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Abstract 

Background: The comorbidity of depression and anxiety has long been recognized. While mainly 
characterized as mood dysregulation, depression and anxiety symptoms are also manifested in 
learning and decision-making deficits. However, the specific cognitive mechanisms that are 
common to both disorders, as well as those that distinguish them, remain poorly understood. Here, 
we propose reinforcement learning (RL) as a unifying computational framework to disentangle the 
shared and distinct cognitive processes underlying depression and anxiety.  

Methods: We adopted a probabilistic instrumental learning task in which subjects repeatedly chose 
between alternative options to earn rewards (Gain) or avoid losses (Loss) in two experiment (n=190 
in experiment 1, n=361 in experiment 2). Classic psychiatric questionnaires about depression and 
anxiety traits were collected from participants.  

Results: We discovered a dissociation where depression traits correlated negatively with learning 
rates, while anxiety traits showed the opposite pattern in two separate experiments. Experiment 2 
further identified transdiagnostic latent factors of depression and anxiety traits that drove the 
dissociation of depression and anxiety traits on learning rates. Specifically, somatic symptoms and 
anhedonia were found to be the main contributors to the negative correlation between learning and 
depression traits. In contrast, cognitive symptoms and negative affects showed a positive correlation 
with learning rates. 
Conclusions: The dissociation between transdoagnostic factors may reflect a trade-off wherein 
excessive internal focus diminishes the capacity for external information processing. Together, our 
findings demonstrate how the transdiagnostic approach under a unified computational framework 
can elucidate distinct cognitive profiles of depression and anxiety. 
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Transdiagnostic latent factors, Reinforcement learning, Depression, Anxiety, Computational 
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1. Introduction 

Depression and anxiety are among the most prevalent mental disorders, with significant clinical and 
subclinical impacts (GBD 2017 DALYs and HALE Collaborators, 2018). Depression and anxiety 
share numerous overlapping emotional and cognitive symptoms and exhibit a high comorbidity rate 
(Kaiser et al., 2021), but also embody distinct features such as anhedonia for depression and 
heightened fear experience for anxiety (Prenoveau et al., 2010; Naragon-Gainey et al., 2016). 
Moreover, depression is characterized by dysfunctional reward processing (Henriques & Davidson, 
2000; Admon & Pizzagalli, 2015; Eshel & Roiser, 2018), whereas anxiety is associated with 
abnormal aversive learning and threat processing (Britton et al., 2011; Wise & Dolan, 2020; Peng 
et al., 2023). These features indicate impaired processing of appetitive and aversive information 
(e.g., reward or threat), which is frequently explored through learning-based approaches. Despite 
the existing evidence, a unified framework to support the understanding of the overlapping and 
distinct characteristics of depression and anxiety is still lacking. Recently, however, the emergence 
of computational psychiatry may hold the promise to offer a more quantitative approach to diagnose 
and disentangle distinct cognitive components in mental disorders such as depression and anxiety 
(Montague et al., 2012; Adams et al., 2016; Huys et al., 2016; Gagne et al., 2020; Ossola & Pike, 
2023; Fang et al., 2024).  

 

Reinforcement learning (RL), which describes how agents interact with the uncertain environment 
to update expectations and maximize rewards (Sutton & Barto, 1998), may provide a unified 
framework to study how people respond to appetitive or aversive feedbacks and learn, enabling a 
computational characterization of the cognitive processes in depression and anxiety. Numerous 
studies have adopted RL tasks to quantify the learning and decision-making deficits in depression 
and anxiety, often yielding mixed results (Chase et al., 2010; Browning et al., 2015; LaFreniere & 
Newman, 2018; Aylward et al., 2019; Gagne et al., 2020; Mukherjee et al., 2020; Pike & Robinson, 
2022; Vandendriessche et al., 2022; Yamamori et al., 2023; Fang et al., 2024). For instance, 
depression and anxiety were found to be associated with exaggerated responses to adverse outcomes, 
manifested as increased aversive learning rates (Aylward et al., 2019; Vandendriessche et al., 2022; 
Yamamori et al., 2023). Conversely, other studies suggested a decrease in learning rates in 
depression and anxiety disorders, indicating a general impairment regarding appetitive and aversive 
outcomes (Chase et al., 2010; LaFreniere & Newman, 2018; Mukherjee et al., 2020). The 
investigation of RL in depression/anxiety has been further confounded by the fact that depression 
and anxiety were either studied as one compound psychiatric disorder (Aylward et al., 2019; Gagne 
et al., 2020; Pike & Robinson, 2022; Fang et al., 2024) or separately in studies focusing exclusively 
on either depression or anxiety (Chase et al., 2010; Browning et al., 2015; LaFreniere & Newman, 
2018; Mukherjee et al., 2020; Vandendriessche et al., 2022; Yamamori et al., 2023). 
 

Here, we aim to reconcile the discrepancies in the literature through the computational framework 
of RL targeting transdiagnostic dimensions underlying depression and anxiety. Since similar 
psychiatric symptoms can be found in both depression and anxiety (for example, negative affect and 
sleep deficits), identifying common factors across diagnostic boundaries may help to discover 
important dimensions that directly relate to cognitive dysfunctions. Such an approach has been 
endorsed by the Research Domain Criteria (RDoC) initiative and could be critical to revealing the 
shared and heterogeneous cognitive mechanisms (Cuthbert & Insel, 2013; Cuthbert, 2014; Kotov et 



al., 2021) involved in depression and anxiety. Moreover, by linking the transdiagnostic factors to 
RL, we can potentially elucidate which specific dimensions contribute to the learning deficits 
observed in depression and anxiety. 
 

In the current study, we investigated the learning processes associated with depression and anxiety 
traits through two preregistered studies (https://osf.io/xumzk). Depression and anxiety traits refer to 
the extent of depression and anxiety in individuals among the general population. We adopted a 
probabilistic instrumental learning task where subjects had to choose repeatedly from alternative 
options to earn rewards (Gain) or avoid losses (Loss) to depict the learning process of individual 
subjects from a general population subject pool. Standard psychiatric questionnaires about 
depression and anxiety traits were also collected from these subjects. In Experiment 1, we found 
that the scores from the self-report questionnaires of depression and anxiety traits had dissociative 
effects on learning rates: while depression trait scores were negatively correlated with learning rates 
across subjects, anxiety scores and learning rates showed a positive correlation. In Experiment 2 
with a wider selection of questionnaires measuring a variety of depression and anxiety-related 
symptoms (see Methods for details), we identified four transdiagnostic latent factors, including 
somatic symptom (SOM), anhedonia (ANH), cognitive symptoms (COG), and negative affect 
(NEG). First, the SOM factor, which captured the somatic aspects of depression and anxiety traits, 
was negatively associated with the learning rates in both Gain and Loss conditions. Furthermore, 
the ANH factor described a general lack of hedonic experience and showed a context-specific 
relationship to the learning rates in the Loss condition. Finally, the NEG and COG factors, which 
loaded more heavily on depression and anxiety measurements, respectively, showed a positive 
correlation trend with learning rates.  

 

2. Experiment 1: Dissociation of learning rates related to depression and 
anxiety 

2.1. Methods  

2.1.1. Participants 

Behavioral data were collected online using the Naodao online experiment platform 
(www.naodao.com). Power analysis (G*Power 3.1.9.4) indicated that 177 participants would 
provide 80% power (𝛼 = .05, two-tailed) to detect similar effects as previous studies (2݂ ,0.04 = 2ܴ߂ ≈ 0.045; Wise & Dolan, 2020; Gagne et al., 2020) in a 5-predictor multiple regression. Thus, 
we recruited a total of 200 participants in Experiment 1 based on the power analysis and earlier 
similar studies about computational psychraitry (Wise & Dolan, 2020). Participants were sampled 
from the general population because we focused on psychopathological traits on a continuum that 
varies across clinical and subclinical levels. Participants who failed the attentional check in the 
questionnaire session or chose the same slot machine in > 90% trials in the learning task session 
were excluded, resulting in the final sample size of 190 (93 females, mean age 23.55 ± 5.73). All 
participants were paid a base amount of ¥20 plus a bonus of ¥10 on average based on their 
performance in the learning task.  

https://osf.io/xumzk


2.1.2. Self-report psychiatric questionnaires  

We employed the Self-rating Depression Scale (SDS, Zung et al., 1965) and the State-Trait Anxiety 
Inventory-Trait (STAI-T, Spielberger, 1983) to assess depression and anxiety traits, respectively. 
Both the SDS (20 items; Cronbach’s α = 0.88) and the STAI-T (20 items; Cronbach’s α = 0.91) 
demonstrated strong internal consistency. A set of questionnaires designed to assess additional 
prevalent psychiatric conditions was also employed in Experiment 1 (see supplementary methods 
S1 and supplementary results S5). We inserted attentional checks in several questionnaires, 
instructing participants to select a specific option (e.g., “please choose ‘not very often’ for this 
question”). Participants who failed the attentional check in ≥1 question were excluded from the 
following analysis. Additionally, Intelligence Quotient (IQ) was measured using the abbreviated 
nine-item form of the Raven's Standard Progressive Matrices Test (Bilker et al., 2012). We 
controlled for the effect of IQ in our analyses to account for its potential confounding influence on 
cognitive task performance suggested by previous literatures (Gillan et al., 2016). 

2.1.3. Procedure 

All participants went through a probabilistic instrumental learning task to characterize RL (Li & 
Daw, 2011; Ni et al, 2023; Fig. 1a-c). The learning task was composed of two conditions 
corresponding to different outcome valence: in the Gain condition, participants were required to 
choose between two slot machines to earn monetary rewards, while in the Loss condition, they were 
required to learn to avoid monetary losses. Both the Gain and Loss conditions comprised a total of 
100 trials each. Within each condition, a trial started with two slot machines appearing on the screen. 
Participants were asked to choose either the left or the right slot machine by pressing the 
corresponding buttons on the keyboard. Upon pressing a button, the chosen slot machine was 
highlighted for 1 second. Subsequently, the monetary outcome of the selected slot machine was 
revealed and lasted for 1.5 seconds. A fixation cross appeared signaling the inter-trial-interval (ITI) 
period and lasted for 0.5 seconds between trials (Fig. 1a). If participants’ response time was faster 
than 2.5 s, the remaining time was added to the ITI duration to discourage relentless button pressing 
behavior. In the RL framework, participants were assumed to use the monetary outcome of each 
trial to update the expectations of each slot machine and adjust their choice in the next trial.  

 

Two conditions (Gain vs. Loss) and two types of outcomes (Good vs. Bad) formed a total of four 
combinations: in the Gain condition, Good outcome corresponded to gaining one coin while Bad 
outcome corresponded to no monetary gain, whereas in the Loss condition, Good outcome 
corresponded to no monetary loss and Bad outcome refered to the loss of one coin (Fig. 1b). The 
probability of getting a Good outcome from each slot machine fluctuated independently throughout 
the 100 trials within each condition. Specifically, the starting probabilities were sampled from a 
uniform distribution with boundaries of [0.25, 0.75]. The probabilities would then change trial by 
trial following a random-walk procedure. After each trial, the probabilities were diffused either up 
or down equally likely by adding or subtracting 0.05 from the current probability. The updated 
probabilities were then reflected off the boundaries of [0.25, 0.75] to maintain within the probability 
range (Fig. 1c). The color of slot machines was randomly selected, and the order of the Gain and 



Loss conditions was counterbalanced across subjects. 
 

All participants completed both conditions (200 trials in total) after a practice of 12 trials. After the 
probabilistic instrumental learning task, participants completed the above self-report questionnaires. 
Experiment 1 lasted 45 minutes on average.  

2.1.4. Computational modeling of RL 

The Q-learning model 
Q-learning models were used to quantify the RL process (Sutton & Barto, 1998). Participants were 
assumed to maintain and update the estimated Q-value of each slot machine throughout the task. 
The Q-value of slot machine ݅ in trial ݐ is denoted as ܳ௜,௧  (݅ =  1, 2), and is updated using the 
following formula:  ܳ௜,௧+1 = ܳ௜,௧ + 𝛼 × (ܴ௧ − ܳ௜,௧)                         (1) 
In the above equation, Q-value in the ݐ + 1 trial is derived from a combination of Q-value in the 
previous trial, ܳ௜,௧, and the reward prediction error (RPE), ܴ௧ − ܳ௜,௧, weighted by the learning rate, 𝛼 (ranged between [0, 1]). Larger learning rates place greater emphasis on the RPE, while smaller 
learning rates give more weight to the current Q-value (Fig. 1f). The RPE is determined by 
subtracting the Q-value from the monetary outcome ܴ௧ obtained in trial ݐ. In the Gain condition, ܴ௧ is assigned a value of either 1 or 0, whereas in the Loss condition, it takes on a value of 0 or -1. 
Q-values are initiated by a free parameter 0ݍ, i.e., ܳ1,0 = ܳ2,0 =  ranges 0ݍ The initial value .0ݍ
between [0,1] in the Gain condition, and [-1, 0] in the Loss condition. 
 

Decisions are made by integrating Q-values of each slot machine in the current trial. The difference 
of Q-values is subsequently transformed using a soft-max rule: 

1ܲ,௧ = 11+௘௫௣(−ఉ×(ொ1,೟−ொ2,೟)−ఊ×ூ)                          (2) 
The above equation specifies the probability of choosing the left slot machine (specified as option 
1) by computing the difference of Q-values between the left slot machine and the right one (option 
2), weighted by an inverse temperature parameter, ߚ. The inverse temperature parameter captures 
choice stochasticity and ranges between [0, 20]. An additional parameter, ߛ, named perseverance, 
accounts for the propensity to simply repeat the previous action. Perseverance varies between [-5, 
5], allowing for subjects’ idiosyncratic behavioral tendency of either repeating or switching to the 
other option during the learning task. The indicator function ܫ assigns a value of 1 if the left slot 
machine is chosen in the last trial, and -1 if the right slot machine is chosen instead. In summary, 
the full model has four free parameters corresponding to 𝛼, ,0ݍ  Gain and Loss conditions .ߚ and ,ߛ
are assumed to possess a distinct set of parameters.  

 

Alternative models were constructed for model comparison. The baseline model encompasses only 
the learning rate and the inverse temperature (the Base model). The following models were all 
constructed based on the Base model, adding the initial values (the Initial model), the perseverance 
(the Persev model), or both (the full model). Additionally, we also compared models that 
distinguished between positive and negative learning rates based on the full model (see Results and 
Supplementary).  



 

Model fitting and model comparisons 
Parameters of the Q-learning models were fitted using the Hierarchical Bayesian Model (HBM). 
This method generates the posterior distribution of the parameters at both the individual and the 
group levels (Ahn et al., 2017; Ni et al., 2023). The hierarchical structure indicates that the 
individual-level parameters are drawn from corresponding hyper-distributions of N(2ߪ ,ߤ). Normal 
priors are assigned to all hyper means ߤ  N(0, 1) and half-Cauchy priors to all hyper standard 
deviations ߪ C(0, 5). Individual-level parameters are transformed using the Φ transformation, the 
cumulative density function of the standard normal distribution, to constrain the parameters within 
their corresponding boundaries.  

 

Model fitting was performed using the rstan package in R. The outcome obtained and choice made 
at each trial were entered into the stan( ) function as behavioral data. For each model, 12,000 samples 
were collected after a burn-in of 4,000 samples on each of the four chains, resulting in a total of 
48,000 posterior samples collected for each parameter. For each parameter, we computed the mean 
of posterior samples to obtain the estimation of the corresponding parameter.  

 

Given the parameter samples, we computed the deviance information criterion (DIC) for each model 
and used it to compare the performances of our candidate models (Spiegelhalter et al., 2002). The 
protected exceedance probability (PXP) was calculated based on DIC. PXP indexed the probability 
that a specific model is the best among the candidate models, providing a group-level Bayesian 
model selection method to identify the best model (Stephan et al., 2009; Rigoux et al., 2014). 
 

Additionally, we conducted model simulations and parameter recovery to assess the stability of the 
Q-learning model. The results for parameter recovery are shown in supplementary results S3. 

2.1.5 Bayesian regression models 

We ran a series of Bayesian regressions to investigate the relationship between learning and 
psychopathological measures (Wise & Dolan, 2020). Bayesian regressions were used to mitigate 
the multiple comparisons problem. The same set of analyses was conducted under both the Gain 
and Loss conditions. Learning rates were regressed against the SDS score and the STAI-T score as 
the main independent variables, with Sex, Age, and IQ in the regression model as covariates of no 
interest. Age, IQ, the SDS score, and the STAI-T score were Z-transformed before entering the 
regressions. All Bayesian regressions were conducted using the brms package in R. The models 
were fitted using Markov chain Monte Carlo sampling, with each model having 8000 samples, of 
which 4000 were used for burn-in. We report the means of the posterior distributions as estimates 
of each coefficient, along with the 95% highest posterior density interval (HPDI), representing the 
points between which 95% of the posterior distribution’s density lies. The regression coefficients of 
control variables were reported in supplementary results S4. The regressions of other parameters 
from the learning model on psychiatric measures were reported in supplementary results S6. 
 



 

Figure 1. The probabilistic instrumental learning task. a. An example trial of the probabilistic 
instrumental learning task. After the trial onset, participants chose between two slot machines. Only 
the outcome of the selected machine was revealed. b. Four different outcomes of slot machines, 
including a 2×2 combination of two different conditions (Gain or Loss) and two types of outcomes 
(‘Good’ or ‘Bad’). c. An example demonstrating that the reward probabilities of the two slot 
machines fluctuate independently throughout the task with a random-walk procedure. d-e. Model-
free stay rates of experiments 1 and 2, respectively. In both Gain and Loss conditions, participants 
exhibited a higher stay rate after a ‘Good’outcome than after a ‘Bad’ outcome. Error bars indicate 
standard errors. f. The Q-learning model consists of a choice component and a learning component. 



The choice component made choices about which slot machine to choose based on the Q-values of 
each slot machine. The learning component updated the Q-values using reward prediction errors 
(RPE) weighted by learning rates. g. Model comparison results, depicted as the protected 
exceedance probability (PXP). The model comparison revealed that the full model, which included 
initial value and perseverance, provided the best fit. h. The violin plot of the fitted learning rates in 
Gain and Loss conditions. The width of the violin represents the density of the parameter distribution. 
Error bars represent the 25th and 75th percentiles of learning rates. The black dots show the median 
of learning rates in each condition and experiment.  

2.2. Results  

2.2.1. Demographic information and distributions of questionnaire scores 

The demographic information of the population in Experiment 1 is presented in Table 1. Scores of 
self-report questionnaires are shown in Fig. 2a and Fig. S1.  

Table 1. Demographic information of the population in Experiment 1 

 Exp 1 (n = 190) 
Gender (Female) 93 (48.9%)  

Age (M±SD) 23.55±5.73 

Employment  

Working full-time 52 (27.4%) 
Working part-time 7 (3.7%) 
Unemployed 4 (2.1%) 
Student  127 (66.8%) 
Education  

High school or lower 6 (3.2%) 
Undergraduate  165 (86.8%) 
Postgraduate  18 (9.5%) 
Phd or above 1 (0.5%) 
Questionnaires (M±SD)  

SDS 34.98±9.20 

STAI-T 38.43±10.03 

 

2.2.2. Quantification of reinforcement learning 

Model-agnostic and model-based analyses were used to quantify subjects’ learning processes based 
on the feedback they received in the Gain and Loss conditions. We calculated the stay rate as the 
proportion of trials in which the same slot machine was chosen as in the previous trial by the 
participants. The stay rate after ‘Good’ outcome was significantly higher than after the ‘Bad’ 
outcome in both conditions (1,189ܨ = 304.64, ݌ < 0.001, ௣2ߟ = 0.617)  (Fig. 1d), indicating 
participants adopt the standard “win-stay-lose-shift” learning strategy. We further applied RL 
models (i.e., the Q-learning model) to quantify the learning process (Fig. 1f, also see methods). The 



model comparison results showed that the full model provided the best fit, measured by the protected 
exceedance probability (PXP > 0.99) (Fig. 1g). There was no significant difference in learning rates 
between the gain and loss contexts (p > 0.05, Fig. 1h). We also ran models that distinguished 
between positive and negative learning rates. However, the effects of depression and anxiety traits 
on positive and negative learning rates showed similar trends (see Supplementary results S7). Thus, 
we carried out further analyses using a single learning rate model in the main text.  

2.2.3. Bayesian regression models of the SDS and STAI-T scores 

Participants’ learning rates in both the Gain and Loss conditions were regressed against the SDS 
and STAI-T scores. In the Gain condition, the regression coefficients indicated a negative correlation 
between the SDS score and learning rates (ߚௌ஽ௌ = -0.118, 95% HPDI = [-0.195, -0.0439]), whereas 
the STAI-T score demonstrated a positive correlation (ߚௌ்஺ூ−்  = 0.131, 95% HPDI = [0.0538, 
0.207]) (Fig. 2c). In the Loss condition, the SDS score was also negatively correlated with learning 
rates (ߚௌ஽ௌ = -0.0791, 95% HDPI = [-0.154, -0.0127]). In contrast, the STAI-T score was positively 
correlated with learning rates (ߚௌ்஺ூ−்  = 0.125, 95% HDPI = [0.0497, 0.196]) (Fig. 2d). In 
summary, the divergent effects of the SDS and STAI-T scores on learning rates highlighted 
dissociative effects of depression and anxiety traits on learning processes. 
 

It was worth noting that in our datasets, depression or anxiety traits alone did not show a consistent 
correlation with learning rates. Specifically, except for a significant correlation between STAI-T 
scores and learning rates in the Loss condition (r = 0.193, p = 0.008), all other correlation analyses 
did not yield significant results (ps > 0.05). On the other hand, we observed a strong positive 
correlation between the SDS and STAI-T scores (r = 0.807, p < 0.001). Thus, we speculated that the 
dissociative effects of depression and anxiety on learning rates might be attributed to the unique 
variance of the two scores after controlling for their covariance. It could be argued that the 
significant effects of SDS and STAI-T scores on learning rates may result from the strong 
collinearity between SDS and STAI-T scores, thereby generating a spurious correlation in the 
multivariate model —a phenomenon known as the suppression effect (MacKinnon et al., 2000). The 
Variance Inflation Factors (VIF) indeed indicated moderate multicollinearity (VIFs were 3.01 for 
the SDS score and 2.95 for the STAI-T score). To address this question, we used factor analysis to 
extract common factors in the questionnaires in Experiment 2. 



 

Figure 2. Dissociation of the depression and anxiety traits on learning rates (LR). a-b. The 
sample distribution of the SDS score and the STAI-T score in experiment 1. c-d. The effects of Sex, 
Age, IQ, the SDS score, and the STAI-T score on the learning rates in the Gain and the Loss 
conditions of Experiment 1. e-f. The sample distribution of the SDS score and the STAI-T score in 
experiment 2. g-h. The effects of Sex, Age, IQ, the SDS score, and the STAI-T score on the learning 
rates in the Gain and the Loss conditions of Experiment 2. The gray dashed line denotes the mean 
of scores in a-b and e-f. Error bars represent the 95% highest posterior density interval (HPDI) of 
posterior samples of each regression coefficient. 
 

3. Experiment 2: Identification of latent factors underlying depression and 
anxiety 

In Experiment 1, we found dissociative effects of depression and anxiety traits on learning processes, 
and suggested that the comorbidity and heterogeneity of depression and anxiety traits should be 
considered jointly while exploring the underlying cognitive mechanisms. To further elucidate the 
role of transdiagnostic latent factors of depression and anxiety on learning rates, in Experiment 2, 
we collected a wider range of questionnaires representative of depression and anxiety (Prenoveau 
et al., 2010; Gillan et al., 2016; Gagne et al., 2020). Here, we aimed to discover transdiagnostic 
latent factors underlying depression and anxiety that might provide explanations about the 
dissociative associations between learning and depression/anxiety.  

3.1. Methods  

3.1.1. Participants 

Data were again collected online using the Naodao online experiment platform (www.naodao.com). 
We recruited a total of 400 participants in Experiment 2. This number exceeds the 300-case 
threshold recommended for exploratory factor analysis when communalities are medium to high 
(≥ .50) (Comrey & Lee, 2013). Data exclusion was the same as Experiment 1, resulting in the final 
sample size of 361 (176 females, mean age 25.17 ± 6.92). All participants were paid a base amount 



of ¥20 plus a bonus of ¥10 on average based on their performance in the learning task.  

3.1.2. Self-report psychiatric questionnaires  

Participants completed self-report questionnaires after the probabilistic instrumental learning task. 
We implemented a wider range of questionnaires concerning depression and anxiety in Experiment 
2. Besides the SDS (Cronbach’s α = 0.94) and STAI-T (Cronbach’s α = 0.95), the Beck Depression 
Inventory-II (BDI, Beck et al., 1996; 21 items, Cronbach’s α = 0.95), the Self-rating Anxiety Scale 
(SAS, Zung, 1971; 20 items, Cronbach’s α = 0.92), and the Penn State Worry Questionnaire (Penn, 
Meyer et al., 1990; 16 items, Cronbach’s α = 0.94) were also included. We carried out attentional 
checks the same as in Experiment 1. The IQ was measured using the nine-item form of the Raven’s 
Standard Progressive Matrices Test. 

3.1.3. Procedure 

All participants went through the probabilistic instrumental learning task, whose procedure was 
the same as Experiment 1. Participants completed the self-report questionnaires after the learning 
task. Experiment 2 lasted 45 minutes on average. 

3.1.4. Factor analysis 

We implemented exploratory factor analysis (EFA) to explore possible transdiagnostic latent factors 
across depression and anxiety in Experiment 2. Factor analysis was conducted using the fa() 
function from the Psych package in R. Ninety-seven individual items of the five questionnaires were 
entered as measured variables into the factor analysis. Factors were extracted using Maximum 
Likelihood Estimation (MLE) with an oblique rotation. Factor selection was based on Parallel 
Analysis (Drasgow & Lissak, 1983), which was realized using the parallel() function from the 
nFactors package in R. This method determined the number of factors by comparing the distribution 
of the eigenvalues between the real data and a randomly generated dataset. Eigenvalues surpassing 
the threshold delineated by the randomly generated data signified that the corresponding factors 
account for a substantial amount of variance within the data (Fig. 4a). The Parallel Analysis revealed 
a 4-factor latent structure, which comprised factors that we labeled as Anhedonia (ANH), Cognitive 
Symptoms (COG), Negative Symptoms (NEG), and Somatic Symptoms (SOM). These factors were 
named according to the individual items that belonged to this factor (see results). An item belonged 
to a factor if (1) the loading of this item on this factor was >0.3 or <−0.3, and (2) this item loaded 
the highest on this factor (Fig. 4b).  

 

Next, we performed confirmatory factor analysis (CFA) to assess the reliability of the four-factor 
structure. The dataset was divided into two parts. We conducted EFA on the first half of the data (n 
= 185), which yielded a four-factor model similar to the one using the full sample. Subsequently, 
we applied CFA to the second half of the data (n = 176), using the four-factor model derived from 
the first part. Three metrics were used to evaluate the CFA model fitting (Wu et al., 2024): 
Comparative fit index (CFI), Tucker-Lewis index (TLI), and the root mean square error of 



approximation (RMSEA). The CFI and TLI range from 0 to 1, with a larger value indicating a better 
model fit. The RMSEA ranges from 0 to 1, with a smaller value indicating a better model fit. CFA 
was conducted using the lavaan package in R. The results of the CFA analysis are shown in the 
supplementary results S2. 

3.1.5. RL Computational modeling and Bayesian regression models 

As in Experiment 1, we constructed Q-learning models to quantify the process of reinforcement 
learning. We also conducted the regression of learning rates on the SDS score and the STAI-T score 
to validate the results of Experiment 1. Moreover, to investigate the relation between learning and 
the transdiagnostic structure of depression and anxiety, learning rates were regressed on the four 
factors extracted by factor analysis, adding Sex, Age, and IQ as covariates of no interest. The other 
settings of the Bayesian regression models were the same as Experiment 1. 

3.1.6. Partial least squares regression 

We further adopted the partial least squares (PLS) regression to validate the structure of 
transdiagnostic factors and their relationship with learning rates. PLS regression was utilized to 
identify dimensions of covariance between psychiatric symptoms and learning rates through a data-
driven approach (Wise & Dolan, 2020). PLS regression was conducted using the pls packages in R. 
Principal components were extracted from the covariance matrix between question items (predictors) 
and learning rates in the Gain and Loss conditions (response variables). Residuals from the 
predictors and the response variables were then used to extract additional components. This iteration 
continues, with each new component being added to the model. Consequently, the components not 
only captured the dimensional information across mental disorders but also reflected variations with 
learning rates. The optimal number of components was determined based on a 10-fold cross-
validation, fitting the model on 90% of the training data and evaluating its performance on the left-
out 10%. The model’s predictive accuracy was assessed by the mean squared error with different 
numbers of components (Fig. 4a). The procedure of PLS regression proceeded with the optimal 
number of components, yielding distinct components with varying loadings across the ninety-seven 
question items. The top 20 items with the largest loadings were identified as belonging to each 
respective component.  

 

Additionally, to verify the consistency between the results obtained from different methods, we 
examined the overlap of items between factors extracted from factor analysis and components 
derived from PLS regression. The proportion of overlap was calculated as the ratio of the number 
of overlapping items to the total number of items in a PLS component. The statistical significance 
of this overlap proportion was assessed using a permutation test, in which PLS regression was 
performed 1000 times with randomly shuffled predictors and response variables. 

3.2. Results  

The demographic information of the population in Experiment 2 is presented in Table 2. Scores of 



self-report questionnaires are shown in Fig. 2a and Fig. S1.   

Table 2. Demographic information of the population in Experiment 2 

 Exp 2 (n = 361) 
Gender (Female) 176 (48.8%) 
Age (M±SD) 25.17±6.92 

Employment  

Working full-time 131 (36.3%) 
Working part-time 14 (3.9%) 
Unemployed 4 (1.1%) 
Student  212 (58.7%) 
Education  

High school or lower 5 (1.4%) 
Undergraduate  316 (87.5%) 
Postgraduate  32 (8.9%) 
Phd or above 8 (2.2%) 
Questionnaires (M±SD)  

SDS 37.55±12.21 

STAI-T 40.68±13.34 

BDI 10.48±10.29 

SAS 35.51±10.89 

Penn 45.51±13.72 

3.2.1. Quantification of reinforcement learning 

The stay rate after ‘Good’ outcome was significantly higher than after the ‘Bad’ outcome in both 
conditions (1,360ܨ = 556.00, ݌ < 0.001, ௣2ߟ = 0.607)  (Fig. 1e), indicating successful learning. 
Again, the model comparison results showed that the full model provided the best fit (PXP = 1) (Fig. 
1g). There was no significant difference in learning rates between the gain and loss contexts (p > 
0.05, Fig. 1h). 

3.2.2. Bayesian regression models of the SDS and STAI scores 

The regressions of the SDS and STAI-T scores replicated the findings in Experiment 1. In both the 
Gain and Loss conditions, the SDS score was negatively associated with learning rates (in the Gain 
condition, ߚௌ஽ௌ = -0.0875, 95% HDPI = [-0.162, -0.00910]; in the Loss condition, ߚௌ஽ௌ = -0.0893, 
95% HDPI = [-0.168, -0.00351]), whereas the STAI-T score was positively correlated with learning 
rates (in the Gain condition, ߚௌ்஺ூ−் = 0.0915, 95% HDPI = [0.0125, 0.165]; in the Loss condition, ߚௌ்஺ூ−் = 0.0578, 95% HDPI = [-0.0273, 0.137]) (Fig. 2 g-h).  

3.2.3. Factor analysis 

We performed an exploratory factor analysis (EFA) across the 97 questionnaire items in 5 
questionnaires. The factor selection process revealed that a structure comprising four latent factors 



best explained the covariance structure of the questionnaire data (Fig. 3a), which were labeled based 
on the similarities of individual items that had high loadings to each factor (Fig. 3b). Factors were 
ranked by the proportion of variance they explained. The first factor, which was predominantly 
characterized by reversed-coding items from the SDS and STAI-T questionnaires and described the 
general lack of hedonic experience, was designated as the ‘Anhedonia (ANH)’ factor. The second 
factor, which encompassed items from the STAI-T and the Penn questionnaires and mainly reflected 
dysfunctional cognitive processes, was labeled as ‘Cognitive Symptoms (COG)’. The third factor 
corresponded primarily to the BDI questionnaire, and was labeled ‘Negative Affect (NEG)’. Lastly, 
the fourth factor, which included questionnaire items about physical discomfort, was designated as 
‘Somatic Symptom (SOM)’. The four factors explained 52% of the total variance of the items.  

3.2.4. Bayesian regression models of the transdiagnostic factors 

To explore how the transdiagnostic latent factors might explain the individual learning differences 
associated with depression and anxiety traits, we again conducted Bayesian regressions to test the 
specific effects of the four latent factors on learning rates in both the Gain and Loss conditions of 
Experiment 2 (Fig. 3c-d). SOM showed a significant negative correlation with learning rates in both 
the Gain and the Loss conditions (in the Gain condition, ߚௌைெ = -0.0692, 95% HPDI = [-0.107, -
0.0293]; in the Loss condition, ߚௌைெ = -0.0603, 95% HPDI = [-0.104, -0.0170]). ANH showed 
negative correlation in the Loss condition (ߚ஺ேு = -0.0554, 95% HPDI = [-0.114, -0.00701]) but 
not in the Gain condition (ߚ஺ேு = 0.0110, 95% HPDI = [-0.0338, 0.0586]). The positive correlation 
between COG and NEG with learning rates was not significant (in the Gain condition, ߚ஼ைீ = 
0.0270, 95% HPDI = [-0.0221, 0.0676]; ߚோீ = 0.0253, 95% HPDI = [-0.0201, 0.0698]; in the 
Loss condition, ߚ஼ைீ = 0.0334, 95% HPDI = [-0.0158, 0.0811]; ߚோீ = 0.0449, 95% HPDI = [-
0.00426, 0.0983]). In summary, ANH was negatively correlated with learning rates only in the Loss 
condition. SOM was negatively associated with learning rates across the contexts. The correlation 
between COG, NEG, and learning rates showed a positive trend in both conditions. 



 

Figure 3. Results of the factor analysis and Bayesian regression in Experiment 2. a. The scree 
plot illustrates the change of eigenvalues as the number of factors increases. The blue dotted line 
represents the permutated eigenvalues from the parallel analysis. Eigenvalues that exceed this line 
indicate that the factors explain more variance than factors generated by random data. Parallel 
analysis indicated that a four-factor solution was appropriate. b. Loadings of items on the four 
factors, namely ‘Anhedonia’, ‘Cognitive Symptoms’, ‘Negative Affect’, and ‘Somatic Symptoms’. 
Only items with loading greater than 0.3 or lower than -0.3 are shown. c-d. The effects of Sex, Age, 
IQ, and the four factors on the learning rates in the Gain and the Loss conditions. Error bars represent 
the 95% HPDI of posterior samples of each regression coefficient. 

3.2.5 PLS regression 

PLS regression was adopted to validate the items of transdiagnostic factors and their relationship 
with learning rates. Ninety-seven individual questionnaire items were entered as the predictive 
variables, and the learning rates in the Gain and Loss conditions were entered as response variables. 



A 10-fold cross-validation process showed that two components provided the best fit (Fig. 4a). 
Component 1 exhibited a negative correlation with learning rates (ீߚ௔௜௡  = -0.0417, ߚ௅௢௦௦  = -
0.0648), whereas Component 2 demonstrated a positive correlation (ீߚ௔௜௡  = 0.0992, ߚ௅௢௦௦  = 
0.0798) (Fig. 4b). We further interpreted the two components based on the 20 largest loading items 
for each component (Fig. 4c). Component 1 mainly encompassed items from the SAS and the SDS 
questionnaires, which mainly contributed to the SOM and ANH factors in our previous factor 
analysis. Component 2 was characterized by items from the STAI-T, the Penn, and the BDI 
questionnaires, aligning well with the COG factor and the NEG factors (Fig. 4e). Specifically, 
Component 1 had a 75% proportion of items overlapping with the SOM and ANH factors 
(permutated p = 0.022), but only 25% of items overlapping with the COG and NEG factors 
(permutated p = 0.897) (Fig. 4f). On the other hand, Component 2 had 75% of items aligning with 
the COG and NEG factors (permutated p = 0.028), but only 25% with the SOM and ANH factors 
(permutated p = 0.893) (Fig. 4g). The PLS results are consistent with the factor analysis and further 
supported that the aptical learning processes of depression and anxiety could be characterized by 
the transdiagnostic components underlying depression and anxiety traits.  



 
Figure 4. Partial least squares regression results in Experiment 2. a. The optimal number of 
components was determined based on a 10-fold cross-validation. The mean squared errors across 
models between one and five factors were represented. The model with two components yielded the 
best performance. b. Loadings of the two components on the learning rates in the Gain and Loss 
conditions. Component 1 was negatively correlated with learning rates, while Component 2 was 
positively correlated with learning rates. c. Loadings of individual items on the two components. 



Green dots represented loadings on Component 1, while red dots represented loadings on 
Component 2. d. The relationship between depression/anxiety, the four latent factors, and the two 
PLS components. e. The overlap of items between the two components and the factors extracted 
from factor analysis. f-g. Permutation test of the overlaps of items between Component 1 & 2 and 
SOM plus ANH (left panel), or COG plus NEG (right panel). In f and g, the red line denotes the 
true proportion of overlap, while the gray dashed line denotes the 5% percentile. True proportions 
that exceeded the 5% line indicated that the proportion of overlap was significantly large enough. 
 

In summary, among the four latent factors extracted from the factor analysis, the ANH and SOM 
factors reproduced the negative correlation with learning rate as observed in the depression scale 
(SDS). Importantly, these latent factors were further validated by the PLS regression. The PLS 
approach identified one component corresponding to somatic symptoms and anhedonia, which was 
negatively correlated with the learning rate, and another element related to cognitive symptoms and 
negative affect, showing positive correlation with the learning rate (Fig. 4d).  

 

4. Discussion 

In this study, we explored the shared and distinct characteristics of depression and anxiety traits 
under the reinforcement learning framework. Despite high comorbidity between depression and 
anxiety, Experiment 1 showed dissociable effects on learning rates regarding depression and anxiety 
traits. Specifically, depression traits were negatively associated with learning rates, and anxiety traits 
showed the opposite pattern. Importantly, depression traits or anxiety traits alone did not exhibit 
significant correlations with learning rates, but only revealed their dissociative effects when 
considered together with regard to invididual learning rates, indicating that the dissociated 
characteristics may stem from transdiagnostic dimensions of depression and anxiety. Furthermore, 
Experiment 2 took a transdiagnostic approach to uncover four latent factors underlying depression 
and anxiety traits, including SOM, ANH, COG, and NEG factors. Among the four factors, SOM 
and ANH were negatively associated with learning rates, which may contribute to the negative 
association between depression traits and learning rates, whereas COG and NEG showed a positive 
correlation trend with learning rates. The dissociative effect among the transdiagnostic factors was 
further supported by the PLS analysis.  

 

The distinct effects of depression and anxiety traits on learning rates provided preliminary evidence 
for the dissociation of the two disorders in interacting with the outside environment and adjusting 
behaviors based on the feedback from the environment. It is worth noting that our results were 
consistent in both the gain and loss domains, regardless of positive or negative learning rates (see 
Supplementary results S7). This indicates that depression and anxiety traits were not simply 
associated with reward or punishment processing, but with RL itself. Our results echoed well with 
previous research that suggested general learning deficits in depression and anxiety (Chase et al., 
2010; LaFreniere & Newman, 2018; Mukherjee et al., 2020), instead of increased aversive learning 
rates (Aylward et al., 2019; Vandendriessche et al., 2022; Yamamori et al., 2023). 
 

More importantly, we demonstrated a critical difference between depression and anxiety traits in the 
learning environments. Specifically, the negative correlation between depression traits and learning 



rates aligns with prior clinical studies (Chase et al., 2010; Mukherjee et al., 2020). In an RL 
framework, lower learning rates imply reduced sensitivity and slow adaptation to the environment. 
The negative correlation between depression traits and learning rates indicates diminished 
reinforcement sensitivity in depression traits, consistent with depression's core anhedonia 
characteristic (Henriques & Davidson, 2000; Chase et al., 2010). Interestingly, the anhedonia factor 
from transdiagnostic analysis also revealed such a negative correlation. Anhedonia, characterized 
by a reduced interest or pleasure, is associated with lower reward sensitivity in learning tasks (Huys 
et al., 2013; Husain & Roiser, 2018). Thus, we speculate that decreased learning rates in depression 
traits might be partially driven by anhedonia, which disrupts motivation and reward-based learning, 
limiting new information integration and adaptive behaviors. 
 

Additionally, the somatic symptoms factor consistently predicted lower learning rates, offering 
further insight into the negative relationship between depression traits and learning. Somatic 
symptoms might reflect insufficient external focus when interacting with an uncertain environment. 
Studies indicate that somatic symptoms (e.g., psychomotor retardation, chronic pain) are linked to 
slower cognitive processing and reduced engagement with external tasks, exacerbating functional 
impairments (Hall et al., 2011). On the contrary, individuals with somatic symptoms tend to 
concentrate more on their inner states and feelings (Cioffi, 1991; Van Den Houte et al., 2017). This 
attentional bias could impair the effective processing of external reward information, ultimately 
leading to decreases in learning rates. Taken together, the reduced learning of anhedonia and somatic 
symptoms suggests a trade-off hypothesis for depression: The observed decline in learning rates 
may stem from depressive cognition's inward focus (e.g., rumination, self-monitoring of physical 
states), which competes with resources needed for external attention and memory encoding. This 
hypothesis aligns with earlier studies demonstrating that depression is characterized by an internal 
focus of attention (Ingram & Smith, 1984; Larsen & Cowan, 1988) and can be effectively treated 
with therapies that encourage an external focus (Nix et al., 1995). A recent study has proposed a 
'self-axis' characterization of depression, positing that bodily sensations and interoceptive signals 
are at the core of depressive symptoms (Davey & Harrison, 2022). Consistent with this perspective, 
our findings indicate that future treatments for depression should incorporate a somatic perspective. 
 

On the contrary, our results suggested a positive correlation between anxiety traits and learning rates, 
consistent with prior research highlighting exaggerated responses to aversive stimuli in anxiety 
(Wise & Dolan, 2020; Yamamori et al., 2023). However, our results indicated a general increase in 
learning speed, regardless of whether feedback was aversive or appetitive. Our findings added 
evidence to the growing literature characterizing general anxiety disorder by sensory over-
responsivity and mood overactivity across perception, emotion, and decision-making (Showraki & 
Showraki, 2021; Cummings et al., 2024), extending to the RL domain. Additionally, the component 
associated with cognitive symptoms and negative affect, as identified by the PLS analysis, was also 
positively correlated with learning rates. Unlike somatic symptoms, individuals with high cognitive 
symptoms often overemphasize external stimuli (Hirsch & Mathews, 2012), corroborating the 
increase in learning rates. Given that cognitive worry is a key feature of general anxiety (Wells, 
1995; Goodwin et al., 2017), we surmised that cognitive symptoms might offer a mechanistic 
explanation for the positive correlation between learning rates and trait anxiety.  

 



The four latent factors provide further insights into the transdiagnostic structure underlying 
depression and anxiety. Through exploratory factor analysis, we were able to identify four 
transdiagnostic factors specifically for the depression and anxiety trait items following the 
dimensional perspective of mental disorders (Cuthbert & Insel, 2013; Cuthbert, 2014; Kotov et al., 
2021). Several previous studies also took the transdiagnostic approach on depression and anxiety 
traits (Prenoveau et al., 2010; Naragon-Gainey et al., 2016) and identified a general distress factor, 
as well as two unique factors of anhedonia and fear that mainly corresponded to depression and 
anxiety traits, respectively. The discrepancy between the factor structures identified by previous 
studies and the current study might be attributed to the fact that survey scales not specifically related 
to anxiety or depression were also included in the previous studies (e.g., the Fear Survey Schedule 
and the Albany Panic and Phobia Questionnaire; Prenoveau et al., 2010).  

 

Despite previous studies showing challenges in finding coherence between self-report and 
behavioral measures (Cyders & Coskunpinar et al., 2011; Duckworth & Kern et al., 2011; McHugh 
et al., 2011; Frey et al., 2017; Saunders et al., 2018; Eisenberg et al., 2019; Peng et al., 2021), the 
current study provided consistent correspondence between symptom dimensions and behavioral 
characteristics using a unified RL computational modeling approach. The results suggest that the 
RDoC approach can be successfully achieved through targeted and reliable modeling approaches 
that inherit robust construct coherence underlying mental disorders, conditions that minimize the 
influence of state effects, and greater numbers of repeated measures (Peng et al., 2021; Peng et al., 
2023). The findings indicate that the RDoC and DSM-based approaches may ultimately reveal 
complementary information, leading to earlier screening and more personalized treatments for 
depression and anxiety disorders. 
 

The current study has several limitations. First, our study did not include clinical cohorts. Future 
research should validate current findings in clinical populations, with a specific focus on exploring 
the relationships between symptom dimensions and learning processes. Second, although we 
included representative scales of depression and anxiety, the current questionnaires were still limited 
in scope, which might lead to an insufficient characterization of cognitive symptoms and negative 
affect. Future work could expand the range of assessment tools to identify a broader spectrum of 
transdiagnostic factors. Third, the current cross-sectional evidence cannot provide causal links 
between psychiatric symptoms and learning deficits, beckoning future longitudinal investigations 
to reveal the causality between learning deficits and transdiagnostic symptoms. 
 

Together, the results showed the promise of understanding the shared and distinct cognitive 
characteristics of depression and anxiety through a perspective of transdiagnostic latent factors in 
a unified RL computational framework. In the future, transdiagnostic approaches may provide 
critical evidence on specific characteristics and mechanisms underlying comorbid psychiatric 
challenges, and therefore provide insights into personalized intervention programs.  

 

Data and code availability 

All data and codes for analysis can be found online at 
https://osf.io/8ptk2/?view_only=fc9117a67a5b4e36970d8dcdd3893f29. 
 

https://osf.io/8ptk2/?view_only=fc9117a67a5b4e36970d8dcdd3893f29


References 

Adams, R. A., Huys, Q. J., & Roiser, J. P. (2016). Computational Psychiatry: towards a 
mathematically informed understanding of mental illness. Journal of neurology, neurosurgery, 
and psychiatry, 87(1), 53–63. https://doi.org/10.1136/jnnp-2015-310737 

Admon, R., & Pizzagalli, D. A. (2015). Dysfunctional Reward Processing in Depression. Current 
opinion in psychology, 4, 114–118. https://doi.org/10.1016/j.copsyc.2014.12.011 

Ahn, W. Y., Haines, N., & Zhang, L. (2017). Revealing Neurocomputational Mechanisms of 
Reinforcement Learning and Decision-Making With the hBayesDM Package. Computational 
psychiatry, 1, 24–57. https://doi.org/10.1162/CPSY_a_00002 

Aylward, J., Valton, V., Ahn, W. Y., Bond, R. L., Dayan, P., Roiser, J. P., & Robinson, O. J. (2019). 
Altered learning under uncertainty in unmedicated mood and anxiety disorders. Nature human 
behaviour, 3(10), 1116–1123. https://doi.org/10.1038/s41562-019-0628-0 

Barsky, A. J., & Borus, J. F. (1999). Functional somatic syndromes. Annals of internal 
medicine, 130(11), 910–921. https://doi.org/10.7326/0003-4819-130-11-199906010-00016 

Beck, A. T., Steer, R. A., Ball, R., & Ranieri, W. (1996). Comparison of Beck Depression Inventories 
-IA and -II in psychiatric outpatients. Journal of personality assessment, 67(3), 588–597. 
https://doi.org/10.1207/s15327752jpa6703_13 

Bilker, W. B., Hansen, J. A., Brensinger, C. M., Richard, J., Gur, R. E., & Gur, R. C. (2012). 
Development of abbreviated nine-item forms of the Raven's standard progressive matrices 
test. Assessment, 19(3), 354–369. https://doi.org/10.1177/1073191112446655 

Britton, J. C., Lissek, S., Grillon, C., Norcross, M. A., & Pine, D. S. (2011). Development of anxiety: 
the role of threat appraisal and fear learning. Depression and anxiety, 28(1), 5–17. 
https://doi.org/10.1002/da.20733 

Browning, M., Behrens, T. E., Jocham, G., O'Reilly, J. X., & Bishop, S. J. (2015). Anxious 
individuals have difficulty learning the causal statistics of aversive environments. Nature 
neuroscience, 18(4), 590–596. https://doi.org/10.1038/nn.3961 

Burton, C., Fink, P., Henningsen, P., Löwe, B., Rief, W., & EURONET-SOMA Group (2020). 
Functional somatic disorders: discussion paper for a new common classification for research 
and clinical use. BMC medicine, 18(1), 34. https://doi.org/10.1186/s12916-020-1505-4 

Chase, H. W., Frank, M. J., Michael, A., Bullmore, E. T., Sahakian, B. J., & Robbins, T. W. (2010). 
Approach and avoidance learning in patients with major depression and healthy controls: 
relation to anhedonia. Psychological medicine, 40(3), 433–440. 
https://doi.org/10.1017/S0033291709990468 

Cioffi D. (1991). Beyond attentional strategies: cognitive-perceptual model of somatic 
interpretation. Psychological bulletin, 109(1), 25–41. https://doi.org/10.1037/0033-
2909.109.1.25 

Comrey, A. L., & Lee, H. B. (2013). A first course in factor analysis. Psychology press. 
Cortese, S., Solmi, M., Arrondo, G., Cipriani, A., Fusar-Poli, P., Larsson, H., & Correll, C. (2020). 

Association between mental disorders and somatic conditions: protocol for an umbrella 
review. Evidence-based mental health, 23(4), 135–139. https://doi.org/10.1136/ebmental-
2020-300158 

Cummings, K. K., Jung, J., Zbozinek, T. D., Wilhelm, F. H., Dapretto, M., Craske, M. G., 
Bookheimer, S. Y., & Green, S. A. (2024). Shared and distinct biological mechanisms for 
anxiety and sensory over-responsivity in youth with autism versus anxiety disorders. Journal 

https://doi.org/10.1136/jnnp-2015-310737
https://doi.org/10.1016/j.copsyc.2014.12.011
https://doi.org/10.1162/CPSY_a_00002
https://doi.org/10.1038/s41562-019-0628-0
https://doi.org/10.7326/0003-4819-130-11-199906010-00016
https://doi.org/10.1207/s15327752jpa6703_13
https://doi.org/10.1177/1073191112446655
https://doi.org/10.1002/da.20733
https://doi.org/10.1038/nn.3961
https://doi.org/10.1186/s12916-020-1505-4
https://doi.org/10.1017/S0033291709990468
https://doi.org/10.1037/0033-2909.109.1.25
https://doi.org/10.1037/0033-2909.109.1.25
https://doi.org/10.1136/ebmental-2020-300158
https://doi.org/10.1136/ebmental-2020-300158


of neuroscience research, 102(1), e25250. https://doi.org/10.1002/jnr.25250 

Cuthbert, B. N., & Insel, T. R. (2013). Toward the future of psychiatric diagnosis: the seven pillars 
of RDoC. BMC medicine, 11, 126. https://doi.org/10.1186/1741-7015-11-126 

Cuthbert B. N. (2014). The RDoC framework: facilitating transition from ICD/DSM to dimensional 
approaches that integrate neuroscience and psychopathology. World psychiatry: official 
journal of the World Psychiatric Association (WPA), 13(1), 28–35. 
https://doi.org/10.1002/wps.20087 

Cyders, M. A., & Coskunpinar, A. (2011). Measurement of constructs using self-report and 
behavioral lab tasks: is there overlap in nomothetic span and construct representation for 
impulsivity?. Clinical psychology review, 31(6), 965–982. 
https://doi.org/10.1016/j.cpr.2011.06.001 

Davey, C. G., & Harrison, B. J. (2022). The self on its axis: a framework for understanding 
depression. Translational psychiatry, 12(1), 23. https://doi.org/10.1038/s41398-022-01790-8 

Drasgow, F., & Lissak, R. I. (1983). Modified parallel analysis: A procedure for examining the latent 
dimensionality of dichotomously scored item responses. Journal of Applied Psychology, 68(3), 
363–373. https://doi.org/10.1037/0021-9010.68.3.363 

Duckworth, A. L., & Kern, M. L. (2011). A Meta-Analysis of the Convergent Validity of Self-
Control Measures. Journal of research in personality, 45(3), 259–268. 
https://doi.org/10.1016/j.jrp.2011.02.004 

Duivis, H. E., Vogelzangs, N., Kupper, N., de Jonge, P., & Penninx, B. W. (2013). Differential 
association of somatic and cognitive symptoms of depression and anxiety with inflammation: 
findings from the Netherlands Study of Depression and Anxiety 
(NESDA). Psychoneuroendocrinology, 38(9), 1573–1585. 
https://doi.org/10.1016/j.psyneuen.2013.01.002 

Eisenberg, I. W., Bissett, P. G., Zeynep Enkavi, A., Li, J., MacKinnon, D. P., Marsch, L. A., & 
Poldrack, R. A. (2019). Uncovering the structure of self-regulation through data-driven 
ontology discovery. Nature communications, 10(1), 2319. https://doi.org/10.1038/s41467-
019-10301-1 

Eshel, N., & Roiser, J. P. (2010). Reward and punishment processing in depression. Biological 
psychiatry, 68(2), 118–124. https://doi.org/10.1016/j.biopsych.2010.01.027  

Fan, H., Gershman, S. J., & Phelps, E. A. (2023). Trait somatic anxiety is associated with reduced 
directed exploration and underestimation of uncertainty. Nature human behaviour, 7(1), 102–
113. https://doi.org/10.1038/s41562-022-01455-y 

Fang, Z., Zhao, M., Xu, T., Li, Y., Xie, H., Quan, P., Geng, H., & Zhang, R. Y. (2024). Individuals 
with anxiety and depression use atypical decision strategies in an uncertain world. eLife, 13, 
RP93887. https://doi.org/10.7554/eLife.93887 

Fox, C. A., Teckentrup, V., Donegan, K. R., Seow, T. X., Benwell, C. S., Tervo-Clemmens, B., & 
Gillan, C. M. Mechanistic arbitration between candidate dimensions of psychopathology. 

Frey, R., Pedroni, A., Mata, R., Rieskamp, J., & Hertwig, R. (2017). Risk preference shares the 
psychometric structure of major psychological traits. Science advances, 3(10), e1701381. 
https://doi.org/10.1126/sciadv.1701381 

Gagne, C., Zika, O., Dayan, P., & Bishop, S. J. (2020). Impaired adaptation of learning to 
contingency volatility in internalizing psychopathology. eLife, 9, e61387. 
https://doi.org/10.7554/eLife.61387 

https://doi.org/10.1186/1741-7015-11-126
https://doi.org/10.1002/wps.20087
https://doi.org/10.1016/j.cpr.2011.06.001
https://doi.org/10.1038/s41398-022-01790-8
https://doi.org/10.1037/0021-9010.68.3.363
https://doi.org/10.1016/j.jrp.2011.02.004
https://doi.org/10.1016/j.psyneuen.2013.01.002
https://doi.org/10.1038/s41467-019-10301-1
https://doi.org/10.1038/s41467-019-10301-1
https://doi.org/10.1016/j.biopsych.2010.01.027
https://doi.org/10.1038/s41562-022-01455-y
https://doi.org/10.7554/eLife.93887
https://doi.org/10.1126/sciadv.1701381
https://doi.org/10.7554/eLife.61387


Garrison, J., Erdeniz, B., & Done, J. (2013). Prediction error in reinforcement learning: a meta-
analysis of neuroimaging studies. Neuroscience and biobehavioral reviews, 37(7), 1297–1310. 
https://doi.org/10.1016/j.neubiorev.2013.03.023 

GBD 2017 DALYs and HALE Collaborators (2018). Global, regional, and national disability-
adjusted life-years (DALYs) for 359 diseases and injuries and healthy life expectancy (HALE) 
for 195 countries and territories, 1990-2017: a systematic analysis for the Global Burden of 
Disease Study 2017. Lancet (London, England), 392(10159), 1859–1922. 
https://doi.org/10.1016/S0140-6736(18)32335-3 

Gillan, C. M., Kosinski, M., Whelan, R., Phelps, E. A., & Daw, N. D. (2016). Characterizing a 
psychiatric symptom dimension related to deficits in goal-directed control. eLife, 5, e11305. 
https://doi.org/10.7554/eLife.11305 

Goodwin, H., Yiend, J., & Hirsch, C. R. (2017). Generalized Anxiety Disorder, worry and attention 
to threat: A systematic review. Clinical psychology review, 54, 107–122. 
https://doi.org/10.1016/j.cpr.2017.03.006 

Hall, N. M., Kuzminskyte, R., Pedersen, A. D., Ørnbøl, E., & Fink, P. (2011). The relationship 
between cognitive functions, somatization and behavioural coping in patients with multiple 
functional somatic symptoms. Nordic journal of psychiatry, 65(3), 216–224. 
https://doi.org/10.3109/08039488.2010.528024 

Henriques, J. B., & Davidson, R. J. (2000). Decreased responsiveness to reward in 
depression. Cognition and Emotion, 14(5), 711–724. 
https://doi.org/10.1080/02699930050117684 

Hirsch, C. R., & Mathews, A. (2012). A cognitive model of pathological worry. Behaviour research 
and therapy, 50(10), 636–646. https://doi.org/10.1016/j.brat.2012.06.007 

Husain, M., & Roiser, J. P. (2018). Neuroscience of apathy and anhedonia: a transdiagnostic 
approach. Nature reviews. Neuroscience, 19(8), 470–484. https://doi.org/10.1038/s41583-018-
0029-9  

Hoven, M., Luigjes, J., Denys, D. et al. (2023). How do confidence and self-beliefs relate in 
psychopathology: a transdiagnostic approach. Nature Mental Health, 1, 337–345. 
https://doi.org/10.1038/s44220-023-00062-8 

Huys, Q. J., Maia, T. V., & Frank, M. J. (2016). Computational psychiatry as a bridge from 
neuroscience to clinical applications. Nature neuroscience, 19(3), 404–413. 
https://doi.org/10.1038/nn.4238 

Huys, Q. J., Pizzagalli, D. A., Bogdan, R., & Dayan, P. (2013). Mapping anhedonia onto 
reinforcement learning: a behavioural meta-analysis. Biology of mood & anxiety 
disorders, 3(1), 12. https://doi.org/10.1186/2045-5380-3-12 

Ingram, R. E., & Smith, T. W. (1984). Depression and internal versus external focus of 
attention. Cognitive Therapy and Research, 8, 139-151. http://doi.org/10.1007/BF01173040 

Kaiser, T., Herzog, P., Voderholzer, U., & Brakemeier, E. L. (2021). Unraveling the comorbidity of 
depression and anxiety in a large inpatient sample: Network analysis to examine bridge 
symptoms. Depression and anxiety, 38(3), 307–317. https://doi.org/10.1002/da.23136 

Kalin N. H. (2020). The Critical Relationship Between Anxiety and Depression. The American 
journal of psychiatry, 177(5), 365–367. https://doi.org/10.1176/appi.ajp.2020.20030305 

Kircanski, K., Joormann, J., & Gotlib, I. H. (2012). Cognitive aspects of depression. Cognitive 
science, 3(3), 301–313. http://doi.org/10.1002/wcs.1177 

https://doi.org/10.1016/j.neubiorev.2013.03.023
https://doi.org/10.1016/S0140-6736(18)32335-3
https://doi.org/10.7554/eLife.11305
https://doi.org/10.1016/j.cpr.2017.03.006
https://doi.org/10.3109/08039488.2010.528024
https://doi.org/10.1080/02699930050117684
https://doi.org/10.1016/j.brat.2012.06.007
https://doi.org/10.1038/s41583-018-0029-9
https://doi.org/10.1038/s41583-018-0029-9
https://doi.org/10.1038/s44220-023-00062-8
https://doi.org/10.1038/nn.4238
https://doi.org/10.1186/2045-5380-3-12
http://doi.org/10.1007/BF01173040
https://doi.org/10.1002/da.23136
https://doi.org/10.1176/appi.ajp.2020.20030305
http://doi.org/10.1002/wcs.1177


Kotov, R., Krueger, R. F., Watson, D., Cicero, D. C., Conway, C. C., DeYoung, C. G., Eaton, N. R., 
Forbes, M. K., Hallquist, M. N., Latzman, R. D., Mullins-Sweatt, S. N., Ruggero, C. J., Simms, 
L. J., Waldman, I. D., Waszczuk, M. A., & Wright, A. G. C. (2021). The Hierarchical Taxonomy 
of Psychopathology (HiTOP): A Quantitative Nosology Based on Consensus of 
Evidence. Annual review of clinical psychology, 17, 83–108. https://doi.org/10.1146/annurev-
clinpsy-081219-093304 

LaFreniere, L. S., & Newman, M. G. (2019). Probabilistic Learning by Positive and Negative 
Reinforcement in Generalized Anxiety Disorder. Clinical psychological science: a journal of 
the Association for Psychological Science, 7(3), 502–515. 
https://doi.org/10.1177/2167702618809366 

Larsen, R. J., & Cowan, G. S. (1988). Internal focus of attention and depression: A study of daily 
experience. Motivation and Emotion, 12(3), 237-249. http://doi.org/10.1007/BF00993113 

Li, J., & Daw, N. D. (2011). Signals in human striatum are appropriate for policy update rather than 
value prediction. The Journal of neuroscience: the official journal of the Society for 
Neuroscience, 31(14), 5504–5511. https://doi.org/10.1523/JNEUROSCI.6316-10.2011 

MacKinnon, D. P., Krull, J. L., & Lockwood, C. M. (2000). Equivalence of the Mediation, 
Confounding and Suppression Effect. Prevention Science, 1(4), 173-81. 
https://doi.org/10.1023/A:1026595011371 

McHugh, R. K., Daughters, S. B., Lejuez, C. W., Murray, H. W., Hearon, B. A., Gorka, S. M., & 
Otto, M. W. (2011). Shared Variance among Self-Report and Behavioral Measures of Distress 
Intolerance. Cognitive therapy and research, 35(3), 266–275. https://doi.org/10.1007/s10608-
010-9295-1 

McLaughlin, K. A., Borkovec, T. D., & Sibrava, N. J. (2007). The effects of worry and rumination 
on affect states and cognitive activity. Behavior therapy, 38(1), 23–38. 
https://doi.org/10.1016/j.beth.2006.03.003 

Meyer, T. J., Miller, M. L., Metzger, R. L., & Borkovec, T. D. (1990). Development and validation 
of the Penn State Worry Questionnaire. Behaviour research and therapy, 28(6), 487–495. 
https://doi.org/10.1016/0005-7967(90)90135-6 

Montague, P. R., Dolan, R. J., Friston, K. J., & Dayan, P. (2012). Computational psychiatry. Trends 
in cognitive sciences, 16(1), 72–80. https://doi.org/10.1016/j.tics.2011.11.018 

Mukherjee, D., Filipowicz, A. L. S., Vo, K., Satterthwaite, T. D., & Kable, J. W. (2020). Reward and 
punishment reversal-learning in major depressive disorder. Journal of Abnormal 
Psychology, 129(8), 810–823. https://doi.org/10.1037/abn0000641 

Naragon-Gainey, K., Prenoveau, J. M., Brown, T. A., & Zinbarg, R. E. (2016). A comparison and 
integration of structural models of depression and anxiety in a clinical sample: Support for and 
validation of the tri-level model. Journal of Abnormal Psychology, 125(7), 853–867. 
https://doi.org/10.1037/abn0000197 

Ni, Y., Sun, J., & Li, J. (2023). The shadowing effect of initial expectation on learning 
asymmetry. PLoS computational biology, 19(7), e1010751. 
https://doi.org/10.1371/journal.pcbi.1010751 

Nix, G., Watson, C., Pyszczynski, T., & Greenberg, J. (1995). Reducing depressive affect through 
external focus of attention. Journal of Social and Clinical Psychology, 14(1), 36-52. 
https://doi.org/10.1521/jscp.1995.14.1.36 

Ossola, P., & Pike, A. C. (2023). Editorial: What is computational psychopathology, and why do we 

https://doi.org/10.1146/annurev-clinpsy-081219-093304
https://doi.org/10.1146/annurev-clinpsy-081219-093304
https://doi.org/10.1177/2167702618809366
http://doi.org/10.1007/BF00993113
https://doi.org/10.1523/JNEUROSCI.6316-10.2011
https://doi.org/10.1023/A:1026595011371
https://doi.org/10.1007/s10608-010-9295-1
https://doi.org/10.1007/s10608-010-9295-1
https://doi.org/10.1016/j.beth.2006.03.003
https://doi.org/10.1016/0005-7967(90)90135-6
https://doi.org/10.1016/j.tics.2011.11.018
https://doi.org/10.1037/abn0000641
https://doi.org/10.1037/abn0000197
https://doi.org/10.1371/journal.pcbi.1010751
https://doi.org/10.1521/jscp.1995.14.1.36


need it?. Neuroscience and biobehavioral reviews, 152, 105170. 
https://doi.org/10.1016/j.neubiorev.2023.105170 

Peng, Y., Knotts, J. D., Young, K. S., Bookheimer, S. Y., Nusslock, R., Zinbarg, R. E., Kelley, N. J., 
Echiverri-Cohen, A. M., & Craske, M. G. (2023). Threat Neurocircuitry Predicts the 
Development of Anxiety and Depression Symptoms in a Longitudinal Study. Biological 
psychiatry. Cognitive neuroscience and neuroimaging, 8(1), 102–110. 
https://doi.org/10.1016/j.bpsc.2021.12.013 

Pike, A. C., & Robinson, O. J. (2022). Reinforcement Learning in Patients With Mood and Anxiety 
Disorders vs Control Individuals: A Systematic Review and Meta-analysis. JAMA 
psychiatry, 79(4), 313–322. https://doi.org/10.1001/jamapsychiatry.2022.0051 

Prenoveau, J. M., Zinbarg, R. E., Craske, M. G., Mineka, S., Griffith, J. W., & Epstein, A. M. (2010). 
Testing a hierarchical model of anxiety and depression in adolescents: a tri-level 
model. Journal of anxiety disorders, 24(3), 334–344. 
https://doi.org/10.1016/j.janxdis.2010.01.006 

Pyszczynski, T., & Greenberg, J. (1987). Self-regulatory perseveration and the depressive self-
focusing style: a self-awareness theory of reactive depression. Psychological Bulletin, 102(1), 
122–138. https://doi.org/10.1037/0033-2909.102.1.122 

Rigoux, L., Stephan, K. E., Friston, K. J., & Daunizeau, J. (2014). Bayesian model selection for 
group studies - revisited. NeuroImage, 84, 971–985. 
https://doi.org/10.1016/j.neuroimage.2013.08.065 

Saunders, B., Milyavskaya, M., Etz, A., Randles, D., & Inzlicht, M. (2018). Reported Self-control 
is not Meaningfully Associated with Inhibition-related Executive Function: A Bayesian 
Analysis. Collabra. Psychology, 4(1). https://doi.org/10.1525/collabra.134 

Showraki, M., & Showraki, T. (2021). GAD: Over-reactive and unstable mood. Journal of Affective 
Disorders Reports, 6, 100265–100265. https://doi.org/10.1016/j.jadr.2021.100265 

Spielberger, C. D. (1983). Manual for the State–Trait Anxiety Inventory (Form Y). Palo Alto, CA: 
Mind Garden 

Stephan, K. E., Penny, W. D., Daunizeau, J., Moran, R. J., & Friston, K. J. (2009). Bayesian model 
selection for group studies. NeuroImage, 46(4), 1004–1017. 
https://doi.org/10.1016/j.neuroimage.2009.03.025 

Sutton, R. S., & Barto, A. G. (1998). Reinforcement Learning: An Introduction. MIT Press. 
Trivedi M. H. (2004). The link between depression and physical symptoms. Primary care 

companion to the Journal of clinical psychiatry, 6(Suppl 1), 12–16.  

Vandendriessche, H., Demmou, A., Bavard, S., Yadak, J., Lemogne, C., Mauras, T., & Palminteri, 
S. (2023). Contextual influence of reinforcement learning performance of depression: evidence 
for a negativity bias?. Psychological medicine, 53(10), 4696–4706. 
https://doi.org/10.1017/S0033291722001593 

Van Den Houte, M., Bogaerts, K., Van Diest, I., De Bie, J., Persoons, P., Van Oudenhove, L., & Van 
den Bergh, O. (2017). Inducing Somatic Symptoms in Functional Syndrome Patients: Effects 
of Manipulating State Negative Affect. Psychosomatic medicine, 79(9), 1000–1007. 
https://doi.org/10.1097/PSY.0000000000000527 

Wells, A. (1995). Meta-Cognition and Worry: A Cognitive Model of Generalized Anxiety 
Disorder. Behavioural and Cognitive Psychotherapy, 23(3), 301–320. 
http://doi.org/10.1017/S1352465800015897 

https://doi.org/10.1016/j.neubiorev.2023.105170
https://doi.org/10.1016/j.bpsc.2021.12.013
https://doi.org/10.1001/jamapsychiatry.2022.0051
https://doi.org/10.1016/j.janxdis.2010.01.006
https://doi.org/10.1037/0033-2909.102.1.122
https://doi.org/10.1016/j.neuroimage.2013.08.065
https://doi.org/10.1525/collabra.134
https://doi.org/10.1016/j.jadr.2021.100265
https://doi.org/10.1016/j.neuroimage.2009.03.025
https://doi.org/10.1017/S0033291722001593
https://doi.org/10.1097/PSY.0000000000000527
http://doi.org/10.1017/S1352465800015897


Wise, T., & Dolan, R. J. (2020). Associations between aversive learning processes and 
transdiagnostic psychiatric symptoms in a general population sample. Nature 
communications, 11(1), 4179. https://doi.org/10.1038/s41467-020-17977-w 

Wu, Q., Oh, S., Tadayonnejad, R., Feusner, J. D., Cockburn, J., O'Doherty, J. P., & Charpentier, C. 
J. (2024). Individual differences in autism-like traits are associated with reduced goal 
emulation in a computational model of observational learning. Nature Mental Health, 2(9), 
1032–1044. https://doi.org/10.1038/s44220-024-00287-1 

Yamamori, Y., Robinson, O. J., & Roiser, J. P. (2023). Approach-avoidance reinforcement learning 
as a translational and computational model of anxiety-related avoidance. eLife, 12, RP87720. 
https://doi.org/10.7554/eLife.87720 

Zung W. W. (1965). A self-rating depression scale. Archives of general psychiatry, 12, 63–70. 
https://doi.org/10.1001/archpsyc.1965.01720310065008 

Zung W. W. (1971). A rating instrument for anxiety disorders. Psychosomatics, 12(6), 371–379. 
https://doi.org/10.1016/S0033-3182(71)71479-0 

 

Funding Declaration 

This research was funded by the National Science and Technology Innovation 2030 Major 
Program (2021ZD0203702), National Natural Science Foundation of China Grants (grant number 
32441111) (to J. Li), and by the National Natural Science Foundation of China (32471151, 
32200854) and the Young Elite Scientists Sponsorship Program by China Association for Science 
and Technology (2021QNRC00) (to Y. Peng). 
 

Author Contributions 

Xinru Huang: Conceptualization; Methodology; Software; Formal analysis; Investigation; Data 
Curation; Writing - Original Draft; Writing - Review & Editing; Visualization; Project 
administration. Yinmei Ni: Conceptualization; Methodology; Resources; Formal analysis. Yuxi 
Wang: Conceptualization; Methodology; Resources; Formal analysis. Yujia Peng: 
Conceptualization; Methodology; Resources; Writing - Review & Editing; Supervision; Funding 
acquisition. Jian Li: Conceptualization; Methodology; Resources; Writing - Review & Editing; 
Supervision; Funding acquisition 

 

Declaration of Competing Interest 

The authors declared that they had no conflicts of interest with respect to their authorship or the 
publication of this article. 
 

Ethics and Consent to Participate 

The study was approved by the Institutional Review Board of theSchool of Psychological and 
Cognitive Sciences, Peking University (#2021-10-12). All participants read the informed consent 

https://doi.org/10.1038/s41467-020-17977-w
https://doi.org/10.1038/s44220-024-00287-1
https://doi.org/10.7554/eLife.87720
https://doi.org/10.1001/archpsyc.1965.01720310065008
https://doi.org/10.1016/S0033-3182(71)71479-0


form prior to the experiment and agreed to take part.  



Supplementary Files

This is a list of supplementary files associated with this preprint. Click to download.

Supplementary.docx

https://assets-eu.researchsquare.com/files/rs-8307305/v1/cf6e3f11c7c53538b750eb71.docx

