advised human deci-
sion making. In fact, appropriate trust in automation is a topic that has received early attention [Lee and
See, 2004] as determinant factor for designing systems that require people to manage and intervene during

imperfect automation.

3.2.3 Human mental models of error boundaries

People create mental models for any system they interact with [Norman, 1988], including Al agents [Kulesza
et al., 2012]. In Al-advised human decision making, a simple definition for such a model would be m : 2’ —
{T, F'}, indicating which inputs the human trusts the Al to solve correctly. Here, 2" indicates the features
that are available to the human. A more complex model might compute a probability and include additional
arguments, such as the AI’s output and its confidence. Further, there may exist a representation mismatch—
the human may create a mental model in terms of features that are not identical to the ones used by the ML
model. In fact, in real-world deployments, different team members may have access to different features.
For example, a doctor may know information about a patient that is missing from electronic health records
(e.g., patient’s compliance with taking medications), while an Al system may have access to the most recent
results and trends in physiological state. However, mental models can be challenging to develop. Even when
working within the same feature space, they may not be perfect because users develop them through a limited
number of interactions, and humans have memory and computation limitations. To illustrate, the solid line
in Figure 3.1 represents the Al error boundary, while the dashed line shows a possible human mental model

of the error boundary.
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3.3 Characterizing AI Error Boundaries

We now define properties that may influence peoples’ ability to create a mental model of an AI’s error
boundary. The first two are the properties of the error boundary itself, while the third is a property of the

task.

3.3.1 Parsimony

The parsimony of an error boundary f is inversely related to it representational complexity. For example,
in Figure [3.1] parsimony corresponds to the geometric complexity of the error boundary (solid line). For
Al error boundaries formulated in mathematical logic using disjunctive normal form, complexity depends
on the number of conjuncts and literals in f. For example, a hypothetical model may yield incorrect rec-
ommendations for older patients with high blood pressure or younger patients with low blood pressure. In
this case, the error boundary f would be expressed as {(age = 01d A bloodPressure = high) V (age =
young AbloodPressure = 1ow)}, which has two conjunctions with two literals each. This error boundary
is more complex and less parsimonious than one that instead uses only one conjunction and two literals.

In reality, an error boundary f may belong to any arbitrary function class. In this work, we choose to
express f as a disjunction of conjunctions, where literals are pairs of features and values, so that in our
controlled experiments we can vary the complexity of the error boundary and measure how it affects the
accuracy of humans modeling the true error boundary. Any other choice of f would make it harder to do

such a comparison and would make additional assumptions about the human representation.

3.3.2 Stochasticity

An error boundary f is non-stochastic if it separates all mistakes from correct predictions. For example,
suppose that for the application in Figure the error boundary f; : {age = young A blood pressure =
low} is non-stochastic; this means that the readmission classifier always errs for young patients with low
blood pressure and is always correct for other patients. In contrast, consider another boundary, fo, that
separates only 90% of the inputs that satisfy f;. That is, the model will now be correct for 10% of the young

patients with low blood pressure, making f> a more stochastic error boundary than f;.
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In practice, an error boundary of a given model might be stochastic for three different reasons: general-
ization, representation mismatch between the Al and human, and inherent stochasticity in the outcome being
predicted. Generalization may avoid overfitting by sacrificing instances close to the decision boundary for
the sake of using a less complex, and hence more parsimonious, model (e.g. a polynomial of a lower de-
gree). However, this may lead to a more stochastic error boundaries. Representation mismatch, for example,
may result in a case where many instances that differ for the model appear equal to the human, who cannot
understand why the model occasionally fails or succeeds. Finally, the learning model itself might also not
be able to completely model the real-world phenomenon due to missing features or imperfect understanding
of feature interactions.

In addition to the properties of the error boundary, the dimensionality of the task itself may affect the

human’s discoverability of the error boundary.

3.3.3 Task dimensionality

We quantify task dimensionality using the number of features defining each instance. With larger numbers of
defining features, the search space of all possible error boundaries increases, which may affect how humans
create mental models about error boundaries. In practice, using a larger number of features may improve Al

accuracy but adversely affect mental models and thus team performance.

‘: $0.40

Is this object defective?
Features in the
object:
Feature Value

color blue

shape circle

size small

USE
COMPUTE
MARVIN

Figure 3.2: For each object, a subject can either choose to use Marvin’s recommendation or perform the
task independently.
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Marvin Correct | Marvin Wrong
Accept $0.04 -$0.16
Compute 0 0

Table 3.1: Payoff matrix for the studies. As in high-stakes decisions, workers get 4 cents if they accept
Marvin when it is correct, and lose 16 cents if they accept Marvin when wrong.

3.4 Experiments

3.4.1 Setup

We now present user studies we performed to build insights about the factors that may affect peoples’
abilities to create a mental model of the Al. The studies were conducted using CAJA, an open-source,
game-like platform that mimics Al-advised human decision making [Bansal et al., 2019b]. CAJA is set
up in an assembly line scenario, where the task of human subjects is to decide whether or not the objects
going over the pipeline are defective (Figure[3.2). To decide on these labels, for each instance, subjects take
a recommendation from an Al system called Marvin and, based on their mental model of Marvin, decide
whether they should accept the Al recommendation or override it by clicking the compute button. After
submitting a choice, the human receives feedback and monetary reward based on her final decision. Table[3.1]
shows the payoff scheme used across these experiments, which aims to simulate high-stake decision making
(i.e., the penalty for an incorrect action is much higher than the reward for a correct one). In this game,
subjects are not supposed to learn how to solve the task. In fact, the decision boundary is generated randomly
and the only way for a participant to earn a high score is by learning the error boundary and relying on the
Compute button to acquire the right prediction if Marvin is not to be trusted. This abstracts away human

expertise in problem solving so the focus remains on the ability to learn the error boundary.

The CAJA platform enables control over many parameters relevant to Al-advised human decision mak-
ing: task dimensionality, Al performance, length of interaction, parsimony and stochasticity of the error
boundary, cost of mistakes, etc. In the human studies, we systematically vary these parameters and measure
team performance to study the factors that affect humans’ ability in developing mental models. Note that
game parameters also distinguish between features that the machine reasons about and those that the human
has access to. More specifically, the platform currently allows configurations where machine-visible features

are a superset of human-visible ones, which is also the type of configuration we use in the next experiments.
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Figure 3.3: With more rounds of interaction, users perform closer to the optimal policy— the regret decreases
and converges to zero for most users. Blue indicates the rounds when the Al system (Marvin) is correct and
red indicates rounds when the AI makes an error. As mistakes are more costly (Table [3.1), in the beginning
and when Marvin makes a mistake the difference between the optimal reward and reward earned by average
worker is higher because the users have an incorrect mental model and fail to override the Al

All studies were conducted on Amazon Mechanical Turk. For every condition we hired 25 workers and
on average workers were paid an hourly wage of $20. To remove spam, we removed observations from

workers whose performance was in the bottom quartile. We explain results in a question and answer format.

3.4.2 Results

Q1: Do people create mental models of the error boundary? How do mental models evolve with interaction?

We visualize action logs collected by CAJA to understand the evolution of mental models with more
rounds of interaction. Figure [3.3] shows the average simple regret (i.e., difference between the optimal and
observed reward) of workers’ actions over time (i.e., rounds). The optimal policy is an oracle with access to
Marvin’s true error boundary that can thus always correctly choose when to trust Marvin. We observe that
the simple regret decreases with more interactions, indicating that, on average, workers gradually learn the
correct mental model and perform closer to the optimal policy.

Figure [3.4] shows the evolution of the mental model for one particular worker when Marvin’s true error
boundary is non-stochastic, uses one conjunction and two literals, and task dimensionality is three, i.e., three
features describe the problem space visible to the human. In the beginning, the worker makes more mistakes

(more red crosses) because the mental model thus far is only partially correct. Eventually, the worker learns
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Figure 3.4: A visualization of a worker’s behavior that shows how their mental model is refined with con-
tinuing interaction. Here, the score indicates the cumulative reward, and Marvin makes mistakes whenever
the object is a small circle. Red markers indicate such rounds. Cross markers indicate if the worker’s final
decision was wrong. Hence, red crosses indicate a false accept (e.g., (a), (c), and (e)) and result in large
negative reward. On the other hand, blue checks indicate a successful accept and result in a positive reward.
Blue crosses indicate a false override and red checks indicate a true override. The figure contains a lot more
crosses before round 45 than after. This indicates that the worker makes most of the wrong decisions in
the first half of the interaction but eventually learns to act optimally. Annotations 1-5 describe the different
stages of the worker’s mental model. For example, by (1) the worker learns to override small red circles
presumably because she learned from a previous wrong decision (a). However, since this mental model is
only partially correct, in subsequent rounds (c, e, f) the worker makes wrong decisions for small blue circles.
This causes surprise and confusion at first, but she eventually learns to override small blue circles by (4).
But then in subsequent rounds she makes a wrong decision for a small red circle (5). After this mistake,
the worker finally ties together lessons from all of her previous mistakes, figures out that small circles are
problematic irrespective of the color, and acts optimally thereafter.

the correct model and successfully compensate for the Al (more red checks). Note that a mental model may
be partially correct for two reasons: it is either over-generalized or over-fitted. An over-generalized mental
model includes more cases in the error boundary than it should, for example, when the true error boundary
is small circles, and the over-generalized mental model includes all small shapes. In contrast, an over-fitted
mental model misses cases that the true error boundary contains. For example, point (c) of Figure [3.4 shows
where the worker over-fit to small red circles when in fact errors occur for small circles. Clearly, a combi-

nation of both impartialities can also occur if the human tries to generalize too early on the incorrect feature
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Figure 3.5: Team performance decreases as the number of conjuncts in the error boundary is increased.
Number of literals were fixed to 2.

literal.

Q2: Do more parsimonious error boundaries facilitate mental model creation?

To answer this question, we compare team performance of many conditions that vary parsimony by
changing the number of conjunctions and literals. We additionally vary the number of features to study the
effect of parsimony for different task dimensionality. Figure [3.5] shows the overall team performance (cu-
mulative score) for two boundaries of different complexity: a single conjunction with two literals (e.g., red
and square), and two conjunctions with two literals each (e.g., red and square or small and circle). Different
features may have different salience; therefore, for the same formula, we randomly assign different workers
isomorphic error boundaries. For example, the error boundary (red and square) is isomorphic with the error
boundary described by (blue and circle). Since error boundary complexity increases with the number of con-
junctions, we observe that a more parsimonious error boundary (i.e., a single conjunction) results in a higher
team performance. Thus, our results demonstrate the value for learning ML models with parsimonious error
boundaries, for example, by minimizing the number of conjunctions. In Figure [3.6] we observe that team
performance generally decreases as the number of human-visible features increases, which is consistent with

previous findings on human reasoning about features [Poursabzi-Sangdeh et al., 2019].
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Figure 3.6: a) Team performance decreases as the task dimensionality increases (i.e., number of features).
b) Re-visualization of a) that shows that, for a given number of features, team performance increases with
the number of literals in the error boundary, because the errors become more specific. The solid red lines
show this trend. Number of conjuncts was fixed to 1.

Q3: Do less stochastic error boundaries lead to better mental models?

In the previous experiments, Marvin’s error boundary was non-stochastic (i.e., Marvin made a mistake if
and only if the object satisfied the formula). In practice, error boundaries may be fuzzier and not as clean.
To understand the effect of stochasticity, we vary two parameters: P(err|—f), the conditional probability
of error if the object does not satisfy the formula, and P(err|f), the conditional probability of error if the
object satisfies the formula. In the non-stochastic experiments, we use a P((err|—f) = 0, P(err|f) = 1))
configuration. The other conditions that we experiment with are (0,0.85), (0,0.7), and (0.15,0.85). Of
these, only the last condition is two-sided, meaning that errors can occur on both sides of the boundary

although with less probability when the formula is not satisfied. All other conditions are one-sided.

Figure shows that for the one-sided error case, the percentage of workers who make the correct
decision (vertical axis) increases over time. In contrast, for two-sided error boundaries, workers find it chal-
lenging to learn the true error boundary. In addition, we observe that even for one-sided error case, increased
stochasticity makes it difficult for participants to trust Marvin and learn a correct mental model. For exam-
ple, the (0,0.7) condition has clearly more rounds where Marvin was correct (indicated by circles) and the

percentage of people who trusted Marvin is less than 50%.
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Figure 3.7: For one-sided error boundaries (the top three rows), the percentage of workers who choose
the optimal action improves with time and reaches 100% — the positive slope of the best fit line shows this
increasing trend. For the two-sided stochastic boundary (bottom row), the improvement is minimal and stays
close to 50% — the slope of the best fit line is close to 0.

3.5 Related Work

Mental models for collaboration. Early work explored the importance of mental models for achieving
high performance in group work [Grosz and Kraus, 1999; Mohammed et al., 2010], human-system col-
laboration [Rouse et al., 1992], and interface design [[Carroll and Olson, 1988|l. More recently, the impact
of mental models has been revisited for better understanding human-in-the-loop systems [Chakraborti and
Kambhampati, 2018]] and for grounding human-AlI collaboration within traditional HCI work [Kaur et al.,
2019]l. Our work builds upon these foundations and studies the problem for Al-advised human decision
making. While there exist many forms of mental modeling (i.e., How does the system work?) and they are
relevant for collaboration, this work focuses particularly on mental models about system performance (i.e.,

When does the system err?), which are learned upon context and past experiences.

Backward compatibility. The closest relevant work to this study that also operates on mental models about
error boundaries is presented in [Bansal ez al., 2019b] and focuses on the usefulness of such models during
Al updates highlighting the importance of remaining backward compatible while deploying a new model.
Backward compatibility is measured through comparing the errors of the previous and the updated version

of the model and quantifying the percentage of all input instances that were correct in the previous version
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that remain correct in the updated one. The work showed that error boundaries that are not backward com-
patible with previous versions of the model breaks mental models human have created in the process of
collaboration, and showed that updates to a more accurate model that is not backward compatible can hurt

team performance.

In traditional software design, backward compatibility is a well-studied software property [Bosch, 2009;
Spring, 2005 11]], used to denote software that remains compatible with a larger legacy ecosystem even after
an update. In the field of AI/ML, a related notion to backward compatibility is catastrophic forgetting [Kirk-
patrick et al., 2017;|Goodfellow et al., 2013;McCloskey and Cohen, 1989]], which is an anomalous behavior
of neural network models that occurs when they are sequentially trained on more instances and forget to
solve earlier instances over time. While forgetting in sequential learning is an important problem, backward
compatibility is applicable to a larger set of update scenarios that do not necessarily require more data (e.g.

different architecture or the same architecture but with different parameters).

Interpretability for decision-making. As learning models are being deployed to assist humans in taking
high-stake decisions, the explainability of machine predictions is crucial for facilitating human understand-
ing. Ongoing and prior research has contributed to improving the interpretability of such predictions either
by building more interpretable models [Caruana et al., 2015} Rudin, 2018; [Lage ef al., 2018] or by imi-
tating complex models via simpler but more explainable ones [Lakkaraju et al., 2016; [Tan ef al., 2018|.
However, while explanations help with understanding, it is not yet clear under which conditions they im-
prove collaboration and human productivity [Doshi-Velez and Kim, 2017; Poursabzi-Sangdeh et al., 2019;
Feng and Boyd-Graber, 2019]. For example, some explanations may describe how the system works but they
do clearly disclose when it will fail and needs human intervention. In other cases, inspecting an explanation
might take just as much time as solving the task from scratch (i.e., high cognitive load). Both challenges
motivate the need for predictable and easy-to-learn error boundaries, properties of which we study in our
experimental evaluation. A promising direction is generating explanations of error boundaries themselves as
a tool for users to quickly learn and remember various failure conditions. Recent work [Nushi et al., 2018]],
uses decision trees to predict and visualize error boundaries for the purpose of debugging ML models but

more work is needed on deploying and evaluating such tools for decision-making.

Modeling and communicating uncertainty in ML. Confidence calibration has been a topic of exten-
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sive research, especially for embracing and communicating uncertainty in models that are inherently non-
probabilistic. Foundational work in this space has proposed techniques for calibrating output scores for sup-
port vector machines [Platt, 1999], decision trees and Naive Bayes models [Zadrozny and Elkan, 2001]], and
deep neural networks [Gal and Ghahramani, 2016; Gal and Ghahramani, 2016; Guo et al., 2017)|. Later work
has proposed data collection algorithms for addressing overconfident predictions [Lakkaraju et al., 2017;
Bansal and Weld, 2018]]. While confidence estimation and reporting is informative for decision-making, re-
search in human-centered machine learning [Gillies ez al., 2016] and HCI shows that people have difficulties
with correctly interpreting probabilistic statements [Handmer and Proudley, 2007] and even system accuracy
itself [Yin er al., 2019]]. Research in the intersection of Al and HCI has found that interaction improves when
setting expectations right about what the system can do and how well it performs [Kocielnik et al., 2019;
Amershi et al., 2019||. This paper takes a step forward by proposing properties of ML models that can as-
sist with setting the right expectations and evaluating them through controlled user studies. Moreover, we
envision this line of work on making error boundaries predictable as complementary but also valuable for
designing better confidence models as the defined properties. For example, parsimonious error boundaries

are easier to generalize also from a statistical learning point of view, which would help with calibration.

3.6 Recommendations for Human-Centered Al

When developing ML models current practices solely target Al accuracy, even in contexts where models
support human decision making. Our experiments reveal that error boundaries and task complexity can
influence the success of teamwork. The user studies presented suggest the following considerations when

developing ML models to be used in Al-advised human decision making:
3a Build Al systems with parsimonious error boundaries.
3b Minimize the stochasticity of system errors.

3c Reduce task dimensionality when possible either by eliminating features that are irrelevant for both
machine and human reasoning or most importantly by analyzing the trade-off between the marginal
gain of machine performance per added feature and the marginal loss of the accuracy of human mental

models per added feature.
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3d Based on results from |Bansal et al.|{(2019), during model updates, deploy models whose error bound-
aries are backward compatible, i.e. by regularizing in order to minimize the introduction of new errors

on instances where the user has learned to trust the system.

Given the importance of these properties on overall team performance, and potentially of other properties
to be discovered in future work, it is essential to make such properties a part of considerations during model
selection. For example, if a practitioner is presented with two different models, h; and ho, of similar accuracy
(e.g., such a situation could arise as a result of a grid search for hyper-parameter selection), and the error
boundary f; is more stochastic than f5, clearly ko would be the better choice. In a more complex situation,
where hg’s accuracy is slightly inferior to h;’s, the practitioner must carefully estimate the potential loss in
team accuracy attributed to human mistakes (i.e., trusting the model when it is incorrect) due to stochasticity
and compare this loss to the difference in accuracy between the two candidate models. Often, a negligible
compromise in ML accuracy, can lead to for a higher gain in accuracy of overall teamwork. The same
analysis could be employed to appraise the optimal tradeoffs when one human-aware property may be at
odds with another (e.g., making an error boundary more parsimonious might also make it more stochastic).

Model selection decisions also depend on the type of tools made available to users for learning and
remembering error boundaries. For example, if users can access a scratchpad that records and summarizes
the observed error boundary in real time, then they might be able to afford a slightly more complex error
boundary.

Human-aware model selection should also be supported by making the presented properties part of the
optimization problem is formulation while training either by including human-aware considerations in loss
functions or by posing additional optimization constraints. The former technique has been used to combine
backward compatibility in the loss function [Bansal et al., 2019b|] and to combine tree-based regularization
to learn a more interpretable model [Wu er al., 2018]l; the latter has found application in domains like fair
classification and healtcare [Dwork et al., 2012} [Zafar et al., 2017; [Ustun and Rudin, 2017]l. More effort is
needed to algorithmically ensure error boundary parsimony and non-stochasticity and combine such efforts
for generating actionable confidence scores. This would reshape learning techniques to optimize for both
the human in the loop or any other part of the ecosystem that requires reliable trust contracts to cooperate

with the Al
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Finally, as human-AlI collaboration becomes more pervasive, we foresee further opportunities to study
human-Al team behavior in the open world, and for richer and more general forms of human-Al teams, for
example, cases where Al recommendation directly updates human’s belief in the final decision in contrast
to our simplified notion of accept or override. Other opportunities include making interaction more natural
by building computational models about what users have learned and by simplifying mental model creation

using explanatory tools.

3.7 Conclusion

We studied the role of human mental models on the human-Al team performance for Al-advised human
decision making for situations where people either rely upon or reject Al inferences. Our results revealed
important properties that describe the error boundaries of inferences that can influence how well people
can collaborate with an Al system and how efficiently they can override the Al when it fails. We find
that systems with exactly the same accuracy can lead to different team performance depending upon the
parsimony, non-stochasticity, and dimensionality of error boundaries. Future research opportunities include
developing methods for integrating these considerations into algorithmic optimization techniques. While Al
accuracy has been traditionally considered a convenient proxy for predicting human-Al team performance,
our findings motivate investing effort to understand how to develop Al systems to support teamwork, in
particular, in making properties of error boundaries more understandable and learnable when selecting an

Al model for deployment.
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Chapter 4

Updates in Human-Al Teams and

Performance/Compatibility Tradeoff

Al systems are being deployed to support human decision making in high-stakes domains such as healthcare
and criminal justice. In many cases, the human and Al form a team, in which the human makes decisions
after reviewing the AI’s inferences. A successful partnership requires that the human develops insights into
the performance of the Al system, including its failures. We study the influence of updates to an Al system
in this setting. While updates can increase the AI’s predictive performance, they may also lead to behavioral
changes that are at odds with the user’s prior experiences and confidence in the AI’s inferences (i.e., violate
the Maxim 2 which argues to preserve system’s trustworthiness). We show that updates that increase Al
performance may actually hurt team performance. We introduce the notion of the compatibility of an Al
update with prior user experience and present methods for studying the role of compatibility in human-Al
teams. Empirical results on three high-stakes classification tasks show that current machine learning algo-
rithms do not produce compatible updates. We propose a re-training objective to improve the compatibility
of an update by penalizing new errors. The objective offers full leverage of the performance/compatibility

tradeoff across different datasets, enabling more compatible yet accurate updates.

73



------ Al only Compatible update
—— Human-Al —— Incompatible update

Performance

tupdate

Figure 4.1: Schematized view of human-Al teams in the presence of Al updates. Human-Al teams perform
better than either alone, but when the Al is updated its behavior may violate human expectations. Even if
updates increase the Al’s individual performance, they may reduce feam performance by making mistakes
in regions where humans have learned to trust the Al.

4.1 Introduction

A promising opportunity in Al is developing systems that can partner with people to accomplish tasks in
ways that exceed the capabilities of either individually [Wang ez al., 2016; Kamar, 2016; |Gaur ez al., 2016].
We see many motivating examples: a doctor using a medical expert system [Wang et al., 2016], a judge
advised by a recidivism predictor, or a driver supervising a semi-autonomous vehicle. Indeed, economists
expect human-Al teams to handle many such tasks [Gownder et al., 2017 06|]. Despite rising interest, there
is much to learn about creating effective human-Al teams and what capabilities Al systems should employ

to be competent partners.

We study human-Al teams in decision-making settings where a user takes action recommendations from
an Al partner for solving a complex task. The user considers the recommendation and, based on previous
experience with the system, decides to accept the suggested action or take a different action. We call this
type of interaction Al-advised human decision making. While there exist other important forms of human-
Al collaboration (including human-advised Al decision making and more general collaborative decision
making involving a mix of initiatives and emergent team behaviors), we focus on a specific interplay where
the goal is to create Al systems that recommend actions to assist humans with decisions in high-stakes

domains [Angwin et al., 2016; Bayati et al., 2014 10]. The motivation for Al-advised human decision
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making comes from the fact that humans and machines have complementary strengths and abilities. While
both human experts and machine-learned models are not perfect on a task like medical diagnosis or clas-
sifying objects in images, researchers have shown that their ideal combination could significantly improve
performance [Wang et al., 2016}, Kamar et al., 2012)]. AI systems offer added benefits by speeding up de-
cision making when humans can identify tasks where the Al can be trusted and no more human effort is
needed [[Lasecki et al., 2012bf [Lasecki et al., 2012al.

It might be expected that improvements in the performance of Al systems lead to stronger team per-
formance, but, as with human groups, individual ability is only one of many factors that affect team effec-
tiveness [DeChurch and Mesmer-Magnus, 2010; Grosz, 1996]. Even in a simple collaboration scenario, in
which an Al system assists a human decision maker with predictions, the success of the team hinges on
the human correctly deciding when to follow the recommendation of the Al system and when to override.
Unless the particular domain and the interaction allows the human to validate the correctness of the ma-
chine recommendation efficiently and effectively, extracting benefits from collaboration with the Al system
depends on the human developing insights (i.e., a mental model) of when to trust the Al system with its rec-
ommendations. If the human mistakenly trusts the Al system in regions where it is likely to err, catastrophic
failures may occur. Human-Al teams become especially susceptible to such failures because of discrepan-
cies introduced by system updates that do not account for human expectations. The following example and

Figure [d.1]illustrate this situation.

Example (PATIENT READMISSION). A doctor uses an Al system that is 95% accurate at predicting whether
a patient will be readmitted following their discharge to make decisions about enlisting the patient in a
supportive post-discharge program. The special program is costly but promises to reduce the likelihood of
readmission. After a year of interacting with the Al, the doctor develops a clear mental model that suggests
she can trust the Al-advised actions on elderly patients. In the meantime, the Al’s developer trains and
deploys a new 98% accurate classifier, which errs on elderly patients. While the Al has improved by 3%, the
doctor is unaware of the new errors, and as a result of this outdated mental model, takes the wrong actions

for some elderly patients.

This example is motivated by real-world Al applications for reducing patient readmissions and other

costly outcomes in healthcare [Bayati ez al., 2014 10; Wiens et al., 2016; Caruana ef al., 2015, and motivates
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the need for reducing the cost of disruption caused by updates that violate users’ mental models. The problem

with updates extends to numerous Al-advised human decision-making settings; similar challenges have been

observed during over-the-air updates in the Tesla autopilot [O’Cane, 2018]], and analogous issues arise in a

variety of other settings when Al services being consumed by third-party applications, are updated.

Despite these problems, developers have almost exclusively optimized for Al performance. Retraining

techniques largely ignore important details about human-Al teaming, and the mental model that humans

develop from interacting with the system. The goal of this work is to make the human factor a first-class

consideration of Al updates. We make the following contributions:

4.1

4.2

4.3

We define the notion of compatibility of an Al update with the user’s mental model created from
past experience. We then propose a practical adjustment to current ML (re)training algorithms — an
additional differentiable term to the logarithmic loss — that improves compatibility during updates,

and allows developers to explore the performance/compatibility tradeoff.

We introduce an open-source experimental platfomﬂ for studying how people model the error bound-
ary of an Al teammate in the presence of updates for a an Al-advised decision-making task. The
platform exposes important design factors (e.g., task complexity, reward, update type) to the experi-

menter.

Using the platform, we perform user studies showing that, humans develop mental models of Al sys-
tems across different conditions, and that more accurate mental models improve team performance.
More importantly, we show that updating an Al to increase accuracy, at the expense of compatibility,
may degrade team performance. Moreover, experiments on three high-stakes classification tasks (re-
cidivism prediction, in-hospital mortality prediction, and credit-risk assessment) demonstrate that: (i)
current ML models are not inherently compatible, but (ii) flexible performance/compatibility tradeoffs

can be effectively achieved via a reformulated training objective.

! Available at https://github.com/gagb/caja
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4.2 Al-Advised Human Decision Making

As in Chapter 3, we focus on a simple, but common, model of human-Al teamwork that abstracts many real-
world settings, e.g., a 30-day readmission classifier supporting a doctor [Bayati er al., 2014 10|], a recidivism
predictor supporting judges in courts [Angwin ez al., 2016].. In this setting, which we call Al-advised human

decision making, an Al system provides a recommendation, but the human makes the final decision.

4.2.1 Trust as a Human’s Mental Model of the Al

Cognitive psychology research shows that when people interact with any complex system, they create a
mental model, which facilitates their use of the system [Norman, 1994]. Just as for other automated systems,
humans create a mental model of Al agents [Kulesza et al., 2012]]. In Al-advised human decision making,
valid mental models of the reliability of the Al output improve collaboration by helping the user to know
when to trust the AI’s recommendation. A perfect mental model of the Al system’s reliability could be
harnessed to achieve the highest team performance. A simple definition for such a model would be m : z —
{T, F'}, indicating which inputs the human trusted the Al to solve correctly. A more complex model might
compute a probability and include additional arguments, such as the AI’s output, h(x). In reality, mental
models are not perfect [Norman, 1994]: users develop them through limited interaction with the system,
and people have cognitive limitations. Furthermore, different team members may have access to different
information about the situation. For example, a doctor may know things about a patient that are missing
from electronic health records (e.g., an estimate of the patient’s compliance with taking medications), while
an Al system may have access to the most recent results and trends in physiological state that are not tracked
by physicians. In summary, users learn and evolve a model of an Al system’s competence over the course
of many interactions. In the experimental section, we show that these models can greatly improve team
performance. Next, we study the problem of updating an Al system within the context of Al-assisted human

decision making, and introduce the notion of compatibility.
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4.3 Compatibility of Updates to Classifiers

Developers regularly update Al systems by training new models with additional or higher-quality training
data, or by switching to an improved learning algorithm. Such updates presumably improve the Al’s perfor-
mance on a validation set, but the patient readmission example highlights how this is not always sufficient:
updates can arbitrarily change the AI’s error boundary, introduce new errors which violate user expectations
and decrease team performance.

In software engineering, an update is backward compatible if the updated system can support legacy
software. By analogy, we define that an update to an Al component is locally compatible with a user’s
mental model if it does not introduce new errors and the user, even after the update, can safely trust the AI’s

recommendations.

Definition (LOCALLY-COMPATIBLE UPDATE). Let m(x) denote a mental model that dictates the user’s
trust of the Al on input x. Let A(x,u) denote whether u is the appropriate action for input x. An update, ho,

to a learned model, h1, is locally compatible with m iff

Va, [m(x) A Az, hi(x))] = Az, ha(z))

In other words, an update is compatible only if, for every input where the user trusts the Al and h;
recommends the correct action, the updated model, hs, also recommends the correct action. In the rest of
this paper, we focus on situations where a classifier’s predictions are actions. For instance, in the patient
readmission example, if a classifier predicts that the patient will be readmitted in the next 30 days, the

suggested action from the classifier would be to include the patient in a special post-discharge program.

4.3.1 Globally Compatible Updates

When developers are building an Al system that is used by many individuals, it may be too difficult to
track individual mental models or to deploy different updated models to different users. In this situation,
an alternative to creating locally compatible updates, is a globally compatible update. To make this notion
precise, we observe that a developer who is updating a classifier with new training data goes through the

following steps:
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1. Collect initial training data D;.

2. Train a model h; on D; and deploy h;.

3. Collect additional data to create Do, where D1 C Ds.
4. Train hg on Ds.

5. If the performance of hg is higher than h;, deploy ho.

Similar steps can be formulated for a model update where the training data does not change (D2 = D;) but

hs belongs to a different model class.

Definition (GLOBALLY-COMPATIBLE UPDATE). An updated model, hs, is globally compatible with hy, iff

Vo, A(z, h(z)) = Az, ho(z))

Note that a globally compatible update is locally compatible for any mental model. While global com-
patibility is a nice ideal, satisfying it for all instances is difficult in practice. More realistically, we seek to
minimize the number of errors made by hso’s that were not made by h1, since that will hopefully minimize

confusion among users. To make this precise, we introduce the notion of a compatibility score.

Definition (COMPATIBILITY SCORE). The compatibility score C of an update hs to hy is given by the

fraction of examples on which hy recommends the correct action, hy also recommends the correct action.

s gy — Za A () -Alw, () wh

2y Al ha(2))

If hy introduces no new errors, C(hy, he) will be 1. Conversely, if all the errors are new, the score will

be 0.

4.3.2 Dissonance and Loss

To train classifiers, ML developers optimize for the predictive performance of hy by specifying, and min-

imizing, a classification loss L that penalizes low performance. The equation below shows the negative

79



logarithmic loss (also known as log loss or cross-entropy loss) for binary classification — a commonly used

training objective in ML.

L(z,y, ha) = y-log p(ha(z)) + (1 — y)-log(1 — p(ha(x)))

Here, the probability p(h(z)) denotes the confidence of the classifier that recommendation h(z) is true,
while y is the true label for z (i.e., A(z,y) = True). The negative log loss, like many other loss functions in
machine learning, depends only on the true label and the confidence in prediction — it ignores the previous
versions of the classifier and, hence, has no preference for compatibility. As a result, retraining using differ-
ent data can lead to very different hypotheses, introduce new errors, and decrease the compatibility score.
To alleviate this problem, we define a new loss function L. expressed as the sum of classification loss and

dissonance.

Definition (DISSONANCE). The dissonance D of hs to hy is a function D : x,y, h1, ho — R that penalizes

a low compatibility score. Furthermore, D is differentiable.

D(x,y, h1,h2) = 1(h1(x) = y)-L(x,y, h2) 4.2)

Recall that C(hq, h) is high when both h; and hs are correct (Eqn . Dissonance expresses the opposite
notion: measuring if h; is correct (1 denotes an indicator function) and penalizing by the degree to which

hs is incorrect. Equation [4.3| defines the new loss.

Lo=L+A\D (4.3)

Here, ). encodes the relative weight of dissonance, controlling the additional loss to be assigned to all new
errors. We refer to this version as new-error dissonance. Just as with classification loss, there are other
ways to realize dissonance. We explored two alternatives, which we refer to as imitation and strict imitation
dissonance. Eqn[4.4] describes the imitation dissonance which measures the log loss between the prediction
probabilities of h; and hs:

D'(x,y,h1,hs) = L(x, h1, hs) 4.4)
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Figure 4.2: Screenshot of the CAJA platform for studying human-Al teams.

Eqn4.4]is used in model distillation [Ba and Caruana, 2014; Hinton ef al., 2015], where the aim is to train
a shallower, less expensive model by imitating the probabilities of larger, accurate model. Unfortunately, D’
has the effect of nudging hs to mimic h;’s mistakes as well as its successes. Eqn describes the strict
imitation dissonance, which follows a similar intuition but it only adds the log loss between h; and ho when

hq is correct.

D"(x,y,h1,ho) = L(h1(z) = y)-L(z, h1, ha) 4.5)

Compared to dissonance, D, D" still puts a larger emphasis on matching h;’s predictions (vs. the true labels,
y), which we worried would hurt accuracy. Our experiments (e.g., Figure[d.5) confirm this intuition and show

the effect of varying \. on the performance/compatibility tradeoff.

4.4 Platform for Studying Human-AI Teams

How might we study the impact of Al accuracy, updates, compatibility, and mental models on the perfor-
mance of Al-advised human decision making teams? Ideally, we would conduct user studies in real-world
settings, varying parameters like the length of interaction, task and Al complexity, reward function, and the
Al’s behavior. All human-subjects research is challenging, but our setting poses special perplexities. Testing

in real settings reduces or removes our ability to directly control the performance of the Al. Furthermore,
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it may largely measure experts’ differing experience in the domain, rather than their interactions with the
Al The importance of mental models for team success varies among domains and the interaction designed
between the Al system and humans. When humans do not have an easy way to validate machine correctness,
extracting value out of Al assistance depends on the ability of the human developing a mental model of the

Al system.

To control for human expertise and the centrality of mental modeling, we developed the CAJA platform,
which supports parameterized user studies in an assembly line domain that abstracts away the specifics of
problem solving and focuses on understanding the effect of mental modeling on team success. CAJA is
designed such that no human is a task expert (nor can they become one). In fact, the true label of decision
problems in the platform is randomly generated so that people cannot learn how to solve the task. However,
humans can learn when their Al assistant, Marvin, succeeds and when Marvin errs. Alongside, the human
has access to a perfect problem-solving mechanism, which she can use (at extra cost) when she does not

trust Marvin.

Specifically, CAJA is a web-based game, whose goal is to make classification decisions for a fixed
number of box-like objects. For each object, the team follows the steps S1-S4 to decide whether the object
is “defective” or not. In S1 a new object appears (e.g., blue square), in S2 the Al recommends a label (e.g.,
not-defective), in S3 the player chooses an action (e.g., accept or reject the Al recommendation), and in S4
the UI returns a reward and increments the game score. The objects are composed of many features, but
only a subset of them are made human-visible. For example, visual properties like shape, color, and size are
visible, but the contents are not. In contrast, the Al has access to all the features but may make errors. At the
beginning of the game, users have no mental model of the AI’s error boundary. However, to achieve high
scores, they must learn a model using feedback from step S4. Figure [4.2] shows a screenshot of the game at

step S3.

CAJA allows study designers to vary parameters, such as the number of objects, number human-visible
features, reward function, Al accuracy, and complexity of perfect mental model (number of clauses and
literals in the error boundary and stochasticity of errors). Further, it enables one to study the effects of
updates to Al by allowing changes to these parameters at any time step. In the next section, we use CAJA to

answer various research questions.
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Accept | Compute
Alright | $0.04 0
Al wrong | -$0.16 0

Table 4.1: Reward matrix for the user studies. To mimic high-stakes domains, penalty for mistakes is set to
high.

4.5 Experiments

We present experiments and results in two parts. First, using our platform, we conduct user studies to un-
derstand the impact of mental models and updates on team performance. Second, we simulate updates for
three real-world, high-stakes domains and show how the retraining objective enables an explorable tradeoff
between compatibility and performance that is not available in the original models.

User Studies. In user studies, we hired MTurk workers and directed them to the CAJA platformE] We in-
formed them of the purpose of the study and provided a set of simple instructions to familiarize them with
the task and the user interface: form a team with an Al, named Marvin, and label a set of 100 objects as
“defective” or “not defective”. Following Al-advised human decision making, to label an object, a worker
can either accept Marvin’s recommendation, which is initially correct 80% of the time, or use the “compute”
option, which is a surrogate for the human doing the task herself perfectly but incurring an opportunity cost.
Table 4. T|summarizes the reward function used in our studies. The matrix is designed in a way that it imitates
a high-stakes scenario, i.e., the monetary penalty for a wrong decision is much higher than the reward for a
correct decision. We found this design choice to be a good incentive for workers to learn and update their
mental model on Marvin. Note that the expected value of a pure strategy (e.g., always “Compute” or always
“Accept," without considering the likelihood of Marvin’s correctness) is zero. The only way to get a higher
score is by learning when to trust Marvin. While the subjects are told Marvin’s accuracy and the payoff
matrix, they can only learn Marvin’s error boundary gradually by playing the game. These design choices
allow us to study the impact of mental models while controlling for human problem solving expertise —

every player is able to solve problems perfectly, at a fixed cost, using “compute.”

Q1: Do better mental models of Al lead to higher team performance?

>Workers were paid on average $20/hr, over the minimum wage in line with ethical guidelines for requesters [Dynamo, .
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Figure 4.3: (a) Team performance decreases as we increase the number of human-visible features. (b) Team
performance decreases with the stochasticity of errors. The decrease is much higher for two-sided errors. (c)
Better mental models result in higher team performance. Wrong and Unsure mental models have the lowest
performance.

To answer this, we conducted human studies that measured team performance across different conditions
of complexity of task and error boundary. For each condition, we hired 25 MTurk workers, and filtered
spammers by deleting data from workers in the bottom quartile. We varied the task complexity by varying
the number of human-visible features. The complexity of error boundary f, expressed as a logical formula, is
varied by changing the number of conjuncts and literals in f. For example, we tried one conjuncts containing
two literals, one conjunct with three literals, and two conjuncts with two literals. Since many features can be
used as literals, we chose them randomly to create different but isomorphic error boundaries. For example,
worker A gets f4 = (blueNsquare) and worker B gets fp = (redNcircle). Figure[4.3a|shows that, for one
conjunct and two literals, team performance decreases with the number of features. We observed a similar
behavior for other error boundaries (results omitted for space), and for the rest of these studies we set the
number of conjuncts to one. Figure 4.3a shows that, as the number of features increases, team performance

decreases because it becomes harder to create a mental model.

Next, we conducted a study (Figure4.3b) to understand the impact of stochasticity in the error boundary
on team performance. Stochasticity is defined using two conditional probabilities: P(err|f) and P(err|=f).
That is, the probability of error if f is satisfied, and if it is not satisfied. To vary stochasticity, we chose the
following four pairs of probabilities: (0.7, 0), (0.85, 0), (1.0, 0), and (0.85, 0.15). For the first three pairs, the

errors are “‘one-sided”: since P(err|—f) is 0, the classifier makes a mistake only if the formula is satisfied.

84



4.0
Update style
3.5 same error boundary
compatible error boundary
3.0 - incompatible error boundary
------ no update
2.51
g
O 2.0 A
O
n ™ e
154 )/ . . stability
update disruption
104 learning (re)learning
054 stability
0.0 tupdate
0 25 50 75 100 125 150
Cycles

Figure 4.4: Team performance for different update settings. Compatible updates improve team performance,
while incompatible updates hurt team performance despite improvements in Al accuracy.

In the last pair, errors are “two-sided”: with a probability of 0.15, the classifier makes a mistake even if the
formula is not satisfied. We fix the number of features to three and the number of literals to two. Figure 4.3b|
shows that as errors become more stochastic, it becomes harder to create a mental model, deteriorating team
performance. The y-axis shows the score normalized by the score of the optimal policy because, as we vary

stochasticity, the optimal policy’s score changes.

Finally, in order to have a closer view of the quality of the workers’ mental models, we ask them to self
report when they thought Marvin was wrong. We manually labeled these reports as correct, partial, unsure,
and wrong, without looking at their team performance. The label denotes how the worker’s mental model
compared to the true error boundary f. For example, correct denotes that the mental model and f were the
same, wrong denotes no match, partial denotes an incomplete match, and unsure denotes that the worker
was skeptical of their mental model. Figure [#.3c|compares team performance on these groups. Workers with
the correct mental model score the highest, followed by workers with a partially correct model. These ob-

servations confirm that better mental models contribute positively to team performance.

Q2: Do more compatible updates lead to higher team performance than incompatible updates?

To study the impact of updates, we set the number of cycles to 150, and at the 75th cycle, update the classi-
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fier to a version that is 5% more accurate (80% — 85%). Then, we divide the participants into three groups:
same error boundary, compatible error boundary, and incompatible error boundary. The same error bound-
ary group receives an update improving accuracy, but the error boundary is unchanged. For the two other
groups, the number of literals (features) in the error boundary changes from two to three. The update for
the compatible error boundary group introduces no new errors; for example, if before the update the error
boundary was blue N square, after the update it may change to small Nblue N square. For the incompatible
error boundary group, the error boundary introduces new errors violating compatibility. Figure summa-
rizes our results. We also show the performance of workers if no update was introduced (dashed line). It
uses the no-update setting from experiments in Q1, and extrapolates from there assuming that the worker’s
mental model is already stable at the 75th cycle, meaning that the human-Al team has reached the maximum
performance for the original setting and no further improvements are expected. The graph demonstrates two
main findings on the importance of compatibility. First, a more accurate but incompatible classifier results
in lower team performance than a less accurate but compatible classifier (no update). Second, compatible
updates improve team performance. Moreover, the figure shows different stages during the interaction: the
user learning the original error boundary, team stabilizes, update causes disruption, and performance stabi-
lizes again. A central insight in the update stage is that the incompatible error boundary condition sacrifices
the team score while workers have to relearn the new boundary. This insight shows that compatible updates
not only improve team performance but they can also reduce the cost of retraining users after deploying

system updates.

4.5.1 Experiments with High-Stakes Domains

Datasets. To investigate whether a tradeoff exists between performance and compatibility of an update,
we simulate updates to classifiers for three domains: recidivism prediction (Will a convict commit another
crime?)[|Angwin ef al., 2016, in-hospital mortality prediction (Will a patient die in the hospital?) [Johnson
et al., 2016; Harutyunyan et al., 2017]], and credit risk assessment (Will a borrower fail to pay back? We
selected these high-stakes domains to highlight the potential cost of mistakes caused by incompatible up-

dates in human-AlI teams.

3https ://community.fico.com/s/explainable-machine-learning-challenge
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Classifier | Dataset ROC hi | ROC hy | C(hi,h2)

LR Recidivism 0.68 0.72 0.72
Credit Risk 0.72 0.77 0.66
Mortality 0.68 0.77 0.40

MLP Recidivism 0.59 0.73 0.53
Credit Risk 0.70 0.80 0.63
Mortality 0.71 0.84 0.76

Table 4.2: Although training on a superset of data increases classifier performance, compatability can be
suprisingly low.

Q3: Do current ML classifiers produce compatible updates?

For this experiment, we first train a classifier h; on 200 examples and note its performance. Next, we train
another classifier ho on 5000 examples and note its performance and compatibility score. We train both
classifiers by minimizing the negative log loss. Table .2] shows the performance (area under ROC) and
compatibility averaged over 500 runs for logistic regression (LR) and multi-layer perceptron (MLP) classi-
fiers. We find that training hy by just minimizing log loss does not ensure compatibility. For example, for
logistic regression and the in-hospital mortality prediction task, the compatibility score is as low as 40%.

That is, 60% of the instances where k1 was correct are now violated.

Q4: Does there exist a tradeoff between the performance and the compatibility of an update to Al?

For Q4 (and Q5), we learn the second classifier ho by minimizing L.. As L. depends also on the first clas-
sifier, we make its prediction available to the learner. We vary A, and summarize the resulting performance
and compatibility scores across different datasets for the logistic regression and multi-layer perceptron clas-
sifiers in Figure[4.5]and for different definitions of dissonance (discussed in Q5). The figure shows that there
exists a tradeoff between the performance of ho and its compatibility to i;. This tradeoff is generally more
flexible (flat) in the first half of the curves. This shows that, at the very least, one can choose to train via
L. and deploy a more compatible update without significant loss in accuracy. Although such updates are
not fully compatible, they might still be relevant to be picked by the developer if the update is supported
by efficient explanation techniques that can help users to better understand how the model has changed. In

these cases, a more compatible update would also reduce the effort of user (re)training. In the second half,
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Figure 4.5: Performance vs. compatibility for a logistic regression and multi-layered perceptron classifiers.
The reformulated training objective (L.) offers an explorable performance/compatibility tradeoff, generally
more forgiving during the first half of the curves. The training objective based on new-error dissonance
performs the best, whereas the ones based on imitiation and strict-imitation dissonance perform worse since
they imitate probabilities of a less accurate, and less calibrated model (hy).

the tradeoff becomes more evident. High compatibility can sacrifice predictive performance. Look-up sum-
maries similar to graphs shown in Figure [4.5]are an insightful tool for ML developers that can guide them

select an accurate yet compatible model based on the specific domain requirements.

QS: What is the relative performance of the different dissonance functions?

Figure {.5] compares the performance of the new-error dissonance function (D) with the imitation-based
dissonances (D’ and D”). As anticipated, D performs best on all three domains. The definitions inspired
by model distillation, D’ and D", assume that h; is calibrated, and more accurate. Therefore, ho needs to
remain faithful to only the correct regions of a less accurate model /. If these assumptions are violated, ho

overfits to non-calibrated confidence scores of h1, which hurts performance.

88



4.6 Discussion and Directions

The Al-assisted human decision-making problem assumes that there are instances for which the Al is more
efficient (e.g., higher accuracy, faster, or low resource usage), and the human can recognize when the Al
is capable of doing so. Earlier, we discussed that one way for humans to recognize when to follow the
AI’s recommendations is by creating mental models. However, depending on the domain and the type of
interaction design, the importance of mental modeling for team performance may vary. For example, if the
human can quickly validate the correctness of the recommendation, or the human expertise improves over
time to leave no room for machine contribution, then mental modeling may not be needed. Otherwise, the
accuracy of the mental model limits team performance. Thus, compatibility of updates becomes an essential
determinant of team performance, and developers should factor it in system design supported by guiding
tools exploring the performance/compatibility tradeoff.

Varying the value of A. results in numerous models on the performance/compatibility spectrum. The
decision to select the appropriate model depends on several factors, including the user ability to create a
mental model, the cost of disruption, and whether there exist other alternative approaches for minimizing
disruption caused by updates. For example, if the cost of disruption (both the cognitive cost and mistakes) is
high, then we may use a high value for A.. A more formal approach would be to set \. algorithmically. For
example, a \. could be selected to maximize expected utility expressed using a computational user model
and future rewards.

A developer can use other complementary approaches to minimize disruption caused by low compat-
ibility. One approach is to retrain the user, for example, by leveraging mechanisms from interpretable Al
to explain the updated model to users or to explain differences between hj and hy. However, this may not
always be practical: (1) in practice, developers may push updates frequently, and since re-training requires
user’s additional time and effort, it may not be practical to subject experts to repeated re-training; (2) updates
can arbitrarily change the decision boundary of a classifier, and as a result, require the user to re-learn a large
number of changes; (3) re-training requires the developers to create an effective curriculum or generate a
“change summary” based on the update. It is often impossible to compute such summaries in a human-
interpretable way. For example, explaining the changes to a self-driving car may require the challenging

task of mapping the feature representation used by the car (myriad of sensor data) to human-interpretable
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concepts. Nevertheless, backward compatibility does not preclude retraining; these techniques are com-
plementary to each other. In fact, more compatible updates can be an efficient mechanism to simplify the
re-training process by minimizing the divergence between two models deployed consecutively. Yet another
complementary approach is to share the AI’s confidence in the prediction. Well-calibrated confidence scores
can help a user to decide when or how much to trust the system. Unfortunately, confidence scores of ML
classifiers are often not calibrated [Nguyen et al., 2015|] or a meaningful confidence definition may not exist
due to the complexity of the task.

We formalized compatibility in terms of differences in model recommendations before and after an
update, independent of mental models of users. An important future direction is to develop computational
models of how people create and update mental models, and condition on the personalized experiences and
cognitive capabilities of each user, drawing upon general findings about how people learn about phenomena
via observation [Reber, 1989]. While this work distills trust as the essence of teamwork and presented results
are applicable to a variety of use cases, promising extensions include developing blended studies in the real

world that combine both factors of human problem solving and learned trust in Al

4.7 Related Work

Prior seminal work explored the importance of mental models for achieving high performance in group
work [Grosz and Kraus, 1999|], human-system collaboration (Rouse et al. 1992), and interface design [Car-
roll and Olson, 1988|]. Our work builds upon these foundations and studies the problem for Al-advised
human decision making. Other work [Hoff and Bashir, 2015] highlights the connection between mental
models and trust in systems. While many “layers” of trust exist, our work focuses on learned trust, which
is built upon context and past experiences [Marsh and Dibben, 2003]. Previous work [Zhou et al., 2017
investigated factors that affect user-system trust, e.g., model uncertainty and cognitive load. The platform
proposed in this work enables human studies that can analyze the effect of such factors.

The field of software engineering also considers the problem of backward compatibility, seeking to
design components that, after updates, remain compatible with a larger software ecosystem[Bosch, 2009;
Spring, 2005 11} [Tsantilis, 2009 10]. Machine learning research has explored related notions. Stability ex-

presses the ability of a model to not significantly change its predictions given small changes in the train-
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ing set [Bousquet and Elisseeff, 2001]l. Consistency, which has application in ML fairness, is a property of
smooth classifiers, which output similar predictions for similar data points [Zhou et al., 2004]. Catastrophic
forgetting is an anomalous behavior of neural network models that occurs when they are sequentially trained
to perform multiple tasks and forget to solve earlier tasks over time [Kirkpatrick et al., 2017|]. While these
concepts are fundamental for analyzing changing trends in continuously learned models, they do not con-
sider human-Al feam performance nor prior user experience. Related to our proposed retraining objective is
the idea of cost-sensitive learning [Elkan, 2001], where different mistakes may cost differently; for example,
false positives may be especially costly. However, in our case, the cost also depends on the behavior of the

previous model h;.

4.8 Conclusions

We studied how updates to an Al system can affect human-Al team performance and introduced methods
and measures for characterizing and addressing the compatability of updates. We introduced CAJA, a plat-
form for measuring the effect of Al performance and the effect of updates on team performance. Since
humans have no experience with CAJA’s abstract game, the platform controls for human problem-solving
skill, distilling the essence of mental models and trust in one’s Al teammate. Using CAJA, we presented
experiments demonstrating how an update that makes an Al component more accurate can still lead to di-
minished human-AlI team performance. We introduced a practical re-training objective that can improve the
compatibility of updates. Experiments across three data sets show that our approach creates updates that are
more compatible, while maintaining high accuracy. Therefore, at the very least, a developer can choose to

deploy a more compatible model without sacrificing performance.
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Chapter 5

Optimizing Al for Teamwork

Al practitioners typically strive to develop the most accurate systems, making an implicit assumption that
the Al system will function autonomously. However, in practice, Al systems often are used to provide advice
to people in domains ranging from criminal justice and finance to healthcare. In such Al-advised decision
making, humans and machines form a team, where the human is responsible for making final decisions. But
is the most accurate Al the best teammate? We argue “not necessarily” — predictable performance may be
worth a slight sacrifice in Al accuracy. Instead, we argue that Al systems should be trained in a human-
centered manner , directly optimized for team performance (Maxim 3). We study this proposal for a specific
type of human-Al teaming, where the human overseer chooses to either accept the Al recommendation
or solve the task themselves. To optimize the team performance for this setting we maximize the team’s
expected utility, expressed in terms of the quality of the final decision, cost of verifying, and individual
accuracies of people and machines. Our experiments with linear and non-linear models on real-world, high-
stakes datasets show that the most accuracy Al may not lead to highest team performance and show the
benefit of modeling teamwork during training through improvements in expected team utility across datasets,
considering parameters such as human skill and the cost of mistakes. We discuss the shortcoming of current
optimization approaches beyond well-studied loss functions such as log-loss, and encourage future work on

Al optimization problems motivated by human-AlI collaboration.
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Figure 5.1: Consider a binary classification problem (purple vs. yellow). Assume each blob is uniformly
distributed and of the same size. In a human-Al team, a more accurate classifier (h, left pane, learned using
log-loss) may produce lower feam utility than a less accurate model (hq, right pane). Suppose the human
can either quickly accept the Al’s recommendation or solve the task themselves, incurring a cost A in time
or effort, to yield a more reliable result. The payoff matrix describes the utility of different outcomes. We
explore the policy where humans accept recommendations when the Al is confident, but verify uncertain
predictions (shown in the light grey region surrounding each hyperplane). While h5 is less accurate than A
(because B is incorrectly classified), it results in a higher team utility: Since hy moved A outside the verify
region, there are more correctly classified inputs on which the user can rely on the system.

5.1 Introduction

Many Al systems are developed for use in collaborative settings, where people work with an Al teammate.
For example, numerous applications of Al have been designed as advisory tools, providing input to peo-
ple who are tasked with making final decisions. Beyond the appropriateness of people making the final
calls, the advisory role of Al systems may be obligatory; legal requirements may prohibit complete automa-
tion [[GDPR, 2020|]. Studies have demonstrated domains and tasks where human-Al teams may perform
better than either the AI or human alone [Nagar and Malone, 2011; Patel ef al., 2019; Kamar et al., 2012].
For human-Al teams, optimizing the performance of the whole team is more important than optimizing the
performance of an individual member. Yet, to date, the Al community has focused on maximizing the indi-
vidual accuracy of machine-learned models, assuming implicitly that this will optimize team performance.

This raises an important question: Is the most accurate Al the best possible teammate for a human?

We argue that the most accurate model is not necessarily the best teammate. We show this formally,

but the intuition is simple. Considering human-human teams, Is the best-ranked tennis player necessarily
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the best doubles teammate? Clearly not—teamwork puts additional demands on participants that extend
beyond individual performance on tasks, such as ability to complement and coordinate with one’s partner.
Similarly, creating high-performing human-Al teams may require training Al systems that exhibit additional
human-centered properties, e.g., facilitating appropriate levels of trust and delegation. Implicitly, this is the
motivation behind much work in intelligible Al, including efforts aimed at enhancing the understandability
of complex Al inference [Horvitz er al., 1986], interpretability of machine-learned models [[Caruana et al.,
2015; Weld and Bansal, 2019 05], and performing post-hoc explanations of the output of models [Ribeiro
et al., 2016; Lundberg and Lee, 2017]. We move beyond such general motivation and highlight the value of
developing methods to model and optimize the collaborative process.

For example, consider the scenario when the system generates advice in which it is uncertain. In prac-
tice, users are likely to distrust such recommendations, and rightly so, because a low confidence is often
correlated with erroneous predictions [Bansal et al., 2021a; Hendrycks et al., 2018|l. In this work, we as-
sume that, when systems have low confidence in their inferences, users will discard the recommendation and
solve the task themselves, incurring a cost based in the required additional human effort. As a result, team
performance depends on the Al accuracy only in the accept region, i.e., the region where a user is actually
likely to rely on Al The singular objective of optimizing for Al accuracy (e.g., using log-loss) may hurt team
performance when the model has fixed inductive bias. Team performance will benefit from improving Al
in the accept regions even if at the cost of performance over the complementary solve regions (Figure 5.1).
While there exist other aspects of collaboration that can also be addressed via optimization techniques, such
as model interpretability, supporting complementary skills [Wilder et al., 2020 07], or enabling learning
among partners, the problem we address in this paper is to account for team-based utility as a basis for

collaboration. In sum:

5.1 We highlight an important direction in the field of human-centered AI: When paired with a human
overseer, the most accurate ML model may not lead to the highest team performance. Specifically, we
consider settings where, during training the system considers humans’ mental model of the Al and
how they make use of its recommendations. This setting complements recent advances in learning to

defer where systems are trained when to refuse to share a recommendation to the overseer.

5.2 For a simple yet ubiquitous form of teamwork, we show that log-loss, the most popular loss function
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for optimizing Al accuracy, can lead to suboptimal team performance and instead propose directly
optimizing for human-Al team’s utility. During training, the new objective considers and guides Al
performance by considering various human and domain parameters, such as human accuracy, cost of

human effort, and cost of mistakes.

5.3 We present experiments on real-world datasets and models that show improvements in expected team
utility achieved by our method. We present qualitative analyses to understand how the re-trained
model differs from the most accurate Al, and how the improvements in utility change as a function
of domain parameters. We conclude with discussing optimization issues, loss-metric mismatch, and

implications for optimizing team performance for more complex human-Al teams.

5.2 Problem Description

Utility U

Recommendation /

d

Input

Decision

Utility

Meta-decision

Accept argmax h(x)

(b)

Figure 5.2: (a) Al-advised decision making. (b) To make a decision, the human either accepts or overrides
a recommendation. The solve meta-decision is costlier than Accept.

We focus on Al-advised decision making scenarios where a classifier i gives recommendations to a

human decision maker to help them make decisions (Figure [5.2a). Suppose x is an n-dimensional feature
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vector (i.e., X C R") and Y is a finite set of possible decisions. For example, for binary classification
Y = {+, —}. If h(x) denotes the classifier’s output (i.e., a probability distribution over the set of possible
outcomes ))) the recommendation 7 is a tuple consisting of the predicted label § = argmax h(z) and a
confidence value max h(x), i.e., r := (g, max h(x)). Using this recommendation, the user computes a final
decision d. The environment, in response, returns a utility which depends on the quality of the final decision
and any cost incurred due to human effort. If the team classifies a sequence of instances, the objective is to
maximize the cumulative utility. Before deriving a closed form equation for the objective, we describe the
form of the human-Al collaboration we consider along with our assumptions. We study this simple setting

as a step to exploring broader opportunities and challenges in team-centric optimization.

1. User either accepts the recommendation or solves the task themselves: The human computes the
final decision by first making a meta-decision m: Accept or solve (Figure[5.2b). In accept, the user
passes off the Al recommendation as the final decision. In contrast, in solve, the user ignores the
recommendation and computes the final decision themselves. Let m denote the function that maps an
input instance and recommendation to a meta-decision in M = {accept, solve}. Further, U denotes
the utility function, which depends on the human meta-decision and final decision d (Figure[5.1)). As

a result, the optimal classifier h* would maximize the team’s expected utility:
h* = argmaxE, ,[U(m, d)] (5.1)
h

2. Mistakes are costly: A correct decision results in unit reward. An incorrect decision results in a penalty
B>1

3. Solving the task is costly: Since it takes time and effort for the human to perform the task themselves
(e.g., cognitive effort), we realistically assume that the solve meta-decision costs more than Accept.
Further, without loss of generality, we assume A units of cost to Solve and zero cost to Accept. Note
that even when the cost of accept is non-zero and the reward for a correct decision is different than
one, the utility function can still be transformed and simplified to the same form as in Table [5.1] and
be optimized in the same way as we describe henceforth.
Following the above specifications, we obtain the utility function in Figure[5.1] The values in the table

originate from subtracting the cost of the action from the reward.
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Meta-decision/Decision | Correct | Incorrect
Accept [A] 1 -5
Solve[S] 11— —B8—=A

Table 5.1: Utility as a function of meta-decision and decision.

4. Human is uniformly accurate across decisions: Let a € [0, 1] denote the conditional probability that

if the user solves the task, they will make the correct decision.

Pld=ylm=5)=a (5.2)

5. Human is rational: The user chooses the meta-decision that results in highest expected utility. Further,
the user trusts the classifier’s confidence h(x)[y] as an accurate indicator of the recommendation’s
reliability, i.e., true conditional probability of prediction ¢ being correct. As a result, the user will

choose Accept if and only if the expected utility of Accept is greater than that of solve.

E[U(m = 1)) > E[U(m = 3)]

(@)l — (1= h@)g)-8 = a— (1-a)-5- A
)l = a - 5

Let ¢(3, A, a) denote the minimum value of confidence for which the user’s meta-decision is Accept.

A
c(B,\a)=a— T8 (5.3)

This implies the human will follow the following threshold-based policy to make meta-decisions:

1 if h(z)[g] > c(B, )\, a)
Pim=1)= 08 5.4
0 otherwise
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Figure 5.3: Visualization of expected utility when A = 0.5, 5 = 1, and @ = 1 (i.e., the human is perfectly
accurate but it costs them half a unit of utility to solve the task). In the Accept region, expected utility of the
team is equal to expected utility of the automation, while in the solve region it equals to the human utility.
The negative team utility in the left-most region results from over-confident but incorrect recommendations
to the human.

5.2.1 Expected Team Utility

We now derive the equation for expected utility of recommendations for the teamwork that we described

above. Let ¢ denote the expected team utility on a given example.

¥(z,y) = E[U(m, d)]
— P(m =A)- [P(d —ylm =2)-1
+ P(d # ylm = 1)-(=5))]
+ P(m = S)- [P(d: ylm = 8)-(1— )

+ P(d # ylm = 8)-(~B — )]

Since upon Accept, the human returns the classifier’s recommendation, the probability that the final

decision is correct is the same as the classifier’s predicted probability of the correct decision, i.e., P(d =
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ylm = A) = h(x)[y]. Substituting this and Equation [5.2] we obtain:

V(@) = Plm = 2)-|(1+8)-h(z)ly] 5]
+ P(m=5)-[(1+8)-a— 8-\
= P(m=12)-|(1+8)- (h(x)ly] — a) + A

+ [+ 8)ra-p-)

constant

Substituting human policy (Equation[5.4)) we obtain:

(1+8)-h(x)[y] =B if h(x)[g] > c(B, N, a)
Y(z,y) = (5.5)

(1+p)-a—p—X  otherwise

Figure 5.3 visualizes the expected team utility of the classifier predictions as a function of confidence in

the true label. We convert expected utility into a loss function by negating it, i.e., —1(z, y).

5.3 Experiments

Experiments in this section address the following questions:
RQ1 Can we train a classifier with higher utility than the most accurate classifier?
RQ2 How does the new model qualitatively differ from the most accurate model?

RQ3 How do the properties of the task affect improvements in utility (e.g., human skill and cost of

mistake)?

Datasets We experimented with two synthetic datasets and four real-world binary classification datasets:
German credit lending dataset [Hofmann, 1994], FICO credit risk assessment El, recidivism prediction EL
and MIMIC-3 mortality prediction [Harutyunyan et al., 2017]]. The real datasets are drawn from high-stakes

domains where machine learning has already been deployed or has been discussed being employed to assist

lhttps://community.fico.com/s/explainable—machine—learning—challenge

2https://github.com/propublica/compasfanalysis
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Dataset #Features Size | Frac. Pos.
Scenariol 2 | 10000 0.43
Moons 2 | 10000 0.50
German 24 1000 0.30
Fico 39 9861 0.52
Recidivism 13 6172 0.46
MIMIC 714 | 21139 0.13

Table 5.2: Number of features and size of binary classification datasets used for experiments. The original
Fico dataset contains 23 features but 39 after preprocessing categorical features into binary features.

human decision makers. On the synthetic datasets, Scenariol dataset refers to a dataset we created by sam-
pling 10000 points from the data distribution similar to Figure Moons refers to the classic two moons
non-linear classification problem [}

Model Training We experimented with two types of models: logistic regression and multi-layered percep-
tron (two hidden layers with 50 and 10 units). For each task (defined by a choice of task parameters, dataset,
model, and loss) we optimized the loss using the Adam optimizer and also used standard, well-known train-
ing practices such as regularization, check-pointing the model best validation performance, and learning
rate schedulers. We selected the best hyperparameters using five-fold cross validation, including values for
the learning rate, batch size, patience, decay factor of the learning rate scheduler, and the L2 regularization
weight. (Range of parameters detailed in the Appendix).

In initial experiments to optimize team utility, we observed that the classifier’s loss (in this case, negative
of expected utility) remained constant over the optimization process. This happened because, in practice,
random initializations resulted in classifiers that were uncertain on most of the data distributions considered.
By definition, the expected utility is flat and constant in regions of uncertainty (see Figure [5.3). Thus, the
gradient was zero and uninformative over these ranges. To overcome this issue, we initialized the classifiers
with the (already converged) most accurate classifier.

Metrics: Empirical and Expected Utility We evaluated our systems on two metrics of team utility: ex-
pected team utility (Equation[5.5]) and empirical team utility, which draws discrete rewards from the pay-off
described in Table[5.1] A key difference between expected and empirical utilities is that the former incen-
tivizes systems that output a calibrated belief, i.e., in the Accept region it assigns a score proportional to

the system’s confidence in the correct class (Figure [5.3). Empirical utility, in contrast, does not differentiate

3https ://scikit-learn.org/stable/modules/generated/sklearn.datasets.make_moons.html
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Logloss Expected Utility Loss
Classifier | Dataset Accuracy | Expected Util. | Emp. Util. | A Accuracy | A Expected Util. | A Emp. Util.
Fico 0.729 0.487 0.575 -0.247 0.013 -0.075
German 0.754 0.529 0.594 -0.015 0 -0.019
Linear MIMIC 0.881 0.694 0.8 -0.004 0.066 -0.035
Moons 0.885 0.687 0.79 -0.02 0.079 -0.006
recidivism | 0.669 0.485 0.52 -0.17 0.015 -0.02
Scenariol 0.858 0.524 0.593 -0.165 0.102 0.061
Fico 0.725 0472 0.574 -0.244 0.028 -0.074
German 0.752 0.53 0.618 -0.036 -0.027 -0.056
MLP MIMIC 0.881 0.719 0.799 -0.001 0.049 -0.029
Moons 1 0.944 0.989 0 0.049 0.006
Recidivism | 0.674 0.467 0.521 -0.168 0.033 -0.021
Scenariol 1 0.826 0.854 -0.1 0.08 0.057

Table 5.3: Comparison of accuracy, expected and empirical team utilities of classifiers optimized for log-
loss (with a checkpoint on accuracy) and expected team utility (with a checkpoint on expected utility) using
Adam for A = 0.5, a = 1.0, 8 = 1.0. Observations averaged over 50 train/test splits. A indicates difference
with respect to log-loss. Classifier trained to optimize expected team utility achieves higher expected utility
at the cost of automation accuracy. However, we notice a mismatch between expected and empirical utilities—
empirical utility decreased even though expected utility increased.

between a low- and a high-confidence recommendation in the Accept region as long as they are both correct

(or both are incorrect).

Each metric offers different advantages. Maximizing empirical utility aligns well with existing non-
probabilistic discrete metrics for evaluating ML classifiers (such as, accuracy, F1-score, and AUPRC), which
exclusively focus on the discriminative power of models. In contrast, maximizing expected utility is critical
for decision making under uncertainty, i.e., when the outcome of decisions may be probabilistic and thus a
rational agent should maximize for its decision’s expected utility. In fact, the primary result of utility theory,
the accepted, normative theory of action under uncertainty, is that ideal decisions are those that maximize
expected utility [Morgenstern and Von Neumann, 1953]. Maximizing expected utility requires the use of
calibrated probabilities, which is an aspect that is not reflected in empirical utility. Moreover, expected
utility optimization is useful in cases when empirical evaluation of metrics is not feasible due to delayed

reward in the real world or when the definition of empirical ground truth labels is soft and non-discrete.
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Dataset Expected Util L. | Emp. Util L. | AExpected Util (A) | A Emp. Util (B) | A* Emp. Util (C)
Fico-2d 0.475 0.511 0.025 -0.011 -0.004
German-2d 0.514 0.6 0.076 -0.004 -0.016

MIMIC-2d 0.641 0.772 0.121 -0.009 0.005

Moons 0.767 0.813 0.016 -0.006 0.034
Recidivism-2d | 0.478 0.518 0.022 -0.017 0.007

Scenariol 0.707 0.715 0.045 0.069 0.068

Table 5.4: Test performance of linear classifier that optimizes log-loss and team utility using brute-force op-
timization on two-dimensional domains. While we observe consistent improvements in the team’s expected
utility (column marked A) across domains, improvements in expected utility did not translate to improve-
ments in empirical utility (values in column marked B are negative), indicating a mismatch between the
expected and empirical metrics of team utilities. At the same time, exhaustive search shows existence of
linear classifiers with higher empirical utility (column marked C). Values were averaged over five seeds.
Observations in column C on Fico-2d and German-2d were negative on test set due to over-fitting.

5.3.1 Results

RQ1: Table [5.3] shows that the new classifier can improve expected team utility over log-loss. These im-
provements are often achieved by sacrificing the classifier’s individual accuracy. For example, on Scenariol

the new linear classifier improved expected utility from 0.524 to 0.606 even though it was less accurate.

When we considered empirical utility, our method did not always result in improvements. For example,
for the linear classifier, while on Scenariol, the empirical utility increased from 0.593 to 0.654, but on
MIMIC it decreased from 0.8 to 0.765. Ideally, one would expect that an increase in expected team utility
would be accompanied with proportional increase in empirical team utility. However, as Table [5.3] shows,

this was often not the case.

While this mismatch between empirical and expected utilities seems counterintuitive, it is a well know
problem; [Huang et al., 2019] noticed a mismatch between various common ML evaluation metrics, such as
log-loss, zero-one loss, and AUPRC. However, we still considered the possibility that, in practice, the mis-
match perhaps resulted from stochastic optimization getting stuck in local minimas, and that a better opti-
mization procedure would alleviate this mismatch. To pursue this conjecture, we developed two-dimensional
versions of our dataset (by selecting two top most informative features) and trained linear classifiers using
exhaustive search, which by definition cannot get stuck in local minimas. We again found a persistence of
the mismatch between expected and empirical utilities (Table [5.4). In addition, we also noticed that there

exist classifiers with higher empirical utility if the exhaustive search maximizes directly for empirical utility
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(column C in Table , which further demonstrates the existence of the mismatch. E]

These results provide evidence that the challenge with achieving comparable increases in empirical
utility to those in expected utility is not only due to optimization issues (e.g., local minimas and plateaus
due to flatness of the expected utility curve in the solve region). There exists a fundamental ML challenge
of loss-metric mismatch, which was prominent in our setup. In the rest of the section, we present further
analyses of improvements in the normative decision making metric of expected utility, which as described
earlier, is useful in decision-making under uncertainty.

RQ2: While the metrics in Table (change in accuracy and utility) provide a global understanding of the
classifier behavior, here we attempt to understand how these improvements were achieved and whether the
behavior of the new models is consistent with the original intuition. Figure [5.4] displays the difference in
behavior (averaged over 50 seeds) between the classifiers produced by log-loss and the one that maximizes
team utility on the Scenariol and MIMIC dataset. Specifically, as shown in Figure [5.4] we visualize and

compare the following behaviors of the two classifiers:

V1. Calibration using reliability curves, which compare system confidence and its true accuracy. A per-
fectly calibrated system, for example, will be 80% accurate on regions that is 80% confident. However,

in practice, systems may be over- or under-confident.

V2. Distributions of confidence in predictions. For example, in Figure the new classifier makes more

high-confidence predictions than the most accurate classifier.

V3. Density of system accuracy as function of confidence in true label. Thus, the area under this curve
indicates the system’s total accuracy. Note that, for our setup, the area under the curve in the accept

region is more crucial.

V4. Density of expected utility as a function of confidence.

The classifier optimized for the team’s expected utility results in dramatically different predictions than
the classifier trained using log-loss: The new classifier sacrifices accuracy on the uncertain examples (solve

region) to make higher numbers of high-confidence predictions (Accept region). Most importantly, it also

“Note that directly optimizing for empirical utility is not effective via stochastic optimization.
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Figure 5.4: Behavior of linear classifiers that optimize log-loss and expected team utility on the Scenariol
and MIMIC datasets (observations averaged over 50 runs). The latter makes fewer predictions in the solve
region and also sacrifices accuracy in that region to increase it in Accept. We observed a behavior similar
for the MLP model on all datasets (ommitted due to space constraints).

increases the density of system accuracy in the Accept region, which is where the system accuracy matters
and contributes to team utility. Figure[5.4]illustrates the same behavior on the MIMIC in-hospital mortality

prediction dataset.

An interesting exception was Fico, where the system learned to always be uncertain. This may make
sense for the Fico domain because, as shown in Table [5.3] even though the most accurate linear classifier
is 73% accurate on Fico, it achieves an expected team utility of 0.487. This is less than the expected utility
achieved if humans solved the task alone. Hence, the more accurate classifier leads to lower expected team

utility. We observed a similar behavior on recidivism prediction where the linear classifier led to team per-
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dataset a=(0.8 a=(0.9 a=1

Fico 0.257 (0.133) | 0.337 (0.071) | 0.487 (0.013)
German 0.397 (0.046) | 0.444 (0.035) | 0.529 (0)
MIMIC 0.625 (0.127) | 0.644 (0.111) | 0.694 (0.066)
Moons 0.582 (0.162) | 0.616 (0.139) | 0.687 (0.079)
Recidivism | 0.155 (0.073) | 0.292 (0) 0.485 (0.015)
Scenariol 0.224 (0.324) | 0.364 (0.248) | 0.524 (0.102)

Table 5.5: Expected utility of log-loss and improvements for linear classifiers (A Expected Util. shown in
brackets) with varying human accuracy (a) and (A = 0.5 and S = 1.0). Results averaged over 50 random
seeds. Improvements in expected utility are higher when the human is less accurate.

dataset 6=1 £=3 5=5

Fico 0.487 (0.013) | 0.474 (0.026) | 0.431 (0.019)
German 0.529 (0) 0.427 (0.057) | 0.367 (0.118)
MIMIC 0.694 (0.066) | 0.58 (0.008) | 0.543 (0)
Moons 0.687 (0.079) | 0.637 (0.065) | 0.594 (0.085)
Recidivism | 0.485(0.015) | 0.495(0.004) | 0.498 (0.001)
Scenariol 0.524 (0.102) | 0.501 (0.02) 0.5 (0)

Table 5.6: Expected uility of log-loss and improvements for linear classifiers (i.e., A Expected Util., shown
in brackets) with varying cost of mistakes () and (A = 0.5,a = 1.0). Results averaged over 50 random
seeds. On most datasets, gains diminish as the cost of mistakes increases.

formance lower than that associated with people making decisions unaided, even though the classifer had
a 67.4% accuracy (Table [5.3). These cases illustrate timely concerns and questions of when and if an Al

should be deployed to assist human decision-making, which we further discuss in the ethical statement.

RQ3: Since properties such as the accuracy of users and penalty of mistakes may be task-dependant (e.g., an
incorrect diagnosis may be costlier than incorrect loan approval), we varied human accuracy a and mistake

penalty (3 to study the sensitivity in improvements in team utility to a wider range of these task parameters.

Table [5.5]shows improvements in expected utility as we vary human accuracy from 80% to 100% while
keeping A and 3 constant to 0.5 and 1, respectively. These three values of a result in three new values of
optimal threshold ¢(3, A, a): 0.55, 0.65, and 0.75, thus gradually expanding the confidence region in which
the user is likely to solve because they themselves are more accurate. We notice higher improvements in
expected utility from deploying a system when humans are less accurate, e.g., Table[5.5]shows that, on Fico,
improvement in expected utility is 0.133 when the human is 80% accurate whereas it is 0.013 when they
are perfect. One explanation for this behavior is that when humans are less accurate there is greater value

from system recommendations, which widens the accept region and increases the scope where the Al can

106



provide value to the team.

Similarly, Table [5.6] shows the impact of varying cost of mistakes § on improvements. The three values
of (3 increase the accept threshold gradually from 0.75 to 0.91, and therefore shrink the size of the Accept
region. Hence, we start observing smaller gains when the cost of mistake is high, e.g., on the MIMIC dataset
there are no gains, although the trend is also subject to the shape of expected utility and how easy it is to
optimize it. In overall, the trend emphasizes once again that for extremely high-stake decisions, automation

or Al recommendation may not always provide value.

5.4 Discussion and Future Work

Implications for complex human-Al teams While we investigated a simplified human-Al teamwork (as
defined in Section [5.2), our setup allows extensions to more complex team and users. For example, one can
relax our assumption that users are rational by modifying the human-policy in Equation[5.4] so that when the
prediction confidence is greater than the threshold, the user chooses accept with probability p < 1, instead
of 1.0. Here, 1 — p denotes the probability of the user being irrational — assessed from historical data, if
available. Similarly, in more complex situations users may make Accept and solve decisions using a richer,
more complex mental model instead of relying on just model confidence. Such scenarios are common in
cases where the system confidence is an unreliable indicator of performance (e.g., due to poor calibration),
and, as a result, the user develops an understanding of system failures in terms of domain features. For
example, Tesla drivers may learn to override the Autopilot considering such features as road, sun glare, and
weather conditions. We can reduce the case where users have a complex mental model to the policy that we
studied. Specifically, we can construct a new loss function in terms of human utility (in this case, constant)
when the prediction belongs to the solve region (as described by the user’s mental model) and automation
utility otherwise.

While the above extensions to our model are a start, even they may present challenges— If we cannot
optimize empirical utility for our simplified case, it may be harder to optimize performance in the extensions
as they contain more complex user behavior and the resultant loss surface is likely to be more complex,
containing combinations of plateaus and local optima. In addition to these extensions, future work should

also consider more general uses of Al recommendations in support of human decision making. For example,

107



we need to consider common uses that are not constrained to policies where a user either accepts an Al
recommendation or relies completely on their own reasoning. It is natural to expect that users in human-
Al teams will employ their own evidential reasoning to fuse Al inferences (and associated confidences if
shared) with their own assessments. Furthermore, user’s mental models may not be static; instead, they may
change with time as users learn more about the Al. Mental models may also vary across users, as different
people might have different propensity to accept machine recommendations.

Human-subject evaluations are an important next step to understand how factors such as biases, varia-
tions in user expertise, irrational behavior come to play in practice. Is our simple model of human behavior
sufficient for our approach to yield gains in practice? We view our work as a fundamental first step showing
the potential impact of a human-centered model and motivating additional work including real-world stud-
ies with human subjects. Over time, we hope to learn and incorporate rich (and individualized) models of

human behavior into our framework and test them in real-world human-AlI teams.

Empirical utility and auxiliary loss functions While optimizing for teamwork, we faced two fundamen-
tal optimization challenges. First, we observed an an inherent mismatch between empirical and expected
utility as shown in the exhaustive experiments for two dimensional data, which hindered optimization on
the empirical metric, which is often a central consideration in ML. Second, current optimization techniques
were not always effective and in fact sometimes they did not change model behavior because the optimiza-
tion approaches got stuck due to zero gradients and local minimas Solve region.

To support empirical utility maximization, in our initial analysis, we also experimented with an auxiliary
loss function, as shown in Figure [5.5] However, in our experiments this loss function did not lead always
lead to significant gains in empirical utility and when it did it only lead to marginal improvements. Based
on these theoretical and practical challenges, we invite future work on machine learning optimization and
human-Al collaboration to develop new optimization techniques that work well beyond log-loss, robustly

over a more general set of loss of functions that can capture team utility.

Mental models and explainable AI To increase team performance we focused on adapting one Al prop-
erty to user mental models— the Al should be more accurate on instances when the user is more likely to trust

model recommendations. Similarly, future work should study whether other aspects of human-AlI collabo-
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Figure 5.5: An example of an auxiliary loss function Team-loss defined as = log(¢(z,y) + K ), which is
equal to Log-loss in Accept region and constant otherwise. Here, K is a positive constant we added so that
the logarithmic is valid.

ration can be improved by considering user mental models. For instance, mental models could help inform
the nature of explanation given to the users. Such as, when users already trust the model, the system may
be better off offering concise explanations. In contrast, when the users are likely to distrust the model, they
system should be ready to offer detailed explanations/arguments supporting its prediction
2021b]]. Eventually, work on explainable Al aims to improves human-Al collaboration by providing a layer

of communication between users and Al systems. Since explainability does not guarantee improvements

in collaboration [Bansal et al., 2021b], there is need to bring collaboration as an objective to every step of

system development, starting from the training objective. We hope that this work paves the work for future

directions towards uncovering how to develop Al systems for collaboration.

5.5 Related Work

Our approach is closely related to maximum-margin classifiers, such as an SVM optimized with the hinge
loss [Burges, 1998]l, where a larger soft margin can be used to make high-confidence and accurate predic-
tions. However, unlike our approach, it is not possible to directly plug the domain’s payoff matrix (e.g.,
in Table [5.1) into such a model. Furthermore, the SVM’s output and margin do not have an immediate
probabilistic interpretation, which is crucial for our problem setting. One possible (though computationally

intensive) solution direction is to convert margin into probabilities, e.g., using post-hoc calibration (e.g.,
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Platt scaling [Platt, 1999]), and use cross-validation for selecting margin parameters to optimize team util-
ity. While it is still an open question whether such an approach would be effective for SVM classifiers, in

this work we focused our attention on gradient-based optimization.

Another related problem is cost-sensitive learning, where different mistakes incur different penalties;
for example, false-negatives may be costlier than false-positives [Zadrozny et al., 2003; Bach et al., 2006].
A common solution here is up-weighting the inputs where the mistakes are costlier. Also relevant is work
on importance-based learning where re-weighting helps learn from imbalanced data or speed-up training.
However, in our setup, re-weighting the inputs makes less sense— the weights would depend on the classi-
fier’s output, which has not been trained yet. An iterative approach may be possible, but our initial analysis

showed this approach is prone to oscillations. We leave exploring this avenue for future work.

A fundamental line of work that renders Al predictions more actionable (for humans) and better suit-
able for teaming is confidence-calibration, for example, using Bayesian models [Ghahramani, 2015} Beach,
1975; |Gal and Ghahramani, 2016] or via post-hoc calibration [Platt, 1999; [Zadrozny and Elkan, 2001;
Guo et al., 2017; Niculescu-Mizil and Caruana, 2005]. A key difference between these methods and our ap-
proach is that team-loss re-trains the model to improve on inputs on which users are more likely to rely on the
Al predictions. The same contrast distinguishes our approach from outlier detection techniques [Hendrycks

et al., 2018; Lee et al., 2017; Hodge and Austin, 2004]].

Closely related is research on learning to defer [Madras et al., 2018; Mozannar and Sontag, 2020] and
learning to complement [Wilder et al., 2020 07], where the classifier can abstain and defer/query the task
to the user, while accounting for costs and benefits of intervention. While the "Solve" meta-decision in our
framework corresponds to the defer action, our work differs from these works in two important ways. First,
the defer action in prior work is system-initiated whereas in our case it is user-initiated and based on their
mental model. Second, learning to defer does not preclude our methods, since users may create mental
models even when the system does not defer and so the team may still benefit from training a model that

accounts for user’s mental model.

Other recent work that adjusts model behavior to accommodate collaboration includes backward-compatibility
for AI [Bansal et al., 2019b], where the model considers user interactions with a previous version of the

system to preserve trust across updates. Recent user studies showed that when users develop mental mod-
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els of Al system, properties besides accuracy are also desirable, such as parsimonious and deterministic
error boundaries [Bansal ef al., 2019a]. Our approach is a first step towards implementing these desider-
ata within ML optimization itself. Other approaches regularize or constrain model optimization for other
human-centered requirements such as local- or global-interpretability [Wu ef al., 2019 06] or fairness [Jung

et al., 2019; Zafar et al., 2017].

5.6 Conclusions

We studied opportunity to train classifiers that optimize human-Al team performance. We showed the value
of optimizing the expected utility of decision making of human-Al teams in contrast to traditional model
optimization focusing solely on automation accuracy. Investigations and visualizations of classifier behavior
before and after proposed optimization show that the methods can be harnessed to fundamentally change
model behavior and improve the team utility. Changes in model behavior include (i) sacrificing model accu-
racy in low confidence regions for more accurate high-confidence predictions and (ii) increasing accuracy
and number of high-confidence predictions. Such behaviors were observed in both synthetic and real-world
datasets where Al is known to be employed as support for human decision makers, and across various

domain parameters such as human accuracy and cost of mistake.
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Chapter 6

Conclusions and Future Work

In this thesis, we focused on Al-assisted decision making and argued that for such tasks we should develop
and deploy human-centered Al that is designed to augment user performance. Specifically, we discussed
three maxims for developing such Al: first, we discussed how we need to help users determine when to trust
the AI’s recommendations and showed how despite massive interests in XAl there is actually sparse evidence
that explanations help improve human Al teams. We argued that in order to be truly effective, these systems
need to focus on achieving complementary performance and helping users achieve appropriate reliance on
Al Second, we showed how user ability to create a mental model of AI’s trustworthiness is also impacted
by the complexity and stochasticity of its error boundary. Specifically, we observed that its easier to create

mental model of Al when its error boundary is simple and deterministic.

Third, in order to preserve user-system trust, we focused on Al updates and showed how even if updates
increase the model’s accuracy they can decrease human-Al team performance, by introducing behaviors that
are at odds with user’s expectations, e.g., by erring on examples on which the Al was previously correct.
But we also showed how we can mitigate this issue by training backwards compatible updates to gracefully

update the performance of these models.

Finally, we looked at the problem of directly optimizing Al to improve human-Al team performance
by accommodating user’s mental model in the training process. And showed that even for a simple team,
where the users mental model of Al trustworthiness was based on its confidence in its predictions, a lower

accuracy model can achieve higher team performance that the most accuracy Al. However, optimizing the
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team-centric loss functions results in new optimization challenges.

While Al-assisted decision making (with one human and one Al) and the maxims we described are a
good starting point for developing a precise understanding of HCALI, they still represent a small part of the
space of human-Al interaction. Thus, the next few years will be an exciting opportunity to expand the fron-
tiers of research on human-centered AIl: We will not just deepen our understanding of the existing properties
for developing HCAL, but also identify new ones, e.g., enabling explanatory dialogs with Al, enabling user
control, etc. We will expand the breadth of this frontier and apply these principles to interactions with more
complex ML model types (large language models, Github copilot), human-Al teams (e.g., those involving
multiple users or Al, mixed-initiative interactions), and domains (e.g., planning, robotics, etc). Even with
these expansions in the breadth and depth of the research frontier, like this thesis, we will ultimately need
to guide all this research with the goal to augment people’s abilities and ground solution direction in user

needs and evaluation.

6.1 Future 1: Explanatory Dialogs

Most current research on XAl focuses on generating the best explanation for a given representation, e.g.,
finding the most import features [Ribeiro et al., 2016; |Lundberg and Lee, 2017] or prototypes for a model’s
prediction [Koh and Liang, 2017)]. As shown in this thesis, empirically, there is sparse evidence that such
current explanations help users decide when to trust Al recommendations. Hence, a key open problem
is whether we can develop better explanations that promote appropriate reliance? In fact research from
psychology tells us that explanations are a social process— they are a conversation between the explainer
and the explainee [Hilton, 1990; Miller e al., 2017; Weld and Bansal, 2019 05]]. Hence, an important future
direction is to enable explanatory dialogs, where the Al 1) supports multiple different ways to explain, 2)
gives its users control to ask follow-up questions in order to drill down into the system’s reasoning, and 3)
conditions its responses based on what the users already likely know.

Figure 6.1 shows a schematic of an explanatory dialog for one specific task: helping users understand
which concepts a deep neural network has learned. Specifically, the features learned by a node of a robust
ResNet-50 trained on a bird classification dataset (CUB with 200 classes). While understanding the features

learned by an neural network is an important problem in explainable Al, understanding and explaining such
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Figure 6.1: An example of an explanatory dialog for understanding a node of a robust NN for bird classifi-
cation. 0) The user develops an initial hypothesis of the node’s behavior by inspecting the training examples
that activate it the most. 1) The user refines their understanding by asking the model to explain (using
saliency maps) relevance of a prototype shown in previous iteration. 2) The user further verifies whether
the node learned to detect bird legs by asking the UI for a counterfactual image that maximizes the node’s
activation. 3) The user again verifies to explain the relevance of the new prototype. 4) Since the model
focused on the reflection of legs, the user asks another question to drilldown and verify whether the node
can generally detect upside down legs, thus continuing the dialog. Our initial assessment reveals that model
actually fails upon encounters upside-down birds.
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robust neural networks is especially important because 1) in the presence of adversarial examples these
models output more stable predictions than non-robust networks. And, 2) there exist anecdotal understanding
in the research community that these models learn more human-interpretable features than their non-robust
counterparts.

We plan to evaluate explanatory dialogs by asking the following questions and comparing them to base-
lines based on static explanations and model confidence: a) Does it help users understand Al behavior (e.g.,
predict model outputs, detect errors, find error patterns)? For instance, an error patterns could be a slice of
the feature space where the model’s error rate (false-positive, -negative) is higher than average error rate on
the entire test set. In the above figure, the slice was (approximately) described as “Model fails more when
birds are hanging upside-down from branches.” b) Does it help users improve the AI? For example, does
training on more upside-down birds (e.g., through data augmentation or labeling more samples) decrease the
model’s error rate? c) which explanations are essential for completeness of dialogs and which explanations
are most useful (for the above tasks/metrics)? Are there frequent patterns in the questions (e.g., frequently
asked sequences) that users ask? Finally, since there may be a cost to dialog — longer interaction may takes
more time and effort than static explanations, d) is there a tradeoff between the benefits from the insights

and user time/effort?

6.2 Future 2: User Control of XAI and Explanatory Vocabulary Refinement

In the near future, perhaps, explanations may help people better identify incorrect model predictions and
reasoning. But how can we allow the users to also give feedback to these models and correct their predictions
and/or reasoning? For instance, explaining Al models requires defining an explanatory vocabulary. This is
the human-understandable representation in terms of which the model explains its reasoning. For example,
GAMs use semantic features of the task [[Caruana et al., 2015, concept-bottleneck models and TCAV use
human-concepts [Kim et al., 2017 11]], and LIME (for image classification) used super-pixels [Ribeiro ez al.,
2016]. In all these instances, the user could fix the system’s reasoning by giving feedback in terms of this
explanatory vocabulary. For example, by supplying their estimate of the importance of terms and updating
the model [Lee ef al., 2020].

However, just like the features available to any ML model may be incomplete and different from the
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features available to users, its explanatory vocabulary may also be incomplete— the explanatory vocabulary
may not contain the terms or concepts that the user considers necessary for correctly reasoning about a given
prediction. Thus an important sub-problem to enable user control of XAl models is to allow them to refine
and extend a system’s explanatory vocabulary.

Our ongoing work investigates the problem of vocabulary refinement in the context of scientific paper
recommendation, where a black-box classifier (a linear model trained with SCiBERT embeddings [Beltagy
et al., 2019]) recommends users (e.g., researchers) papers relevant to a research feed/topic of their interest
(e.g., explainable AI or ML fairness). The system uses a post hoc explainer ([Ribeiro et al., 2016]) to ex-
plain any prediction in terms of the salience of terms in its explanatory vocabulary that contains frequent
unigrams and bigrams. In this case, the user can correct the system’s reasoning, e.g., by providing the cor-
rect importance of unigrams or bigrams for a prediction and then re-training the model using approaches
such as LIMEADE |[Lee et al., 2020]. But what if the correct reasoning can’t be expressed in terms of these
unigrams or bigrams? For example, what if the correct reason a given paper was relevant to user was be-
cause it provided a theoretical perspective on explainable Al. The theoretical-ness of a text in this case may
be dependent on presence or absence of mathematical symbols, theorems, and proofs. Thus the concept of
a theory paper may not be present in the system’s explanatory vocabulary and the user cannot make the
model sensitive to this new concept. Our current solution direction borrows ideas from interactive machine
learning [Amershi et al., 2014] to first learn these concepts using a few shots and then develops algorithms
to make the model sensitive to these concepts.

Using this setup, we plan to evaluate a) how much effort does it take to learn an abstract concept from
user feedback? b) Can concepts be reused in multiple feeds? c) Does user feedback to refine the explanatory

vocabulary improve the accuracy of the recommender?

6.3 Final Thoughts

The challenge of developing human-centered Al and improving human-Al interaction is interdisciplinary in
nature: Solving it require marrying ideas from artificial intelligence, machine learning, and human-computer
interaction to further our understanding of what kind of Al models we train and how they interface people.

And we want to do all of this with the goal to responsibly augment human performance and experiences. The
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three maxims presented in this thesis provide a good starting point towards this goal for Al-assisted decision
making, but much there remains much to be done to address this challenge for more complex human-Al

teams, domains, and Al models.
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