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S1. DSM-5-TR Diagnostic Criteria for Binge Eating Disorder
Table S1. DSM-5-TR Diagnostic criteria for Binge Eating Disorder (APA, 2022)
	Binge Eating Disorder (BED)

	Recurrent episodes of binge eating, characterized by both of the following: 

	Eating, in a discrete period of time (e.g., within any 2-hour period), an amount of food that is definitely larger than most people would eat in a similar period of time under similar circumstances 
The sense of lack of control overeating during the episode (e.g., a feeling that one cannot stop eating or control what or how much one is eating) 

	Binge-eating episodes are associated with three (or more) of the following:
	Eating much more rapidly than normal 
Eating until feeling uncomfortably full 
Eating large amounts of food when not feeling physically hungry 
Eating alone because of being embarrassed by how much one is eating 
Feeling disgusted with oneself, depressed, or very guilty after overeating

	Additionally:
	Marked distress regarding binge eating is present. 
The binge eating occurs, on average, at least 1 day a week for 3 months 
The binge eating is not associated with the regular use of inappropriate compensatory behavior (e.g., purging, fasting, excessive exercise) and does not occur exclusively during anorexia nervosa or bulimia nervosa.


	Other Specified Feeding or Eating Disorder (OSFED): Subthreshold BED

	Binge-eating disorder of low frequency and/or limited duration 
	All the criteria for binge-eating disorder are met, except that the binge occurs, on average, less than once a week and/or for less than 3 months






S2. Supplementary Methods
S2.1 Decision-making stages, domains, tasks, and outcomes
Table S2 Summary of decision-making stages, domains, tasks, and outcomes
	Decision-Making Domain
	Task
	Task Outcome(s) -  Operationalisation
	Task Outcomes(s) -Description 
	Behavioural dysfunction

	Preference Formation Stage

	Uncertainty Evaluation
	Cognitive Impulsivity Suite (Verdejo-Garcia et al., 2021) Information Accumulation Task
	Computed score (accuracy & response time)
	Ability to effectively evaluate choice alternatives under conditions of uncertainty 
	Excessive over- or under-valuation of certainty during formation of preferences 

	Choice Implementation Stage

	Cognitive Inhibition

	Cognitive Impulsivity Suite (Verdejo-Garcia et al., 2021) Attentional Energisation Task
	Attentional Inhibition
D-prime d’

Response Control Criterion c 
	Ability to effectively discriminate targets from distractors
Ability to implement an unbiased choice strategy
	Actions are taken without due consideration 

	Delay Discounting
	Monetary Choice Questionnaire (Kirby et al., 1999)
	Geomean ln(k) 
	The extent to which monetary rewards are devalued as time to receiving them increases
	Excessive tendency to choose smaller-sooner over larger-later rewards

	Feedback Processing Stage

	Reinforcement Learning
	Cognitive Impulsivity Suite (Verdejo-Garcia et al., 2021) Monitoring of Feedback task
	Win-stay minus lose-shift
	Ability to monitor positive and negative feedback
	Enhanced learning from reward and reduced learning from punishment


	Consistency
	Cognitive Impulsivity Suite (Verdejo-Garcia et al., 2021) Monitoring of Feedback task
	Total score






	Ability to use feedback to maintain an effective choice strategy 
	Behaviour that is random, inconsistent, or insensitive to consequences



	Cognitive Flexibility / Set-Shifting 
	NIH Toolbox Dimensional Card Sort test (Gershon et al., 2010)
	Computed score (accuracy & response time)
	Ability to switch efficiently between target dimensions 
	Perseverative behaviour that is unresponsive to changing contingencies




To measure the Uncertainty Evaluation domain in the Preference Formation stage of decision-making, we quantified participants’ ability to optimise their choice behaviour under conditions of uncertainty in the information accumulation task. Higher scores indicated the optimal trade-off of speed and accuracy as follows:
Uncertainty evaluation = Proportion of correct responses
			    Mean rt of correct responses

Signal detection theory (Green & Swets, 1966) was used to calculate the behavioural outcomes to assess the Cognitive Inhibition domain in the Choice Implementation stage of decision-making. Signal detection theory uses all potential participant responses in the cued go/no-go task (correct responses [hits], incorrect non-responses [omission errors or misses], incorrect responses [commission errors or false alarms], and correct non-responses) to parse out two key contributors to task performance – namely, attentional and action control. As such, they provide more nuanced information than single go/no-go task performance outcomes such as commission errors. D-prime d’ quantifies the ability to accurately discern targets from distractors, with higher scores indicating a high rate of correct responses (hits), combined with a low rate of incorrect responses (commission errors or false alarms), and thus quantified the attentional control component. Criterion c describes decision-making bias, with scores <0 indicating liberal or impulsive responding, or a bias toward action (resulting in higher hits but also higher commission errors), and scores >0 indicating conservative or cautious responding, or a bias toward inaction (resulting in more correct rejections but also more misses, or omission errors), and thus quantified the response control component. These outcomes were calculated for each participant from AE task data as follows:
d’ = z(hits) – z(false alarms)
c = -[ z(hits) + z(false alarms)]
2

To quantify capabilities in the Feedback Processing stage of decision-making, first a general measure was included as total score on the probabilistic reversal learning task. Higher total scores indicate that participants were overall more consistent in learning and enacting an advantageous choice strategy and were more responsive to reversals in choice outcomes. To examine the specific hypothesis that individuals with BED may exhibit enhanced learning from rewarding feedback (greater tendencies to stay after a win) combined with reduced learning from punishing feedback (lesser tendencies to shift after a loss), we also defined reinforcement learning as this ‘reward bias’ (Schaefer & Steinglass, 2021; Voon et al., 2015; Waltmann et al., 2024). Win/stay was calculated as the total proportion of trials in which the same choice was made as the prior choice following a reward (+50 or +200 points) and lose/shift was calculated as the total proportion of trials in which the opposing choice was made to the prior choice following a loss (0 or -100 points). Thus win/stay and lose/shift can range from 0 to 1, with higher scores indicating greater tendencies to stay following a win or to shift following a loss. Reinforcement learning was then calculated as win/stay – lose/shift. As higher values indicate greater reward bias, this outcome was reversed (x -1) before being included in the profile analysis.  
Delay Discounting and Cognitive Flexibility / Set-Shifting outcomes are operationalised according to the published guidelines for the MCQ and NIH tasks (Gershon et al., 2010; Kaplan et al., 2016; Kirby et al., 1999).
S2.2 CIS Task Data Pre-processing
CIS data cleaning procedures were conducted as reported in Eisenberg et al. (2019) and in Voigt et al. (2021). In all tasks, data was removed if participant response latency averaged <200ms on each trial or more than 3000s to complete the task. In the IA task, data was removed if the proportion of non-responses was >25%, if the proportion of correct responses was <59% (z-score = 2.5), of if the same response key (A-left or L-right) was used in over 95% of trials. In the AE task, data was removed if the proportion of correct go-trial responses was <25%, or if the proportion of total correct responses was <66% (z-score = 2.5). In the MoF task, data was removed if the participant used the same response key (A-left or L-right) for >95% trials, or if the proportion of total correct responses was <39% (z-score = 2.5).
S3. Data & Software

De-identified research data and analysis materials are available on reasonable request to the corresponding author. 
[bookmark: _Toc172038547]Study data were collected and managed using REDCap (Research Electronic Data Capture) hosted at Monash University (Harris et al., 2019; Harris et al., 2009). REDCap is a secure, web-based software platform designed to support data capture for research studies, providing 1) an intuitive interface for validated data capture; 2) audit trails for tracking data manipulation and export procedures; 3) automated export procedures for seamless data downloads to common statistical packages; and 4) procedures for data integration and interoperability with external sources. Unless otherwise stated, all data analyses were completed using R Studio version 2025.05.0+496 (Posit Software, 2025). Packages, version, and citations are provided in Table S3.
Table S3. R packages, versions, and citations.

	Package
	Version 
	Citation

	dplyr
	1.1.4
	Wickham et al. (2023)

	ggcorrplot
	0.1.4.1
	Kassambara (2023a)

	ggplot2
	3.5.2
	Wickham (2016)

	ggpubr
	0.6.0
	Kassambara (2023b)

	heplots
	1.7.8
	Friendly et al. (2025)

	Jmv
	2.7.0
	Selker et al. (2025)

	JWileymisc
	1.4.3
	Wiley (2023)

	knitr
	1.50
	Xie (2024)

	MVN
	5.9
	Korkmaz et al. (2014)

	nnet
	7.3-20
	Venables and Ripley (2002)

	pastecs
	1.4.2
	Grosjean (2024)

	profileR
	0.3-5
	Bulut and Desjardins (2020)

	psych
	2.5.3
	Revelle (2024)

	readxl
	1.4.5
	Wickham and Bryan (2022)

	semTools
	0.5-7
	Jorgensen et al. (2022)

	tidyverse
	2.0.0
	Wickham et al. (2019)




S4. Supplementary Results	
S4.1 Assumption checks for profile analyses
The assumptions of multivariate normality, absence of multicollinearity, and homogeneity of variance-covariance matrices were examined using the car, MVN, and heplots packages in Rstudio (Fox et al., 2024; Friendly et al., 2025; Korkmaz et al., 2014).  
Assumption checks for the decision-making profile showed VIF <10 (1.03-1.56) and Tolerance >0.1 (0.64-0.97), and Box’s m-test was non-significant (Chi Sq = 62, df = 56, p = 0.3), indicating absence of multicollinearity between variables and homogeneity of covariance matrices between groups were supported. However, the test of multivariate normality indicated this assumption was violated (Mardia skewness = 158.55, p < .001; Mardia kurtosis = 4.62, p < .001). To account for this, we used median and median absolute deviation (MAD) values as a robust alternative to z-scores to standardise variables for the profile analysis (Kappal, 2019).
Assumption checks for the psychological trait profile showed VIF <10 (1.13-2.97) and Tolerance >0.1 (0.34-0.89) indicating absence of multicollinearity between variables was supported. However, Box’s m-test of homogeneity of covariance matrices (Chi Sq = 205, df = 132, p < .001) and tests of multivariate normality (Mardia skewness = 524.76, p < .001; Mardia kurtosis = 4.22, p < .001) were significant, indicating these assumptions were violated. To account for this, we used median and median absolute deviation (MAD) values as a robust alternative to z-scores to standardise variables for the profile analysis and interpreted Pillai’s Trace robust alternative to the Wilks’ Lambda test of parallelism (Ateş et al., 2019).



S4.2 Post-Hoc & Exploratory Analyses
Table S4.2.1 Decision-Making Profile Tukey’s HSD pairwise comparisons
	
	Mean difference
	CI
	p

	LWC-BED
	0.294
	[0.080, 0.508]
	0.004

	HWC-BED
	0.121
	[-0.092, 0.335]
	0.373

	LWC-HWC
	0.173
	[-0.044, 0.389]
	0.147



Table S4.2.2 Decision-Making Profile exploratory linear models
	Predictor
	F
	p
	Adj R2
	AIC

	Group
	5.33 (2, 162)
	.006
	.050
	228

	BMI
	6.78 (1, 163)
	.010
	.034
	230

	Group + BMI
	3.46 (3, 131)
	.016
	.045
	230

	Waist-hip ratio
	2.90 (1,163)
	.090
	.011
	234

	Group + waist-hip ratio
	3.80 (3, 161)
	.011
	.049
	230

	
	
	
	
	



Table S4.2.3 Psychological Profile Tukey’s HSD pairwise comparisons
	
	Mean difference
	CI
	p

	LWC-BED
	-0.661
	[-0.875, -0.448]
	< .0001

	HWC-BED
	-0.652
	[-0.865, -0.448]
	< .0001

	LWC-HWC
	-0.010
	[-0.226, 0.207]
	.994



Table S4.2.4 Psychological Profile MANCOVA model - multivariate outcomes
	
	Pillai’s Trace
	F
	df
	p

	Group
	0.714
	6.058
	22, 240
	< .001

	Race
	0.328
	2.144
	33, 363
	.003

	Mood diagnoses
	0.546
	2.450
	33, 363
	< .001

	BE symptoms
	0.374
	6.462
	11, 119
	< .001





Table S4.2.5 Psychological Profile MANCOVA model - univariate outcomes
[image: ]
[image: ]


Table S4.2.6 Psychological Profile - significant pairwise comparisons (Bonferroni-adjusted t-tests) between variables within groups
 
	Depression
	t
	df
	p (adj)

	Emotional eating
	3.73
	164
	.014

	External eating
	3.57
	164
	.026

	Negative urgency
	4.17
	164
	.003

	Lack of Premeditation
	3.43
	164
	.042
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Univariate Tests

Dependent Variable Sum of Squares df Mean Square F p
Group robust_depression 28.38029 2 14.19015 11.18457 < .001
robust_anxiety 13.55634 2 6.77817 10.30100 < .001
robust_stress 23.30050 2 11.65025 18.16229 < .001
robust_emotional_eating 50.79130 2 25.39565 90.15895 < .001
robust_external_eating 24.89012 2 12.44506 25.16927 < .001
robust_restrained_eating 5.53582 2 2.76791 2.87217 0.060
robust_negative_urgency 13.55857 2 6.77929 9.44446 < .001
robust_positive_urgency 3.0259%4 2 1.51297 2.52214 0.084
robust_sensation_seeking 1.25052 2 0.62526 0.71710 0.490
robust_perseverance 25.65934 2 12.82967 9.16883 < .001
robust_premeditation 12.91528 2 6.45764 3.94681 0.022
race robust_depression 4.59936 2 2.29968 1.81259 0.167
robust_anxiety 0.46581 2 0.23291 0.35396 0.703
robust_stress 0.87966 2 0.43983 0.68568 0.506
robust_emotional_eating 3.38448 2 1.69224 6.00775 0.003
robust_external_eating 2.03362 2 1.01681 2.05642 0.132
robust_restrained_eating 3.26004 2 1.63002 1.69142 0.188
robust_negative_urgency 1.98762 2 0.99381 1.38451 0.254
robust_positive_urgency 1.89691 2 0.94846 1.58109 0.210
robust_sensation_seeking 0.78295 2 0.39147 0.44897 0.639
robust_perseverance 4.95744 2 2.47872 1.77144 0.174
robust_premeditation 6.24539 2 3.12270 1.90854 0.152
mood_diagnosis robust_depression 33.50800 3 11.16933 8.80359 < .001
robust_anxiety 11.55474 3 3.85158 5.85337 < .001
robust_stress 5.33868 3 1.77956 2.77426 0.044
robust_emotional_eating 0.44654 3 0.14885 0.52843 0.664
robust_external_eating 2.09482 3 0.69827 1.41221 0.242
robust_restrained_eating 3.75781 3 1.25260 1.29979 0.277
robust_negative_urgency 10.00064 3 3.33355 4.64408 0.004
robust_positive_urgency 3.44901 3 1.14967 1.91651 0.130
robust_sensation_seeking 2.05686 3 0.68562 0.78633 0.504
robust_perseverance 19.84622 3 6.61541 4.72776 0.004
robust_premeditation 8.37682 3 2.79227 1.70660 0.169
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