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1. Introduction

The pervasive, detrimental consequences of trauma are well-recognized, with a history 

of adverse experiences implicated in increased risk for poorer physical and psychological 

health outcomes, including depression, anxiety, substance use, autoimmune diseases, risky 

sexual behavior, and sleep disturbances (Anda et al., 2006; Arata, Langhinrichsen-Rohling, 

Bowers, & O’Farrill-Swails, 2005; Chapman et al., 2004; Dube et al., 2009; Wells, 

Vanderlind, Selby, & Beevers, 2014). Not only is the impact extensive, the direct and 

indirect costs of trauma are substantial, both in terms of financial costs for individuals and 

society for psychiatric and medical services, and in quality of life costs (Kessler, 2000; 

Walker et al., 2003). Because traumatic experiences have a broad impact on functioning, 

identifying mechanisms that contribute to impairment is a critical endeavor, as this may 

reveal key psychopathology prevention and intervention targets.

One avenue of investigation that may reveal important intervention targets is the impact of 

trauma on learning processes, as learning impairments are common among individuals with 

trauma-related disorders (e.g., fear, safety, and instrumental/reinforcement learning, RL); 

Jovanovic et al., 2010; Jovanovic, Kazama, Bachevalier, & Davis, 2012; Harms, Bowen, 

Hanson, & Pollak, 2018). For example, adolescents with a history of early life stress 

exhibit poorer RL than controls in the context of both reward and punishment (Harms 

et al., 2018). Notably, the ability to efficiently learn and accurately predict outcomes 

is critical for functioning in several domains. For example, RL ability appears to be 

important for social functioning, as individual differences in associative learning predict 

social behavior (Heerey, 2011; Reeb-Sutherland, Levitt, & Fox, 2012). With regard to 

emotional functioning, overestimation of costs and likelihood of negative events is proposed 

to contribute to heightened threat perception (Berenbaum, 2010), which confers risk for 

Corresponding Author: Allison M. Letkiewicz, Department of Psychiatry and Behavioral Sciences, Northwestern University, 680 N. 
Lakeshore Drive, Suite 1520, Chicago, IL 60611, Ph: (240) 750-9477, allison.letkiewicz@northwestem.edu.
Allison Letkiewicz: Conceptualization, Software, Formal Analysis, Visualization, Writing – Original Draft. Amy Cochran: 
Methodology, Software, Writing – Review & Editing. Josh Cisler: Funding Acquisition, Conceptualization, Software, Supervision.

HHS Public Access
Author manuscript
J Psychiatr Res. Author manuscript; available in PMC 2023 January 01.

Published in final edited form as:
J Psychiatr Res. 2022 January ; 145: 256–262. doi:10.1016/j.jpsychires.2020.10.046.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



the development of anxiety-related symptomology. In contrast with other anxiety-related 

disorders, which predict more specific deficits in threat learning and prediction, trauma 

history and PTSD also predict impairment in reward learning (Harms et al., 2018; Ross, 

Lenow, Kilts, & Cisler, 2018; May & Wisco, 2019), which supports approach behavior and 

is a potent risk factor for depressive symptomatology (Admon & Pizzagalli, 2015).

There have been relatively few investigations of the relation between trauma and specific, 

separable, dimensions of reinforcement-related learning. Though typically not considered, 

two distinct RL processes that are well-captured by computational models and are highly 

applicable to trauma-related research include model-free and model-based RL (Daw, Niv, 

& Dayan, 2005). Whereas model-free RL utilizes information acquired via trial and error 

and is primarily implemented within the ventral striatum (Beierholm, Anen, Quartz, & 

Bossaerts, 2011; Gläscher, Daw, Dayan, & O’Doherty, 2010), model-based RL involves 

the development of cognitive maps that contain possible outcomes (i.e., mappings of 

context-dependent conditions) to prospectively make predictions about actions and is 

primarily implemented via regions of the prefrontal cortex (PFC) and frontoparietal network 

(FPN), including dorsolateral prefrontal cortex (dlPFC), inferior frontal gyrus (IFG), and 

intraparietal sulcus (IPS; Beierholm et al., 2011; Gläscher et al., 2010; Daw, Gershman, 

Seymour, Dayan, & Dolan, 2011; Lee, Shimojo, & O’Doherty, 2014).

Available evidence indicates that trauma affects at least some aspects of model-free RL (e.g., 

Cisler et al., 2019). For example, Cisler et al. (2019) found that adolescent females with 

a history of assaultive trauma exhibited reduced model-free RL-derived negative prediction 

error encoding within the salience network during a RL tasks, which was not accounted 

for by PTSD. However, it is unclear whether a history of trauma impacts model-based 

RL processes, which would impact individuals’ ability to develop nuanced context-action-

outcome representations. Suggestive of a relationship between trauma and model-based RL, 

a history of trauma predicts broad impairment in executive functioning (EF; DePrince et 

al., 2009; Gould et al., 2012; Mezzacappa, Kindlon, & Earls, 2001; Mueller et al., 2010; 

Navalta, Polcari, Webster, Boghossian, & Teicher, 2006; Spann et al., 2012), which is not 

fully accounted for by PTSD (e.g., DePrince et al., 2009; Navalta et al., 2006). EF subsumes 

a set of higher-order cognitive functions that activate brain regions/networks (e.g., FPN, 

lateral PFC, dlPFC, IFG; Alvarez & Emory, 2006; Collette & Van der Linden, 2002), which 

overlap with regions/networks that implement model-based RL (e.g., FPN, lateral PFC, 

dlPFC; Beierholm et al., 2011; Daw et al., 2011; Gläscher et al., 2010; Lee, et al., 2014). 

Indicative of functional overlap, better performance on tasks that measure cognitive control 

predicts greater use of model-based versus model-free strategies on RL tasks (Otto, Skatova, 

Madlon-Kay, & Daw, 2014).

The present study built on previous research by using computational modeling to investigate 

the impact of assaultive trauma on model-based RL among adolescent females. It was 

hypothesized that a history of assaultive trauma would predict 1) less use of model-based 

relative to model-free RL. Further, it was hypothesized that, 2) compared to adolescents 

without a history of assault, a history of assaultive trauma would predict reduced model-

based encoding within the frontoparietal network (FPN), including dlPFC and IPS. The FPN 

was of primary interest given that regions of this network are most commonly activated 
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across model-based RL studies, suggesting that these regions are particularly instrumental in 

the implementation of model-based RL (Gläscher et al., 2010; Daw et al., 2011). Based on 

previous research indicating that the impact of trauma on learning processes is not specific 

to PTSD (Cisler et al., 2019), it was anticipated that 3) the relationship between trauma and 

model-based RL would not be accounted for by PTSD diagnostic status. Finally, because 

there is evidence available that trauma types differentially affect some aspects of cognitive 

functioning (Gould et al., 2012; Majer et al., 2010), the unique impact of physical and sexual 

abuse on model-based RL was examined.

2. Materials and methods

2.1. Sample characteristics

The final sample of participants included in analyses consisted adolescent females between 

the ages of 11 and 17 with (n= 31) and without (n=29) histories of directly experienced 

physical or sexual assault (n = 17 with a current diagnosis of PTSD). See supplement for 

additional demographic characteristics and exclusion criteria. All participants overlap with 

the participants included in Cisler et al. (2019); whereas Cisler et al. (2019) focused on the 

impact of trauma on model-free RL, the present study focuses on model-based RL.

2.2 Clinical Interviews and Measures

The trauma assessment section of the National Survey of Adolescents (NSA) was used 

to assess for the presence or absence of a history of assaultive trauma (Kilpatrick et al., 

2000; Kilpatrick et al., 2003). The Clinician-Administered PTSD Scale (CAPS), Child and 

Adolescent Version was used to assess symptoms of PTSD symptoms (Pynoos et al., 2015). 

Participants completed the short-form version of Childhood Trauma Questionnaire (CTQ), 

which is a self-reported measure that assesses for physical abuse, sexual abuse, emotional 

abuse, physical neglect, and emotional neglect (Bernstein et al., 2003; Bernstein & Fink, 

2003). The CTQ can be used as a dimensional and/or categorical assessment of childhood 

maltreatment.

2.3 Three-Arm Bandit Task

Participants completed a social and neutral version of the three-arm bandit task . Because 

Cisler et al. (2019) found that the impact of assault severity on RL-related encoding was 

more robust in the social than neutral task, possibly reflecting differential engagement of 

learning processes, analyses focused on the social task (see Supplement for neutral task 

results). The social-, task consisted of 90 trials in which participants were presented with the 

faces of three individuals with a neutral expression (Supplemental Figure S1). Participants 

were asked to invest $10 in one of the individuals, each of whom had a different likelihood 

(80%, 50%, or 20%) of returning a reward of $20 (vs. $0). The probabilities of reward 

associated with each face switched every 30 trials (see Supplemental Figure S2). Each trial 

consisted of a decision, anticipation, and feedback phase. The primary trial phase of interest 

in the present study was the feedback phase, during which the outcome (reward vs. no 

reward) was delivered.
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2.4 Computational Modeling

A risk-sensitive anti correlated Rescorla-Wagner (RW) model, identified as the bestfitting 

model in Cisler et al. (2019), was used to investigate model-free RL (Hauser, Iannaccone, 

Walitza, Brandeis, & Brem, 2015). The standard RW model updates parameters from trial 

to trial as follows: Vt+1,c=Vt,c + α × δt, where t is the current trial, Vt,c is the current 

associative strength, δt is the current prediction error (PE; outcomet – Vt,c), α is the learning 

rate, and c is the current selected option Additional RW model information is included in the 

Supplement.

For model-based RL, a latent state (LS) learning model was used (Cochran & Cisler, 

2019). LS learning involves learning multiple associations between options and outcomes 

and inferring which association to use at each point in the task. A latent state is a set 

of associations that specify what a learner should expect from selecting any option and 

is conceptualized as a set of abstract task hypotheses. In aggregate, latent states describe 

multiple sets of hypotheses that define an entire task. To capture multiple associations, the 

LS model indexes associative strengths by integer l (the latent state), with current associative 

strength of option c for latent state l (Vt,c,l). The LS model also captures the degree to 

which individuals believe that current conditions reflect a given latent state (i.e., latent-state 

beliefs), denoted by pt,l

Beliefs and associative strengths are iteratively updated based on PEs specific to each 

latent state (see Supplemental Figure S3). Beliefs are updated according to an approximate 

Bayes rule based on PEs and measure the magnitude of changes in latent-state beliefs on 

a trial by trial basis (delta beliefs, dB). That is, dB on a trial reflects the degree to which 

individuals update internal models after observing the outcome on that trial, with larger 

updates reflecting greater changes in latent-state beliefs (i.e., beliefs about current task 

hypotheses). Behavior on the following trial is predicted by associative strengths weighted 

over latent states based on prior latent-state beliefs: e.g., for option c, Vt,c = ∑l Pl,t-l 
Vt,c,l. Individual differences in exploration and exploitation were captured by transforming 

associative strengths (Vt,c) using a softmax parameter. The following parameters derived 

from the LS model were used in the present study: trial-by-trial Vt,c, PE δt, and dB.

The RW and LS models were fit to each participant’s behavior using maximum likelihood 

estimation and resulting log likelihoods were used to calculate Akaike information criterion 

(AIC) to compare fit between the two models, with lower AIC values reflecting better fit. 

The difference between LS and RW model fit (delta AIC, dAIC) was calculated for each 

participant by subtracting RW AIC from LS AIC, with lower values reflecting the use of a 

strategy that is more consistent with LS than RW learning for the task.

The impact of trauma on learning strategy use was tested with a linear regression model: 

dAIC was regressed onto variables reflecting the contrast of controls versus assaultive 

trauma (controls = −1, trauma = 1), with age, IQ, and study site included as covariates. 

Separate linear models tested the impact of the CTQ assault-related subscales (Physical 

and Sexual Abuse) using identical covariates. To rule out the impact of PTSD, follow-up 

analyses included PTSD diagnostic status (controls and assaulted without PTSD = 0, PTSD 
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= 1). Linear regressions were carried out with MATLAB (fitlm; The MathWorks, Inc., 

Natick, MA).

2.5 Neuroimaging

Acquisition and preprocessing information are provided in the Supplement. Neuroimaging 

data was excluded from three participants due to head motion and malfunction with the 

head coil, yielding a sample of fifty-seven participants for neuroimaging analyses. All 

neuroimaging analyses focused on LS model parameters (see Behavioral Results section 

below). Independent Component Analysis.

An independent component analysis (ICA) identified spatially distributed neural networks of 

temporally coactivated voxels (Cisler et al., 2019). Thirty-five components were identified, 

16 of which were functional networks Two functional networks were identified as a left and 

right FPN, which were of primary interest. In addition to the two FPNs, follow-up analyses 

were implemented with eight networks that have been identified within previous trauma or 

PTSD research (see Supplemental Figure S9). For within-subject analyses, participants’ time 

courses were regressed onto the design matrix using AFNI (3dREML; Cox, 1996), which 

included the anticipation, decision, and outcome phases of the task. The anticipation and 

decision phases were parametrically modulated by trial-by-trial associative strength (Vt,c) 

from the LS model, and the outcome phase was parametrically modulated by trial-by-trial 

PE (δt) and dB from the LS model (see Supplement for more information). The beta 

coefficients for the outcome phase modulated by dBs, which characterized model-based RL 

updates, were carried forward to second-level analyses.

Models tested the effect of trauma (using effect coded variables) on dB, controlling for 

age, IQ, and study site. Based on behavioral analyses where sexual abuse was uniquely 

associated with learning strategy (see below), CTQ Sexual Abuse severity scores were also 

entered as predictors of dB encoding. LMEs were implemented using MATLAB (fitlme; 

The MathWorks, Inc., Natick, MA). For the primary analyses, Bonferroni correction was 

applied for the two FPN networks (p < .025) and post-hoc analyses were corrected for 

eight networks (p < .006). Voxelwise analyses were also performed but, given that evidence 

indicates RL is implemented via widespread brain regions/neural networks (Cisler et al., 

2019; Ross et al., 2018), were not of primary interest. See the Supplement for methods and 

results of voxelwise analyses.

3. Results

3.1 Behavioral Results

Performance, based on number of rewarded trials, was above chance (i.e., 33%; M = 58%, 

SD = 8%). Across participants, the LS model yielded a significantly lower AIC value than 

the RW model (128.6 vs. 133.8; t(59) = −4.33, p < .001), and the LS model provided a better 

fit for a greater proportion of participants than the RW model (n = 40 vs. n = 20, χ2(1) = 

6.67, p = .010; see Figure 1A). As depicted in Figures 1B and 1C, trauma exposure neither 

predicted dAIC (t(55) = 1.89, p = .063), nor differential model fit (i.e., proportion of controls 

versus trauma-exposed adolescents whose behavior was better explained by the LS versus 
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RW model: 72% vs. 61%, χ2(1) = .83, p = .361. Furthermore, CTQ Physical Abuse (PA) 

severity did not predict dAIC (CTQ PA: t(55) = 1.40, p = .168). By contrast, greater levels of 

CTQ Sexual Abuse (SA) predicted higher dAIC values (t(55) = 2.60, p = .012). While CTQ 

PA and CTQ SA were significantly correlated (r(58) = 0.60, p< .001), the effect of CTQ 

SA on dAIC held even after controlling for CTQ Physical Abuse (t(54)=2.16, p = .035) in a 

linear regression, whereas CTQ Physical Abuse remained a non-significant predictor (t(54) 

= −0.28, p = .777).

Based on prior research indicating that severe levels of abuse are particularly detrimental 

for functioning (Tomoda et al., 2009; van Harmelen et al., 2010) and on an inspection 

of the scatter plot of the relationship between dAIC and sexual abuse indicating that 

individuals with no and low-to-moderate sexual abuse history had comparable dAIC values 

(see Supplemental Figure S4), participants were grouped into CTQ SA categories following 

established cutoff scores (Bernstein et al., 2003; Bernstein & Fink, 2003). Post-hoc tests 

were utilized to assess for a non-linear association between model-based RL and SA. 

Participants with no (CTQ SA < 6) and low-to-moderate (CTQ SA ≥ 6 and < 13) SA scores 

(n = 49) were compared to participants with severe (CTQ SA ≥ 13) SA scores (n = 11; see 

Table 1 for demographics and clinical characteristics). To confirm that dAIC was elevated as 

a function of severe, but not low-to-moderate, SA, dAIC values for the low-to-moderate and 

severe SA groups were compared to those of adolescents with no history of SA. Whereas 

dAIC values were higher among adolescents with a history of severe relative to no SA (t(54) 

= 2.24, p = .029), they did not significantly differ between adolescents with a history of 

low-to-moderate relative to no SA (t(54) = −.77, p = .443).

Using the no and low-to-moderate SA versus severe SA groupings (no-to-moderate SA = 

−1, severe SA = 1), task performance was found to be poorer among those with severe 

SA than those with no-to-moderate SA (M = 60% vs. M = 52%, t(55) = −2.37, p = .022). 

As shown in Figure 2A, the LS model provided a better fit for a greater proportion of 

participants with no-to-moderate SA than those with severe SA (76% vs. 27%, χ2(1) = 9.41, 

p = .002). Additionally, Figure 2B shows that adolescents with a history of severe SA had 

higher dAIC values relative to adolescents with no-to-moderate SA (t(55) = 2.55, p = .014). 

Finally, the impact of severe versus no-to-moderate SA on dAIC held after controlling for a 

diagnosis of PTSD (t(54) = 2.15, p = .036).

3.2 Independent Component Analysis

Prior to the ICA analyses, mean trial-by-trial dBs were calculated across participants to 

examine whether changes in the latent-state beliefs (dBs) followed changes in the task. 

Supporting the validity of the LS model, which purports that changes in task conditions 

lead to revisions in latent-state beliefs (i.e., the presence of different context/rules), the 

largest changes in dBs followed switches in task rules (every 30 trials), which prompted 

model updates of task representations (see Figure 3 A). There was no significant effect of 

assaultive trauma on left (t(49) = −1.29, p = .204) or right FPN (t(49) = −1.94, p = .059) 

activity relative to controls (see Supplemental Table S2 and Figure S7). There was a scalar 

relationship between SA and dB encoding in the left FPN (t(49) = −2.30, p = .026), which 

did not survive Bonferroni correction. In parallel with the behavioral analyses, when SA was 
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coded based on severity, there was evidence of reduced dB encoding in the left FPN among 

adolescents with severe versus no-to-moderate SA (t(49) = −2.73, p = .009; see Figures 3B 

and 3C). The effect of severe versus no-to-moderate SA on left FPN was not accounted for 

by PTSD diagnosis (t(48) = 2.18, p = .034). Results of analyses with other networks for 

severe versus no-to-moderate SA are provided in the Supplement (see Supplemental Table 

S3 and Figure S8).

3.3 Ruling Out Additional Confounds

Analyses that rule out the effects of additional confounds (psychotropic medication use, 

anxiety symptoms, depressive symptoms, lifetime PTSD) on results are included in the 

Supplement (see Supplemental Table S4). Only two results were no longer significant 

after accounting for covariates. Specifically, the impact of severe SA on performance, 

(t(54) = −1.86, p = .068), and dAIC values, (t(54) = 1.93, p = .059), became marginally 

non-significant after including anxiety symptoms and lifetime PTSD, respectively.

3.4 Follow-up: Task Effects

The Supplement includes parallel analyses that sought to identify whether the impact of 

severe SA on model fit (dAIC) and left FPN dB encoding are evident in the non-social task. 

While most effects that emerged for the social task did not emerge for the non-social task, 

there were no significant CTQ SA (severity coded) x task interactions when both tasks were 

included in LMEs. This precludes any strong inferences regarding the specificity of results.

4. Discussion

The present study examined the impact of trauma on model-based RL. Whereas neither an 

overall effect of general assaultive trauma exposure nor a linear dose-dependent impact of 

general assaultive trauma exposure on model-based RL emerged, exposure to severe sexual 

abuse predicted impaired model-based RL. Computational modeling revealed that although 

more participants used a model-based than model-free approach during the social learning 

task, the majority of participants with a history of severe sexual abuse used a model-free 

strategy. Suggestive of model-free RL being a less effective strategy, task performance was 

generally poorer among adolescents with severe versus no-to-moderate sexual abuse. In 

addition to predicting the use of a strategy more consistent with model-free RL, severe 

sexual abuse predicted reduced FPN encoding of trial-by-trial updates in latent-state beliefs. 

As hypothesized, effects of sexual abuse were not accounted for by a diagnosis of PTSD. 

Rather than reflecting an epiphenomenon or outcome of PTSD, model-based RL deficits 

may reflect a trait-like impairment that results from abuse and precedes psychopathology 

onset (including PTSD). Results suggest that early sexual abuse adversely affects cognitive 

processes that support model-based RL of reward, especially in the context of social 

information. Broadly, attention toward facial stimuli has been found to be altered (e.g., 

enhanced) among individuals with a history of abuse (Gibb et al., 2009, van Harmelen et 

al., 2012), including adolescents with a history of sexual abuse specifically (Fang, Wang, 

& Gong, 2019; van Hoof et al., 2017). Not only is social information attention-capturing 

for individuals with a history of sexual abuse, individuals report experiencing greater 

distress within social situations than non-abused individuals (Feerick & Snow, 2005). Thus, 
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although the facial stimuli included in the present study were of neutral valence, the social 

context may have contributed to difficulties utilizing model-based RL. However, although 

the neutral house task did not prompt more individuals to use a model-based relative to 

model-free RL strategy, results indicate that the impact of severe sexual abuse on model-

based RL processes may not be specific to a social context.

One way that early sexual abuse may impair cognitive processes that implement model-

based RL broadly is via disruption of the foundational FPN development. The anatomical 

structure and functioning of regions that comprise the FPN are particularly vulnerable to the 

effects of early stress (van der Kolk, 2003; Pechtel & Pizzagalli, 2011; Heim, Plotsky, & 

Nemeroff, 2004), given the protracted maturational time course of the PFC (Fuster, 2002). 

Relative to other forms of abuse, early sexual abuse may have particularly detrimental 

effects on cognitive and psychological processes. Indeed, sexual abuse predicts poorer 

outcomes beyond other forms of abuse in several domains, including language ability, 

memory performance, and risk for psychopathology (De Bellis, Woolley, & Hooper, 2013; 

Fergusson, Boden, & Horwood, 2008).

There may be broader implications of difficulties in model-based RL among youth 

with severe sexual abuse histories. Difficulty abstracting information and/or updating the 

cognitive maps that are used to predict outcomes as a result model-based RL deficits could 

lead to difficulties within complex and shifting social environments. General difficulties 

identifying contextual factors indicative of social or predatory threat could increase risk for 

revictimization, which is common among individuals with a history of trauma (Chu, 1992; 

Classen, Palesh, & Aggarwal, 2005; Widom, Czaja, & Dutton, 2008). More broadly, deficits 

in RL processes may contribute to inflexible, maladaptive behavior, such as withdrawal 

(related to underestimation of reward) and persistent avoidance (related to overestimation 

of threat), which are potent risk factors for the development of mental health disorders 

(Spinhoven, Drost, de Rooij, van Hemert, & Penninx, 2014). Finally, model-based RL 

deficits could have important implications for treatment outcomes for psychopathology that 

develops following abuse. Executive function impairment has been identified as a factor 

that predicts treatment responsivity (Mohlman & Gorman, 2005; Pimontel, Culang-Reinlieb, 

Morimoto, & Sneed, 2012), and, similarly, model-based RL impairment resulting from 

childhood sexual abuse may predict poorer treatment response, especially for treatments 

that rely upon EF and model-based RL processes (e.g., updating cognitive representations 

via cognitive therapy). In the future it will be important to further examine the impact of 

trauma, especially sexual trauma, on model-based RL, and the functional implications of 

model-based RL impairment.

There are several limitations of the present study. First, the study was limited to adolescent 

females, which impacts its generalizability to males and individuals of other ages. Another 

notable limitation was the small number of participants who were included in the severe 

sexual abuse group (n=11), as small samples can affect the reliability and generalizability 

of results and highlights the importance of replicating these effects with larger samples. 

Another limitation was the lack of cognitive assessment to rule out neurodevelopmental 

disorders, such as ADHD, that may have affected the use of latent-state learning. Regarding 

the CTQ, it should be noted that it does not assess important features of sexual abuse known 
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to impact functioning, including the relation of the perpetrator to the victim and degree of 

force used (Ullman, 2007). While not a limitation per se, it is important that a developmental 

perspective be considered regarding the results, as structures that comprise the FPN are 

still developing during adolescence. Whereas adolescents exhibit greater model-based RL 

than children (who almost exclusively rely on model-free RL), model-based RL use is 

strongest among adults (Decker, Otto, Daw, & Hartley, 2016). Continued future research 

addressing these limitations will be important for continuing to define the impact of trauma 

on behavioral, computational, and neurodevelopmental outcomes.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. 
A) The behavior of a greater portion of participants is better captured by the latent state 

(67%) versus the risk-sensitive anti correlated Rescorla-Wagner (33%) model based on a 

comparison of each participants’ LS versus RW Akaike information criterion (AIC) values. 

B) The difference in LS and RW model fit (dAIC) did not differ between adolescents with 

versus without a history of trauma. C) The proportion of participants whose behavior was 

better captured by the LS versus RW model did not differ between adolescents with and 

without a history of trauma.
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Figure 2. 
A) The behavior of a greater portion of participants with no-to-moderate (76%) versus 

severe (27%) Childhood Trauma Questionnaire (CTQ) Sexual Abuse is better captured by 

the latent state versus the risk-sensitive anticorrelated Rescorla-Wagner model based on a 

comparison of each participants’ LS versus RW Akaike information criterion (AIC) values. 

B) The difference in LS and RW AIC values (dAIC) is higher (higher dAIC values reflect 

poorer LS relative to RW model fit) among adolescents with severe versus no-to-moderate 

CTQ Sexual Abuse scores. (Note: the no and low-to-moderate groups are separated for 

visualization).
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Figure 3. 
A) Trial by trial latent-state belief updates (delta beliefs) averaged across participants (blue 

line). The task’s reward structure, which changes every 30 trials, is represented by the 

dashed line (e.g., the likelihood of receiving a reward after selecting cue A is 80% during the 

first 30 trials, 20% during the second 30 trials and 80% during the last 30 trials). B) Spatial 

map of the left frontoparietal network (FPN) identified via independent component analysis 

(radiological convention). C) Left FPN encoding (regression coefficients from the first-level 

time-course modeling) decreases during changes in latent-state beliefs (delta beliefs) among 

adolescents with severe versus no-to-moderate CTQ Sexual Abuse scores. (Note: the no and 

low-to-moderate groups are separated for visualization).
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Table 1.

Participants’ Demographic and Clinical Characteristics.

No-to-Moderate Sexual Abuse History Severe Sexual Abuse History

n 49 11

Age, Mean (SD) 15.2 (2.1) 15.7 (1.2)

Race/Ethnicity (%)

 White 57 63

 Black/African American 24 0

 Asian 2 0

 Hispanic, Latina 0 0

 Pacific Islander 0 27

 Native American 0 0

 Other 12 10

IQ, Mean (SD) 110.1 (21.4) 102.9 (20.7)

CAPS Total Severity, Mean (SD) 15.1 (26.5)
58.2 (25.9)

a

CAPS Current # Symptoms 2.2 (4.3)
9.5 (4.7)

a

Current PTSD Diagnosis (%) 16
82

a

Lifetime PTSD Diagnosis (%) 24
91

a

CTQ Total, Mean (SD) 35.6 (12.5)
62.4 (15.0)

a

CTQ Physical Assault, Mean (SD) 8.1 (3.5)
14.0 (4.2)

a

CTQ Sexual Assault, Mean (SD) 5.6 (1.7)
19.3 (4.3)

a

CBCL Anxiety, Mean (SD) 4.4 (4.7)
10.0 (6.9)

a

CBCL Depression, Mean (SD) 3.0 (3.2) 5.0 (2.8)

Psychiatric Medications (%) 27
45

a

*
IQ=Intelligence Quotient, One-Word Receptive Vocabulary Test; CAPS=Clinician-Administered PTSD Scale, Child and Adolescent Version; 

CTQ=Childhood Trauma Questionnaire; CBCL=Child Behavior Checklist;

a
p<.05
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