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Abstract

Hierarchical Drift Diffusion Modeling of Self-Referential Processing in Social Anxiety and Body

Dysmorphic Disorder
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Chair of the Supervisory Committee:

Angela Fang

Department of Psychology

Body dysmorphic disorder (BDD) and social anxiety disorder (SAD) share hallmark features of
heightened self-consciousness and maladaptive self-referential processing (SRP), yet the
cognitive mechanisms underlying SRP in these disorders remain poorly understood. This study
employed hierarchical drift diffusion modeling (HDDM) to examine SRP during a self-referential
encoding task (SRET) among individuals with BDD, SAD, and healthy controls (HC). Drift rate, a
model parameter indexing the efficiency of evidence accumulation, served as a proxy for SRP,
with lower drift rates indicating greater decisional inefficiency in processing self-relevant
information. A total of 58 participants (15 BDD, 15 SAD, 28 HC) judged positive and negative
trait adjectives in self- and other-referential contexts. Both clinical groups endorsed fewer
positive and more negative self-descriptors than HC, with no group differences in other-
referential trials. Critically, both BDD and SAD showed reduced drift rates relative to HC in both
self- and other-referential trials regardless of valence, although deficits were substantially larger
for self-referential decisions. Within-group analyses showed marked self—other drift rate
reductions in clinical groups. Across patients, disorder-specific symptom severity predicted

lower drift rates in self-referential trials even after controlling for depression. No drift rate



differences emerged between BDD and SAD groups, suggesting a shared cognitive process.
Together, these findings integrate computational modeling with experimental task data to reveal
that BDD and SAD involve a generalized inefficiency in evaluating social information, most
pronounced for self-relevant content, highlighting drift rate as a potential transdiagnostic marker

of cognitive impairment.



Introduction

Body dysmorphic disorder (BDD) and social anxiety disorder (SAD) are two closely related
mental health conditions that share significant commonalities, particularly in their core features
of heightened self-consciousness and fear of negative evaluation (Buhimann et al., 2015; Dietel
et al., 2021; Fang & Hofmann, 2010). BDD is characterized by preoccupation with perceived
flaws in physical appearance, often leading to significant emotional distress and functional
impairment. SAD is marked by an intense fear of negative evaluation or embarrassment in
social situations, leading individuals to avoid these interactions or endure them with substantial
distress (Button et al., 2012). Both disorders involve distorted self-perceptions -- BDD focusing
on perceived physical flaws, while SAD centers on fears of social incompetence. These

concerns often lead to avoidance behaviors such as social withdrawal.

A critical transdiagnostic factor contributing to the persistence of these disorders is self-
referential processing (SRP), which involves how individuals interpret and respond to self-
related information, including thoughts, emotions, and social feedback (Boehme et al., 2015;
Ingram, 1990). SRP can be conceptualized on a continuum, with maladaptive SRP referring to
the tendency to interpret and respond to self-related information through a rigid, often negative
lens of the self, such as interpreting neutral social feedback as critical, or viewing fleeting
thoughts as indicative of core personal flaws. In both BDD and SAD, maladaptive SRP may
contribute to negative self-evaluations and an impaired ability to integrate corrective external
information, which may reinforce symptoms in BDD and SAD (lannazzi et al., 2025; Spurr &
Stopa, 2002). Evidence further suggests that appearance concerns in BDD extend to global
negative self-evaluation and low self-esteem (Buhlmann et al., 2009; Johnson et al., 2018; Kuck
et al., 2021), with deficits in emotion recognition being more pronounced in self-referent
contexts (Buhlmann et al., 2006). Similarly, Clark and Wells’ (1995) model of SAD highlights the

role of self-focused attention in maintaining social anxiety symptoms, where individuals



construct a distorted self-perception based on internal cues (e.g., anxiety), assuming these are
visible and judged by others, which is a mechanism supported by substantial empirical evidence
(Coles et al., 2001; Gaydukevych & Kocovski, 2012; Judah et al., 2016; Norton & Abbott, 2016).
Additionally, shared neurobiological mechanisms suggest a role for SRP in maintaining both
disorders (lannazzi et al., 2025), with functional imaging studies indicating dysregulation in brain
regions such as the mPFC and insula, which have been associated with SRP (Finlayson-Short
et al., 2020; Jamieson et al., 2023; Stein, 2015; Yoon et al., 2019). Moreover, overly rigid SRP
may increase the risk of treatment non-response and relapse in depression (LeMoult et al.,
2017; Nolen-Hoeksema et al., 2008). Neural evidence suggests that CBT may improve
outcomes by altering maladaptive SRP-related activity and connectivity in mPFC—ACC

networks (Yoshimura et al., 2014, 2017).

Although theoretical and empirical evidence highlights maladaptive SRP as a core feature of
both anxiety and depression, little research has investigated the mechanisms underlying SRP
using computational approaches. One commonly used paradigm to study SRP is the Self-
Referential Encoding Task (SRET), in which participants judge whether positive (e.g., “honest”)
or negative (e.g., “rude”) trait adjectives describe themselves (self-trials) or another person
(other-trials; Dainer-Best et al., 2018b; Derry & Kuiper, 1981). People with anxiety and
depression are more likely to describe themselves using negative rather than positive words (for
a review on depression, see Collins & Winer, 2022; for anxiety, see Dixon et al., 2022; Goldin et
al., 2009, Tracy et al., 2021), and they take longer to make negative self-judgments compared
to positive ones (Hitchcock et al., 2023). Traditional SRET analyses often focus on reaction
times (RTs), typically summarizing performance across conditions by averaging RTs. However,
this approach has several limitations. First, behavioral summaries derived from RT averages are
frequently inconsistent, which undermines the common assumption that they represent stable,

trait-like characteristics (Brown et al., 2020; Hitchcock et al., 2022; McNally, 2019). Second,



averaging RTs obscures individual variability in trial-by-trial responses, ignoring the dynamic
nature of decision-making processes (Luu et al., 2000; Noorani, 2014). Third, mean RTs reflect
an amalgamation of psychological processes, including both decisional and non-decisional
components, such as attentional engagement and motor preparation. As a result, they may lack
reliability and fail to isolate specific cognitive mechanisms (Grennan et al., 2023; Haines et al.,

2020; Price et al., 2019).

To address these limitations, drift diffusion models (DDMs) offer a powerful alternative by
estimating latent parameters that characterize the decision-making process on a trial-by-trial
basis (Myers et al., 2022; Ratcliff, 1978). This modeling approach allows for the separation of
evidence accumulation from non-decisional components, enabling a more precise and stable
analysis of decision-making processes. Importantly, hierarchical drift diffusion models (HDDMs)
are particularly well-suited for SRET data, as they can capture individual differences in certain
cognitive processes involved in forced choice decisions, which enables inferences about the
computational mechanisms associated with SRP (Allison et al., 2021; Beevers et al., 2019;
Cataldo et al., 2023; Dainer-Best et al., 2018; Hitchcock et al., 2022; Price et al., 2021). In
particular, drift rate is a key parameter in DDMs that reflects the latent rate at which evidence
accumulates toward making a decision (Ratcliff & McKoon, 2008; Ratcliff et al., 2016). Because
DDM can model trial-by-trial variability, reduce the influence of outlier trials, and disentangle
lower-level processes, such as motor and visual components, drift rate may serve as a more
rigorous measure of information processing speed than mean reaction time (Voss et al., 2013).
Higher drift rates indicate faster and more consistent responses (i.e., evidence accumulates
more quickly toward a decision), whereas values closer to zero reflect slower and less
consistent responding (Lerche et al., 2017). An increasing number of studies have applied DDM
to self-referential tasks, with findings showing that drift rate predicts symptom severity in

conditions such as depression and anxiety (e.g., Castagna et al., 2022; Disner et al., 2017;



Price et al., 2021). This computational approach provides a robust framework for disentangling
the cognitive and non-cognitive components underlying SRP, paving the way for a more

nuanced understanding of maladaptive cognitive processes in these disorders.

In this study, we applied HDDM on SRET to examine SRP as a transdiagnostic mechanism in
individuals with BDD and SAD. We chose to examine SRP in SAD and BDD based on
theoretical and empirical work highlighting substantial similarities between the two disorders in
their underlying psychopathology and neurobiology (Clark & Wells, 1995; Fang & Hofmann,
2010; Hofmann, 2000; lannazzi et al. 2025; Veale, 2004). HDDM is particularly well-suited to
address questions about shared cognitive mechanisms underlying multiple disorders, as it
exploits heterogeneity by modeling trial-wise variability. To date, no studies have directly
modeled trial-level SRP dynamics in transdiagnostic samples using HDDM, leaving open key
questions about whether and how altered evidence accumulation contributes to negative self-
bias in these disorders. Moreover, most SRET-based SRP studies compare self-referential trials
only with neutral, non-evaluative control trials, without including other-referential conditions. This
omission limits the ability to determine whether deficits are specific to SRP or instead reflect a
broader inefficiency in evaluation-related information processing about anyone. The present
study addresses these gaps by applying HDDM to SRET data incorporating both self- and
other-referential trials in individuals with BDD and SAD, with a focus on drift rate as a
computational index of aberrant SRP. In the context of the SRET, drift rate reflects the speed
and efficiency with which individuals accumulate evidence toward a descriptive judgment, which
may be biased or slowed when maladaptive SRP interferes with processing positive or negative
self-relevant information. We hypothesized that participants with BDD and SAD would show
reduced drift rates in self-referential trials compared to other-referential trials, regardless of word
valence. Additionally, these clinical groups were expected to exhibit lower drift rates in self-

referential trials for both positive and negative words compared to healthy controls. Finally, we



hypothesized that within the BDD and SAD groups, drift rates would be negatively associated

with symptom severity, reflecting a shared transdiagnostic mechanism of altered SRP.

Materials and Methods

Participants

Participants included 30 individuals diagnosed with either primary Social Anxiety Disorder (SAD;
n = 15) or primary Body Dysmorphic Disorder (BDD; n = 15), as well as 28 healthy controls. All
participants were recruited through online and print advertisements, clinician referrals, and self-
referrals to specialty clinics within a large academic medical center, as part of a larger treatment
study examining the brain correlates of SRP (Fang et al., 2022; Fang et al., 2024). Clinical
participants met criteria for primary SAD or BDD (LSAS total score =50 for primary SAD and
BDD-YBOCS total score 220 for primary BDD) and elevated levels of trait self-focused attention
based on scoring 218 on the Public Self-Consciousness Scale Revised (Scheier & Carver,
1985). Healthy controls had no lifetime history of psychiatric disorders and endorsed low levels
of trait self-focused attention (<9 on the Public Self-Consciousness Scale Revised). Additional
inclusion and exclusion criteria for all groups were associated with the parent study, as follows:
ages 18-45, right handed (as assessed by the Edinburgh Handedness Inventory), MRI
contraindications, no history of neurological illness, neurosurgery, or significant head trauma,
current or past manic or psychotic episodes, no alcohol or substance dependence in the past
year, no current cognitive behavioral therapy (CBT) or formal mindfulness/meditation training,
no history of 210 sessions of CBT or formal mindfulness training, and no current use of
psychotropic medications (except for clinical participants on a stable regimen for at least two
months prior to the first study visit). Patients and controls were matched on demographic
variables including age, sex, race, ethnicity, and education. All procedures were approved by
the XXXXXXX (IRB Protocol No: XXXXXX), and written informed consent was obtained from all

participants prior to starting study procedures.



Measures and Task

Structured Clinical Interview for DSM-5, Research Version (SCID-5-RV). The SCID-5-RV
(First et al., 2015) was used during the screening visit to assess primary psychiatric disorders
based on DSM-5 criteria. This semi-structured interview was conducted by a licensed

psychologist (A.F.).

Liebowitz Social Anxiety Scale (LSAS). The LSAS (Liebowitz, 2013) is a clinician-
administered measure designed to assess the severity of social anxiety symptoms over the past
week for participants with a primary diagnosis of SAD. It includes two subscales, fear and
avoidance, in various social situations, and scores from both subscales are combined to yield
an overall severity score. The LSAS showed strong internal consistency in this sample (a =

0.88).

Yale-Brown Obsessive-Compulsive Scale Modified for Body Dysmorphic Disorder (BDD-
YBOCS). The BDD-YBOCS (Phillips et al., 1997) is a clinician-rated measure that evaluates
BDD symptom severity over the past week, focusing on the frequency and functional impact of
BDD-related obsessions and compulsions. The scale showed good to excellent internal

consistency in this sample (a = 0.86).

Beck Depression Inventory- Il (BDI-ll). The BDI-II (Beck et al., 1996) is a widely used self-
report questionnaire that assesses the severity of depressive symptoms experienced over the
past two weeks. It includes items measuring cognitive, emotional, and physical aspects of
depression, such as sadness, guilt, and fatigue. The scale has demonstrated excellent internal

consistency in clinical and non-clinical populations (a = 0.91).

Self-Referent Encoding Task (SRET). The SRET (lannazzi et al., 2025; Kelley et al., 2006) is

a two-alternative forced-choice task used to assess SRP (Figure 1). Participants viewed



adjectives on the screen and responded to one of two trial types: Self (“Does this adjective
describe you?”) or Other (“Does this adjective describe Former U.S. President Barack
Obama?”), indicating their answers via button press. Obama was selected as the referential
“Other” to maintain consistency with prior literature and our own previous work, as presidents
and well-known public figures are commonly used in SRET paradigms (Murray et al., 2012).
Each trial lasted 2500 ms and displayed a cue word (“SELF” or “OBAMA”) above a central
fixation cross as well as a unique adjective (e.g., “POLITE”) below it. The cue and adjective
appeared simultaneously for 2000 ms, while the fixation remained onscreen throughout the trial.
A total of 270 adjectives were drawn from a pool of normed personality- and appearance-related
traits (Anderson, 1968), balanced across valence (Vs positive, 4 negative, ¥ neutral), word
length, and syllable count. The task included three functional runs, each consisting of 90 trials:
45 Self, 45 Other. Within each run, 15 Self trials, 15 Other trials, and 15 fixation-only trials were
pseudo-randomly intermixed to ensure each trial type followed every other type equally oftenl.
Additional jittered fixation trials (2500—-12500 ms) were interspersed to enable estimation of
distinct hemodynamic responses per condition. Participants completed the SRET during fMRI.
Due to our modest sample size and model complexity, neuroimaging data were not included as

a third predictor to avoid overfitting and convergence issues (see also Discussion).
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FIGURE 1. (A) The SRET (Self-Referent Encoding Task) design. Participants judge whether the

given words are descriptive of themselves or of another person (Former U.S. President Barack



Obama) during the encoding phase. (B) Schematic of the DDM decision-making process for
several trials (Myers et al., 2022). Two horizontal lines indicate two responses (“Yes” or “N0o”).
The red and blue lines signify the evidence accumulation process as a noisy process; some
trials might reach the same responses at different times and may also reach the opposite
boundary, resulting in the opposite answer, depicted here as a blue line. The drift rate (v)
represents the average slope of the evidence accumulation process across numerous trials. A
lower drift rate reflects a compromised speed and efficiency with which individuals accumulate
evidence toward a judgment, which may indicate that maladaptive SRP interferes with

processing positive or negative self- or other-relevant information.

Data Analysis

Models were run with the Hierarchical Drift Diffusion Modeling (HDDM) Python toolbox (Wiecki
et al., 2013) with stimulus coding (Ratcliff & McKoon, 2008). All participants (N = 58) were
analyzed in a single hierarchical within-subject model using effect coding for both valence
(negative = -1, positive = 1) and trial type (self-referential = -1; other-referential = 1) to estimate
the effects of valence and trial type on drift rate (v), formalized as: Drift rate ~ valence x trial

type. Outlier trials with reaction times <200 ms were excluded (0% of trials).

Our approach involved three key steps: (1) Comparing the fit of nested HDDMs of increasing
complexity by incorporating two within-subject regressors (i.e., word valence, self- or other-
referential trials), their interactions, and additional model parameters (e.g., starting point bias,
non-decision time variability); (2) Validating the best-fitting model through model validation,
parameter recovery, and quality checks; and (3) Examining the associations between model
parameters (such as drift rate), diagnostic groups, and symptom severity, controlling for

depressive symptoms given their known influence on SRP.



For each model, 2,000 posterior samples were generated, with the first 1,000 discarded as
burn-in. Convergence was assessed via the Gelman-Rubin statistic (R < 1.1; Gelman & Rubin,
1992) by comparing within-chain and between-chain variance of different runs of the same
model, and visual inspection of trace and autocorrelation plots. Model fit was compared using
the deviance information criterion (DIC; Spiegelhalter et al., 2002), with lower scores indicating
better fit. Predictive checks confirmed parameter recoverability (range: 0.86—0.99, median: 0.92;

Table 2).

While group-level models can test between-subject differences, they often lack power to detect
within-subject condition effects (e.g., valence/trial type on drift rates) due to overlapping
posterior variances across conditions (Wiecki et al., 2013). By pooling all participants into a
single hierarchical model, we improved parameter estimation for trial-level effects while retaining
the ability to test group and symptom effects post hoc. HDDM does not support simultaneous
modeling of within-subject regressors (e.g., trial-level valence/trial type) and between-subject
continuous covariates (e.g., symptom severity). To address this, we adopted a two-step
approach. First, we estimated condition-specific drift rates (e.g., self-positive, other-negative) for
each participant based on the parameter coefficients from the best-fitting model; Second, we
extracted maximum a posteriori (MAP) estimates of condition-specific drift rates (e.g., self-
negative, other-positive) for each participant from the best-fitting HDDM model and conducted
mixed-effects and linear regression analyses to test our hypotheses about group differences
and model parameter associations with symptom severity. This approach is widely used in
computational psychiatry (e.g., Frank et al., 2015) to disentangle trial-level cognitive processes
from individual differences in clinical symptoms. These estimates were analyzed in R (version
4.5.0; R Core Team, 2024) to address two questions: (1) Group differences: a mixed-effect
model was conducted to compare drift rates across diagnostic groups (HC, SAD, BDD) and

SRET conditions (Self-Positive, Self-Negative, Other-Positive, Other-Negative); (2) Symptom



Relationships: Separate linear regressions examined associations between drift rates and
symptom severity (e.g., LSAS & BDD-YBOCS scores) in the clinical group, controlling for
depression severity (BDI-Il scores). Symptom severity was standardized prior to analysis by
dividing each observed score by its maximum possible value to enable cross-group linear
regression (i.e., LSAS scores were divided by 144, BDD-YBOCS scores were divided by 48,

and BDI-Il scores were divided by 63).

Results

Demographic and clinical characteristics

Table 1. Sample Characteristics. BDI-Il = Beck Depression Inventory-Il. LSAS = Liebowitz
Social Anxiety Scale. BDD-YBOCS = Yale-Brown Obsessive-Compulsive Scale Modified for
BDD. BABS = Brown Assessment of Beliefs Scale. ?t-statistics reflect differences between

social anxiety disorder (SAD) and body dysmorphic disorder (BDD) groups.

Control
Demographic Clinical (n=30) f\?e::ﬁ t/y
Characteristics Mean £ SD/n (%) SD - X P
I n (%)
A 254+3.8 257+3. 0.28 0.78
ge 9
Sex 0.20 0.65
Female 23(76.7) 20(71.4)
Male 7(23.3) 8 (28.6)
Race 165 0.65
Caucasian 19 (63.3) 18 (64.3)
Asian 8(26.7) 5(17.9)
Black/African 2(6.7) 2(7.1)
American
More than one race 1(3.3) 3(10.7)
Ethnicity 0.09 0.76
Non-Hispanic or 26 (86.7) 25 (89.3)

Latino



Hispanic or Latino 4(13.3) 3(10.7)

Unspecified 0(0.0) 0(0.0)
Highest Level of Education 296 040

Some College 3(10.0) 0(0.0)

College Graduate 17 (56.7) 18 (64.3)

Some Postgraduate 1(3.3) 1(3.6)

Postgraduate/Professio 9(30.0) 9(32.1)

nal Degree
Clinical Characteristics ?A[;gn(rrgg) S,\'/T‘e[;r(]n; 18?)) t P
Age of onset (years) 23.9+2.1 27 +4.4 248 0.02
BDI-lI 15.5+125 17.0+14.7 04(0.7) 0.29 0.77
LSAS --- 80.3+16.0 --- --- ---
BDD-YBOCS 30.2+6.6 - - - -

As shown in Table 1, patients and healthy controls did not differ in age, sex, race, ethnicity, and
education. Similarly, patients with SAD and those with BDD were comparable across
demographic and clinical characteristics, with the exception of age: individuals with SAD were
significantly older than those with BDD (SAD: M =27.00, SD =4.41; BDD: M =23.87,SD =
2.13;t=2.48, p <.05). Seven patients were taking psychotropic medication at a stable dose for
at least two months before study participation, including amphetamine (2 SAD, 1 BDD),

escitalopram (1 SAD), and citalopram (3 BDD).

Descriptive statistics

Since SAD and BDD groups did not differ from each other for both endorsement and reaction
time in any condition (p’s > 0.05), subsequent group comparisons were conducted between the
control and the combined clinical group. For endorsement, participants endorsed positive words
much more frequently than negative words across all trial types. A linear mixed-effects model
with random intercepts for subjects examined the effects of diagnosis (Clinical vs HC), valence

(Pos vs Neg), and trial type (self vs other) on endorsement ratio. There was a significant main



effect of valence, with higher endorsement ratio for positive versus negative trials, § = 0.904, SE
= 0.036, t(168) = 25.29, p < .001. The diagnosis x trial type interaction was significant, 3 =
0.231, SE = 0.050, t(168) = 4.65, p < .001, indicating that the effect of diagnosis differed
between Self and Other trials. So was the three-way diagnosis x valence x trial type interaction,
B =-0.482, SE = 0.070, t(168) = -6.86, p < .001, indicating that diagnosis effects on Self versus
Other trials depended on valence. Other main effects and lower-order interactions were not

significant. The largest group differences occurred for negative-self trials.

For reaction time, participants generally responded more slowly to negative words than positive
words and faster in other-referential trials than in self-referential trials (mixed-effect model:
Valence Beta (SE) = -0.08 (0.01), p <.001; Trial Type Beta (SE) = 0.10 (0.01), p < .001;
Valence x Trial Type Beta (SE) = -0.05 (0.02), p < 0.01). When diagnosis group was included,
there was a significant main effect of diagnosis, with patients responding slower than controls, 3
=0.102, SE = 0.050, t(73.55) = 2.05, p < .05. Positive-valence trials were faster than negative-
valence ftrials, B =-0.076, SE = 0.021, t(168) = -3.59, p < .001, and self-referential trials were
slower than other-referential trials, B = 0.059, SE = 0.021, t(168) = 2.81, p < .01. The diagnosis
x trial type interaction was significant, 3 = 0.083, SE = 0.029, t(168) = 2.84, p < .01, indicating
that patients were disproportionately slower on self-referential trials. Additionally, the valence x
trial type interaction was significant, B = -0.074, SE = 0.030, t(168) = -2.50, p < .05, reflecting
faster responses on positive-self trials relative to negative-self trials. No other interactions were
significant, including the three-way interaction (p > .05). Post-hoc pairwise comparisons further
clarified that for other-referential trials, patients were slower than controls only in negative trials.
(for negative trials: B =-0.102, SE = 0.050, p < 0.05; for positive trials: = -0.096, SE = 0.050,
p >0.05). These results indicate that group differences in reaction time were largest on self-

referential trials, particularly for positive words.
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FIGURE 2. Behavioral endorsement (left) and reaction times (right) by trial conditions for
positive (blue) and negative (red) words, self- and other- trial conditions (x-axis). Small light
points show subject means and darker points show group means; error bars show 95%

confidence intervals.

Model fitting and model validation

Five nested models were compared using DIC. As seen in Table 1, HDDM fitting captured
these behavioral effects. Compared to a baseline model without regressors, model fit
significantly improved after including a regressor for Valence on the drift rate. The fit improved
further with the addition of trial type and their interactions with valence. Incorporating a starting-
point bias term, which reflects a preference for responding “yes” or “no” regardless of the
adjective, also enhanced the model fit. However, adding additional across-trial variability
parameters (sv, sz, and st) only slightly increased the model’s DIC. Although the full model had
a slightly lower DIC compared to simpler models, we selected Model 3 (adding bias only) as the

best-fitting model based on the principle of parsimony.

Table 2 Deviance Information Criterion (DIC) statistics of models examined



Model DIC A DIC

Null Model 13416 0

+ valence 8131 -5285

+ valence*trial type 7616 -5800

+z 7538 -5878
+8v 7544 -5872
+sz 7537 -5879
+ st 7543 -5873

Note: DIC values for each model tested, with lower DIC values indicating better model fit. The
ADIC column represents the difference in DIC values relative to the null model, with negative
values representing improvements in fit. Models include the Null Model, models incorporating
Valence, the interaction between Valence and Trial Type, and models adding parameters such
as bias (z), starting point variability (sv), starting bias variability (sz), and non-decision time
variability (st). The best-fitting model, indicated by the lowest DIC, includes both regressors

(valence, valence*trial) and starting bias parameters (+z).

Inferential Statistics

We estimated drift rates for four trial conditions (Positive-Self, Positive-Other, Negative-Self,
Negative-Other) based on the MAP estimates of model-based coefficients to assess processing
strength independent of response direction (see Figure 4). Negative drift rates indicate higher

'no’ response tendencies for negative stimuli. A linear mixed model tested group x condition



effects on drift rates, with follow-up Bonferroni-corrected comparisons. A Type Il mixed ANOVA
with Satterthwaite’s method was conducted to examine the effects of diagnostic group (HC vs.
Clinical) and condition (Neg-Other, Neg-Self, Pos-Other, Pos-Self) on drift rate. There was a
significant main effect of diagnostic group, F(1, 56) = 54.93, p < .001, a significant main effect of
condition, F(3, 168) = 64.36, p < .001, and a significant diagnostic group x condition interaction,
F(3, 168) = 24.25, p < .001, indicating that both overall drift rates and their modulation by
condition differed across groups. Post-hoc group comparisons with Bonferroni correction
demonstrated HC had consistently larger drift rates across all trial conditions compared to the
clinical group, with the more pronounced HC-Clinical group differences emerging in the self-
referential conditions (Neg-Other: difference (SE) = 0.65 (0.15), t(85.56) = 4.34; Neg-Self:
difference (SE) = 1.31(0.15), 1(85.56) = 8.72; Pos-Other: difference (SE) = 0.68(0.15), t(85.56) =
4.53; Pos-Self: difference (SE) = 1.35(0.15), 1(85.56) = 8.94; all p’s <.001). Drift rate in both
SAD and BDD was lower than HC by more than 1.3 units in both positive and negative valence
conditions. Although HC also outperformed SAD and BDD in other-referential conditions, the
differences were smaller, ranging from 0.58 to 0.73 units (all p’s <.01). Again, SAD and BDD
groups did not differ from each other in any condition (all p’s > .05), suggesting transdiagnostic

impairments in self-other referential processing.

Consistent with our hypothesis, within-group comparisons further revealed that the clinical group
demonstrated substantially lower drift rates for self-referential compared to other-referential
trials, with differences of 0.94 (SE=0.08) units in the negative condition and 0.78 (SE=0.08)
units in the positive condition (all p’s <.0001). In contrast, HC showed no significant difference
in the positive condition and a smaller self-other difference in the negative condition, with a
0.28-unit (SE=0.08) drop for negative-self compared to negative-other trials (p <.01). These
results highlighted significantly compromised SRP in SAD and BDD compared to HC, and

supported our hypothesis regarding group differences in drift rate in self versus other trials.



Relationship Between Symptom Severity and Absolute Drift Rate
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Figure 3. left: MAP estimates of drift rates across diagnosis groups and trial conditions. Drift
rates were maximum a posteriori (MAP) estimates of the subject-level traces. Small light points
show subject means and darker points show group means; error bars show 95% confidence
intervals. Right: Correlation between absolute values of drift rates and symptom severity.
Absolute values were used because negative drift rates indicate a tendency to choose “no”,

whereas the magnitude (absolute value) reflects the speed of evidence accumulation.

Pearson correlations were performed to examine the associations between absolute drift rates
and clinical measures, including depression severity (indexed by mean-centered BDI-Il scores)
and symptom severity specific to BDD/SAD (indexed by proportional mean-centered LSAS and
BDD-YBOCS scores). Significant negative correlations were observed between drift rates and
both depression and symptom severity, predominantly in the self-referential conditions.
Specifically, depression severity was only marginally correlated with drift rates in the Positive-
Self (r = -0.34, p >.05) but not in other conditions. Instead, symptom severity was negatively
associated with drift rates in the Positive-Self (r = —.52, p < .001) and Negative-Self (r = -.48, p
< .05) conditions. In contrast, drift rates in other-referential conditions did not show significant
correlations with either depression (Positive-Other: r = -0.30, p > .05; Negative-Other: r = -0.07,

p > .05) or symptom severity (Positive-Other: r = -0.22, p > .05.; Negative-Other: r = -0.09,



p > .05; see Table 3). tAdditionally, disorder-specific symptom severity and depression is
moderately correlated as expected (r =0.54, p <.001). These findings indicate that reduced
evidence accumulation speed during self-referential decision-making is closely linked to higher
levels of symptom severity in BDD and SAD, highlighting the potential importance of SRP

deficits in these disorders.

Table 3. Pearson Correlation Between Drift Rates and Symptom Severity in BDD/SAD groups.
Pearson correlation coefficients (r) and p-values (in parentheses) for the relationships between
drift rates in four trial conditions, Positive-Self, Positive-Other, Negative-Self, and Negative-
Other, and participants’ symptom severity (centered proportional LSAS/BDD-YBOCS scores)

and depression severity (standardized BDI-Il scores).

Drift rate Positive-Self ~ Positive-Other Negative-Self Negative-Other

symptom severity (p)  -0.52 (0.00) -0.22 (0.24) -0.48 (0.01) -0.09 (0.63)

depression (p) -0.34 (0.06) -0.30 (0.11) -0.27 (0.16) -0.07 (0.70)

Last, we conducted a series of linear regression analyses to examine associations between
symptom severity and drift rate in the clinical group, while controlling for depression severity
(Table 4). We found that symptom severity significantly predicted both negative-self drift rates (8
=-1.77, p < .05) and positive-self drift rates (f = -1.69, p < .05), with higher severity associated
with lower drift rates in both conditions, which supported our hypothesis. Neither negative-other
drift rates nor positive-other drift rates were significantly predicted by symptom severity.
Depressive symptoms did not significantly predict drift rates in any condition. The models for
self-related conditions explained a moderate proportion of variance (negative self: adjusted R? =
.18, positive self: adjusted R? = .22), whereas models for other-related conditions showed

minimal explanatory power (negative other: R? = -.06, positive other: adj R? = .03). These results



suggest that symptom severity in BDD and SAD is more strongly linked to self-relevant

perceptual decision-making than to processing of others.

Table 4. Linear regression: symptom severity predicting positive and negative drift rates in self-

referential trials during the SRET

Drift rate Predictor B SE t p Lower  Upper
95% Cl  95% CI

Negative_Self depression -0.02 045 -0.04 0.97 -0.93 0.89
Symptom severity -1.77 0.74 -240 0.02 -3.29 -0.26
Positive_Self  depression -0.120 0.42 -047 064 -1.06 0.66

Symptom severity -1.69 0.70 -242 0.02 -3.12 -0.25

Negative_Other depression -0.08 054 -015 088 -1.18 1.02
Symptom severity -0.29 090 -0.33 0.75 -2.12 1.54
Positive_Other  depression -0.47 040 -117 025 -1.30 0.36
Symptom severity -0.26 0.67 -0.39 0.70 -1.63 1.12
Model R2 Adjusted R? F p value
Negative_Self 0.23 0.18 412 0.028
Positive_Self 0.28 0.22 5.13 0.013
Negative_Other 0.01 -0.06 0.13 0.88
Positive_Other 0.10 0.03 1.41 0.26
Discussion

SRP has increasingly been recognized as a core transdiagnostic mechanism contributing to the

onset and maintenance of a wide range of psychiatric disorders. Across conditions such as



SAD, BDD, and depression, disruptions in how individuals evaluate and respond to self-related
information appear to underlie key clinical symptoms, including heightened self-consciousness,
excessive rumination, and negative self-evaluation. While these behavioral manifestations of
SRP dysfunction are well-documented, understanding the cognitive computations driving them
has been more elusive. Computational modeling offers a promising method to quantify the latent
processes underlying SRP, allowing researchers to move beyond self-report and behavior to
identify how individuals weigh self- versus other-related information. This study applied a HDDM
to examine SRP in individuals with BDD, SAD, and healthy controls, on a self-referential
encoding task, judging whether positive or negative adjectives described themselves or another
person (Barack Obama). By modeling trial-level decision data, we aimed to capture the
efficiency of evidence accumulation in self- versus other-referential conditions. Including both
clinical and healthy groups enabled a transdiagnostic investigation of SRP-related disruptions,

moving beyond descriptive behavioral patterns to test for underlying cognitive mechanisms.

Our findings revealed distinct alterations in both self- and other-referential processing among
individuals with BDD and SAD, relative to HC. First, consistent with our hypothesis, the clinical
group demonstrated significantly lower drift rates than controls. The effect was most
pronounced in self-referential trials (positive and negative), but was actually evident across all
four conditions, which was unexpected. Within-group comparisons revealed that the difference
in drift rate between self- and other-related conditions was significantly larger in the clinical
group compared to healthy controls, indicating a more salient disruption in SRP. Importantly,
drift rates did not significantly differ between the BDD and SAD groups across any of the four
conditions, supporting the idea of a shared transdiagnostic mechanism. Second, lower drift
rates were significantly associated with higher symptom severity. Follow-up linear regression
analyses indicated that greater symptom severity predicted lower drift rates in self-related trials,

but not in other-related trials, within the clinical groups, even after controlling for depression



severity. Together, these findings suggest that individuals with BDD and SAD experience a
generalized inefficiency in evidence accumulation, with particularly pronounced disruptions

during SRP, likely reflecting a shared transdiagnostic mechanism linked to symptom severity.

Multiple findings from our study suggest differences in evidence accumulation during self-
referential decision-making in individuals with BDD/SAD. Specifically, in self-referential trials, we
observed higher endorsement ratios for negative words and lower endorsement ratios for
positive words in the clinical compared to control group. These results are consistent with a
robust literature linking SRET performance with SAD, with previous studies showing reduced
endorsement of positive traits and increased endorsement of negative traits compared to
healthy controls (Dixon et al., 2022; Goldin et al., 2009; Talmon et al., 2021). Another study
found that the typical positivity bias (i.e., greater endorsement of positive words) was diminished
or absent among individuals with low and high social anxiety during the recollection of
adjectives in self-referential trials (Kalenzaga & Jouhaud, 2018). Moreover, our finding that drift
rate was associated with BDD/SAD symptom severity and remained a negative predictor in self-
referential trials after controlling for depression severity replicates a similar finding showing
inverse relationships between drift rate and social anxiety/depression severity in an adolescent

sample (Castagna et al., 2022).

To our knowledge, this is the first study to examine SRP performance in individuals with BDD,
yet it is not surprising that the results mirrored those observed in SAD, suggesting a
transdiagnostic deficit in SRP across both disorders. While BDD is primarily characterized by
excessive preoccupation with appearance, prior research indicates that these concerns often
extend to broader negative self-evaluation and low self-esteem (Buhlmann et al., 2009; Johnson
et al., 2018; Kuck et al., 2021; Holmes et al., 2025). Notably, deficits in emotion recognition in
BDD appear to be particularly pronounced in self-relevant contexts (Buhlmann et al., 2006). Our

results are consistent with another recent study employing Bayesian multilevel modeling and



Wiener diffusion models to analyze responses in a sentence word association paradigm (Dietel
et al., 2021). That study found that both BDD and SAD participants exhibited shared explicit and
implicit interpretation biases toward positive and negative adjectives across both appearance-
related and social contexts. Our results lend support to the notion that altered SRP could
contribute to interpretation biases observed in both BDD and SAD, particularly through altered
endorsement and compromised evidence accumulation in self-relevant contexts. More broadly,
the striking similarity in self-referential patterns across these two disorders reinforces the notion
of cognitive proximity between BDD and SAD (Fang & Hofmann, 2010; Fang & Wilhelm, 2015).
Despite differences in symptom focus, both conditions appear to involve overlapping disruptions
in self-concept and information processing. This convergence points to potentially shared
underlying mechanisms, such as fear of negative evaluation or core beliefs of inadequacy,
which may operate transdiagnostically. Recognizing these commonalities could inform more
integrative models of psychopathology and guide the development of transdiagnostic
interventions targeting self-referential cognitive distortions, such as mindreading and

personalization.

Contrary to our hypothesis, both clinical groups demonstrated lower drift rates in other-
referential trials regardless of valence, although the impairment was less pronounced than in
self-referential trials. We observed this pattern across BDD and SAD groups, which may
indicate inefficient information accumulation not only during SRP, but also when evaluating
others, indicating a broader evaluative processing deficit. By far, few existing SRET studies,
including those focusing on depression and SAD, have incorporated both self- and other-
referential conditions (e.g., Kalenzaga & Jouhaud, 2018), limiting understanding of whether the
SRP deficits are really specific to self-contexts or generalize to contexts involving processing
information about any person. Research supports self- and other-referential processing as

inextricably linked constructs, with one being necessary for the other: our sense of self is



informed by social information from our environment and we evaluate the experience of others
using our internal model of ourselves (Forgas & Williams, 2003; Molnar-Szakacs & Uddin, 2013;
Mead & Morris, 1934; Uddin et al., 2007). One possibility is that this reflects a shared cognitive
vulnerability across SAD and BDD, such as diffuse self-focused attention, cognitive rigidity, or
heightened internal noise, that disrupts efficient decision-making even in contexts that are not
explicitly self-relevant. For instance, when evaluating others (i.e., Obama), individuals with SAD
or BDD may still engage in self-referential thinking, such as “What would | think if someone
described me this way?” or “How does this compare to me?” This kind of self-involvement could
interfere with task performance regardless of trial type. Another possibility is that the evaluative
nature of the task itself triggers heightened fear of social judgment, excessive deliberation, or
concern about making mistakes, even when the judgment is directed at someone else. More

studies should be conducted to understand the role of self-other processing in these disorders.

This study included depression severity as a covariate, drawing on a substantial body of
literature that demonstrates a negative association between drift rate and depression severity in
the SRET (Allison et al., 2021; Castagna et al., 2022; Disney et al., 2017; Fritzsche et al., 2013;
Goldstein et al., 2015; Hitchcock et al., 2022; Hsu et al., 2020; LeMoult et al., 2017) However,
this pattern was not fully replicated in our study: depression severity was marginally associated
with drift rate only in the positive-self condition. When both depression and BDD/SAD symptom
severity were entered into a regression model, only disorder-specific symptoms significantly
predicted drift rates across valence conditions. A key distinction from prior work is that
participants in the current study were primarily diagnosed with BDD or SAD, not major
depressive disorder; depression, when present, was a comorbid condition. BDD and SAD may
be characterized by more narrowly focused self-schemas centered on appearance and social-
evaluative concerns, which may exert a stronger and more direct influence on SRET decision-

making than the broader self-critical cognitions typical of major depression. In our study, SRP



may correspond to a potential transdiagnostic cognitive mechanism tied specifically to social-
evaluative concerns, rather than mood disturbance alone. Another likely contributor to the non-
significant depression effect is the substantial shared variance between depression severity and
disorder-specific symptoms (r = 0.54), with the latter potentially capturing more task-relevant

cognitive processes.

One of the main strengths of this study is the use of the HDDM to analyze SRET performance,
demonstrating that a standard hierarchical DDM was sufficient to capture group-level
differences by extracting latent cognitive parameters from behavioral data that traditional
measures may obscure. HDDM has increasingly been applied in SRET research with success
(Allison et al., 2021; Beevers et al., 2019; Castagna et al., 2022; Dainer-Best et al., 2018ab;
Disner et al., 2017; Hitchcock et al., 2022; Price et al., 2021). Within DDM theory, drift rate is
considered a more direct and specific index of SRP than raw reaction time (RT), as it isolates
the efficiency of evidence accumulation from non-decisional components, such as perceptual
encoding, attention engagement, and motor execution. Previous research has shown that
computational model parameters can exhibit substantially higher reliability than behavioral
measures (Price et al., 2019). In our study, both RT and drift rate distinguish clinical groups from
healthy controls in self-referential trials, indicating convergent sensitivity of these measures
when self-processing is disrupted. However, only drift rate captured significant between-group
differences in other-referential trials, while RT showed only a marginal group difference. This
divergence underscores the advantage of model-based parameters in detecting subtle
processing inefficiencies that may be masked in RT due to variability in motor preparation, non-
task-specific attentional fluctuations, or measurement noise related to the limited sample size. In
other words, while RT can reveal broad performance slowing when disruptions are large (as in
self-referential trials), drift rate can detect more fine-grained differences in cognitive efficiency

even when overt response speed is unchanged.



Our use of HDDM underscores the distinct links between latent decision-making parameters
and SRET performance; however, several study limitations should be acknowledged. First, the
Python HDDM package lacks support for simultaneous modeling of within-subject (e.g.,
valence, self-other) and between-subject (e.g., depression, symptom severity) predictors, which
can cause parameter shrinkage and bias group differences (Boehm et al., 2018). We therefore
used a two-step approach: fiting HDDM with within-subject predictors to estimate drift rates,
then regressing these estimates on between-subject variables. Although this method was used
commonly in prior studies (e.g., Allison et al., 2021; Hitchcock et al., 2022), it does not fully
account for uncertainty propagation, potentially underestimating errors and inflating Type |
errors. Additionally, due to these constraints, we ran a single model across all participants rather
than separate group models. While this improves parameter stability and convergence, it may
bias estimates and mask group differences. Nonetheless, model validation and parameter
recovery indicated good model performance. Future work with more flexible frameworks (e.g.,
HSSM Python) could address these issues for stronger inferences. Second, only BDD and SAD
participants completed disorder-specific symptom scales, while healthy controls were assessed
only for depression, limiting symptom severity analyses to clinical groups. Third, to enable
cross-group linear regression, we used proportional scores (raw score divided by maximum
possible) as proxies for symptom severity. This method risks ceiling effects and the assumption
of linearity, treating all symptoms as equally weighted despite likely clinical heterogeneity.
Nevertheless, despite the relatively constrained sample size and controlling for depression
severity as a covariate, we still observed a predictive relationship between drift rate and
BDD/SAD symptom severity, indicating a robust association between SRP inefficiency and
disorder-specific symptoms. Fourth, our study included only a single measure of symptom
severity. Future research should incorporate more nuanced, multidimensional assessments,

such as self-worth, social avoidance, and rumination, and examine their associations with drift



rate. This may reveal additional transdiagnostic symptom dimensions influencing self- and
other-referential processing. Lastly, given our modest sample size and model complexity, we did
not include neuroimaging data as a third predictor, as this would substantially increase the
number of interaction terms and could lead to overfitting or convergence issues. Instead, we
focus here on behavioral parameters, and we refer readers to lannazzi et al. (2025) for
neuroimaging results from the same dataset. With a larger sample, future work could clarify the
neural mechanisms underlying impaired SRP and link computational parameters to brain activity
associated with self-referential cognition. Integrating neuroimaging and computational modeling
approaches would be particularly valuable for elucidating the complex neural substrates of SRP

and their dynamic relationship with latent cognitive processes.
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Supplementary Information

Table 1 Model Parameter Recovery Results. The correlation coefficients (R) between the true
parameter values and the recovered parameter estimates for a diffusion model. Parameters
include Threshold (a), Reaction Time (rt), Starting Bias (z), Intercept (B), Valence (), Trial Type

(B), and the interaction term Valence x Trial Type (B).

parameter | Threshol | Reaction | Starting | Intercept | Valence | Trial Valence*tria
s d(a) time (1) | bias (z) | (B) (B) type | Itype (B)
(B)
correlation | 0.92 0.92 0.88 0.90 0.99 0.86 0.97
coefficient
(R)
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FIGURE 2. Computational model fits the behavioral patterns. Empirical reaction time density
plots (black) are displayed by valence, with response type “no” within each valence category

mirrored on the left axis and “yes” on the right axis. These plots are overlaid with simulations



from the best-fitting computational model (orange dotted lines). The results indicate that the
DDM effectively captures key characteristics of the empirical data, including response

frequencies and the overall shape of the reaction time distributions.



