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Abstract  1 

While mental disorders are complex and characterized by heterogeneous symptoms, a unified 2 

framework that fully and mechanistically captures these complexities remains elusive. 3 

Reinforcement learning offers a promising way to understand mental health by mathematically 4 

modeling the decision-making processes that underlie psychiatric conditions. By breaking 5 

decision-making down into key components—such as state representation, valuation, action 6 

selection, and outcome evaluation—reinforcement learning provides a structured approach to 7 

studying how disruptions in these processes contribute to disorders like depression, anxiety, 8 

and addiction. This review explores how reinforcement learning can help clarify the cognitive 9 

and neural mechanisms involved in mental disorders and offers insights into their interactions 10 

with other psychological and physiological systems. We also discuss the potential of the 11 

framework to improve clinical practice. Future directions will focus on expanding and using the 12 

reinforcement learning models to naturalistic paradigms and incorporation with advanced 13 

technologies like artificial intelligence.  14 

 15 

Introduction  16 

Mental disorders are characterized by heterogenetic and multifaceted nature in symptom 17 

expression and underlying mechanisms, reflecting the complex interactions among 18 

psychological, cognitive, biological, and environmental factors1. This complexity presents a 19 

fundamental challenge for clinical psychology, making it difficult to pinpoint exact causes and 20 

further design effective interventions. For example, major depressive disorder has 227 possible 21 

symptom combinations2, and even individuals with similar symptoms, such as anhedonia, may 22 

experience distinct disruptions in cognitive processes like reward prediction error signaling or 23 

inhibitory control3,4. Moreover, psychiatric conditions often involve comorbidities, and individuals 24 

experience overlapping symptoms from multiple disorders. This adds another layer of 25 

complexity, making it harder to identify the underlying mechanisms and complicating diagnosis 26 

and treatment. 27 

In light of these challenges, one promising and growing field of investigation involves 28 

examining how individuals with psychiatric conditions differ from healthy individuals in their 29 

decision-making processes. Across different psychiatric conditions, clinical symptoms often 30 

reflect disruptions in how individuals make decisions, particularly in how they evaluate rewards, 31 

anticipate outcomes, and adjust their behavior accordingly. This idea has positioned the 32 

decision-making paradigm as a common axis along which diverse mental disorders and 33 

symptoms can be understood.  34 

Reinforcement learning offers a computational framework for modeling how individuals 35 

make value-based decisions by integrating feedback from previous outcomes to guide future 36 

choices, which are frequently altered in mental disorders5–7. The reinforcement learning 37 

decision-making framework allows observed behaviors–those associated with clinical 38 



symptoms–to be linked to latent cognitive mechanisms through computational parameters, 39 

offering insight into the underlying sources of behavioral variability (Fig.1). This framework can 40 

be broken down into key stages: state representation, valuation, action selection, and outcome 41 

evaluation. Each of these processes is interconnected, such that a disturbance in one 42 

component can propagate through the stages and manifest as psychiatric conditions. In 43 

Section 1, we provide an overview of reinforcement learning, exploring the role of each stage in 44 

the reinforcement learning framework.  45 

Reinforcement learning models, and generative models more broadly, simulate data 46 

based on the mathematical formulations4,8–10, allowing researchers to quantify psychological 47 

constructs–such as reward sensitivity and decision biases–that are not directly observable but 48 

are crucial for understanding the underlying cognitive mechanisms in mental disorders3,5,11.The 49 

ability to simulate complex systems and test hypotheses through reinforcement learning models 50 

makes them powerful for understanding latent features of decision-making processes. The 51 

insights gained from the framework are particularly useful for exploring the interactions between 52 

different psychological domains, spanning various cognitive functions and clinical symptoms. In 53 

Section 2, we discuss how reinforcement learning facilitates the study of these interactions, 54 

exploring how cognitive processes, such as memory, and larger systems like the brain and body 55 

are interconnected, and how these connections contribute to mental health issues.  56 

The applicability of reinforcement learning extends beyond just the theoretical 57 

understanding of mental disorders; it provides empirical evidence into how specific cognitive 58 

processes, such as reward sensitivity and learning are altered in conditions like depression, 59 

anxiety, and addiction. By modeling decision-making in these contexts, reinforcement learning 60 

framework helps identify how impairments in these processes contribute to maladaptive 61 

behaviors. In Section 3, we explore the empirical evidence demonstrating how reinforcement 62 

learning has enhanced our mechanistic understanding of these disorders. Furthermore, 63 

reinforcement learning’s contributions extend to clinical applications, offering ways to tailor 64 

effective interventions considering individual differences. This section will also highlight 65 

reinforcement learning’s potential in bringing methodological advancements to enable more 66 

rapid and reliable estimates in clinical psychology. 67 

Overall, this review aims to introduce reinforcement learning as a framework for 68 

advancing our understanding of mental health disorders. This review contributes uniquely to the 69 

existing literature by proposing how we can dissect psychopathology into distinct computational 70 

components within a reinforcement learning framework—state representation, valuation, action 71 

selection, and outcome evaluation. Building upon prior reviews, we aim to integrates 72 

neurocognitive domains such as memory, attention, emotion, and interoceptive signals into a 73 

cohesive (computational) reinforcement learning framework. At the end of the review, we 74 

suggest future directions for applying reinforcement learning in mental health research and 75 

personalized treatment, and advocates the adoption of naturalistic tasks and advanced artificial 76 

intelligence techniques to address some of the remaining challenges in the field. 77 

 78 



 79 

 80 

Fig.1: Overview of the reinforcement learning framework: Mental disorders have 81 

heterogeneous symptoms. For example, depression is characterized with symptoms such as 82 

anhedonia, apathy, and avolition (panel a). These symptoms can be manifested as behavioral 83 

observations in simple tasks. Hypothetical results of group difference between the healthy 84 

control and depressed individuals could differ (panel b). Reinforcement learning models can 85 

decompose the symptoms by mapping task behaviors to computational components (panel c).  86 

 87 

Reinforcement learning decision-making  88 

Reinforcement learning is a class of methods in which an agent (for example, a person, 89 

animal, or artificial system) learns to make decisions by interacting with its environment. Over 90 

time, the agent uses feedback in the form of rewards or penalties to adjust its behavior, 91 

optimizing performance based on past experiences. In the context of mental disorders, 92 

reinforcement learning provides a valuable framework for understanding psychiatric symptoms, 93 

allowing researchers to mechanistically model the maladaptive learning and decision-making 94 

process underlying its behavioral manifestations12. This approach has been widely adopted in 95 



the field of computational psychiatry, which applies mathematical models to elucidate the 96 

complex interplay between neural, cognitive, and behavioral processes underlying mental 97 

symptoms and disorders4,8. 98 

Reinforcement learning is governed by several key components: an agent, environment, 99 

states (external or internal), and policy13. Here, an agent interacts with an environment, which 100 

consists of states representing external or internal conditions. The agent selects actions based 101 

on a learned policy, which determines the optimal response to a given state. These actions are 102 

reinforced through outcomes that either increase (positively reinforce) or decrease (negatively 103 

reinforce) the likelihood of repeating certain behaviors. By trial and error, the agent continuously 104 

updates its value function, which estimates the expected reward associated with a given state, 105 

action, or state-action pair14. 106 

Building on these principles, reinforcement learning can be understood as a structured 107 

sequence of interconnected stages that guide an agent’s decision-making process (Fig.2). It 108 

begins with a representation of the given state or stimuli, in which the agent encodes both 109 

external and internal information to construct a mental model of the environment. Based on the 110 

representation, it proceeds to valuation, where subjective values are assigned to different 111 

states, actions, or state-action pairs. This informs the next stage, action selection, where the 112 

agent chooses an action based on the computed values and action policies. Following action 113 

selection, the agent would undergo outcome evaluation, a process where it assesses the 114 

consequences of its action by comparing expected and actual outcomes. This comparison often 115 

involves computing prediction errors, which signal discrepancies between anticipated and 116 

observed rewards. These errors guide the learning stage, updating value functions and refine 117 

future decision-making strategies. By continuously cycling through these stages, the agent 118 

adapts to its environment, improving its ability to make optimal choices over time.  119 

This reinforcement learning decision-making framework described above can be directly 120 

implemented using computational models, allowing researchers to simulate and quantify how 121 

specific components of decision-making may be altered in mental disorders. As illustrated in 122 

Fig.2, this modeling process typically begins with reformulating clinical phenomena of interest 123 

into formal reinforcement learning and decision-making processes. A mathematical model is 124 

then constructed to represent the hypothesized decision process, followed by parameter 125 

estimation based on behavioral data-these parameters reflect latent cognitive mechanisms that 126 

shape behavior. The validity of the model can be evaluated through simulation and recovery 127 

procedures, which test whether the model can reproduce behavior consistent with observed 128 

data and recover known parameter values. By situating clinical symptoms within this structured 129 

computational pipeline, researchers can generate mechanistic hypotheses that are both testable 130 

and interpretable. In the following sections, we will go over each stage of the reinforcement 131 

learning decision-making framework, and outline how each process can be computationally 132 

formalized to understand dysfunction in each could lead to psychiatric symptoms.  133 

  134 



 135 

Fig.2: Computational modeling and reinforcement learning framework. Clinical symptoms 136 

can be decomposed into underlying cognitive processes using reinforcement learning models, 137 

through a typical computational modeling pipeline including model construction, simulation, and 138 

model fitting (left panel). Letters in the gray box denote: δ (reward prediction error), r (reward), 139 

Q(s,a) (action value of action a in state s), α (learning rate). These components correspond to 140 

key stages of the reinforcement learning decision-making framework, including key stages such 141 

as representation, valuation, action selection, outcome evaluation, and learning (right panel). 142 

 143 

State representation 144 

State representation involves constructing a mental state that encodes environmental 145 

features and identifies feasible options for the agent15. This process transforms external and 146 

internal stimuli into goal-relevant state and action spaces, forming a foundation for decision-147 

making. In the reinforcement learning decision-making framework, probabilistic models 148 

formalize this process by estimating the agent’s current state through observations and prior 149 

beliefs (for a detailed description, see ref.16). These models enable agents to refine their 150 

understanding of the environment by dynamically updating state representations. 151 

Diverse cognitive constructs such as perception, memory, and attention play a central role 152 

in state representation. While perception processes sensory input into meaningful task-relevant 153 

states17,18, declarative memory integrates past experiences, allowing agents to anticipate and 154 

guide future actions19,20. Attention further refines this process by prioritizing goal-relevant 155 



information while filtering distractions21,22. Computational models operationalize these constructs 156 

by mapping noisy sensory inputs and past experiences to probabilistic state estimates and 157 

formalizing how attentional biases adapt to emphasize goal-relevant features23, allowing 158 

researchers to quantify how diverse aspects of cognition encode and process environmental 159 

states. 160 

 161 

Valuation 162 

Next, agents compute values for each state and feasible option by estimating expected 163 

returns or costs1,12. This valuation process can be affected by multiple control systems24 : first, 164 

goal-directed valuation involves deliberate evaluation of actions based on their expected 165 

outcomes, supporting flexible and adaptive behavior. In contrast, habitual system reflects 166 

automatic responses shaped by past reinforcement history, often insensitive to outcome 167 

devaluation or contingency changes. 168 

These control systems can be computationally formalized as model-free and model-169 

based learning mechanisms. Model-free learning, encompassing habitual behaviors, updates 170 

values via prediction errors without maintaining an internal model of the environment25,26. This 171 

system prioritizes efficiency over flexibility, forming simple stimulus-response associations 172 

through reinforcement27,28. In contrast, model-based learning, which underlies the goal-directed 173 

control system, leverages an internal model to compute expected action values, enabling 174 

flexible, context-sensitive decision making29–31. 175 

Beyond these two instrumental systems, Pavlovian valuation system represents a 176 

distinct process in which stimuli are assigned innate value tendencies-such as approaching 177 

toward reward-predictive cues or avoidance of aversive stimuli, irrespective of instrumental 178 

contingencies32 . While Pavlovian mechanisms are often viewed as evolutionarily hard-wired, 179 

they can interact with both model-based and model-free systems, biasing the valuation process. 180 

These valuation systems interact with cognitive mechanisms such as working memory, 181 

which influences one’s capability to manage model-based strategies. Computational studies 182 

indicate that increased working memory loads impair model-based learning, suggesting its role 183 

in balancing model-based and model-free strategies33–35. Additionally, valuation is shaped by 184 

factors such as delay and effort, which modulate the subjective value of options, as well as by 185 

affective states like fear and anxiety, which bias decision making strategies. Mathematical 186 

models incorporate parameters such as a delay discounting rate and risk aversion to quantify 187 

these effects36. Overall, by formalizing valuation strategies and their modulators, reinforcement 188 

learning models provide a unified framework to quantify multiple components affecting the 189 

evaluation of stimulus and actions, considering their dynamic interactions. 190 

 191 

 192 

 193 



Action selection  

Action selection is the process of translating value computations into concrete decisions 194 

and behaviors, resolving conflicts between valuation systems12. In reinforcement learning 195 

context, this control can encompass orchestrating the switch between model-based and model-196 

free approaches based on contextual demands. Hybrid reinforcement learning models capture 197 

this interplay by hierarchically integrating these processes and weighting parameters that 198 

quantify their relative contributions37,38.  199 

Beyond this model-based and model-free balance, action selection is also influenced by 200 

the Pavlovian system. Pavlovian biases refer to automatic tendencies to approach reward-201 

predictive cues or avoid aversive ones, irrespective of their instrumental value. These biases 202 

can distort action selection by overriding goal-directed or habitual computations under 203 

conditions of conflict between systems39,40 . 204 

In parallel to the competition among multiple control systems, action selection introduces 205 

stochasticity and resolves the trade-off between exploration (seeking new information) and 206 

exploitation (leveraging known rewards)29,41. This trade-off is often quantified using the inverse 207 

temperature parameter, where lower values indicate greater exploration and higher values lead 208 

to deterministic exploitation of high-value options42–44. 209 

Sequential sampling models such as drift-diffusion models and race models offer most 210 

detailed insights into action selection by modeling its temporal dynamics45,46. These models 211 

assume that choices emerge from the gradual accumulation of evidence until a decision 212 

threshold is reached, providing a mechanistic account of choice accuracy and reaction time as 213 

well as the tradeoff between them. Integrating sequential sampling models into the 214 

reinforcement learning decision-making framework as a mechanism for translating accumulated 215 

evidence into final action selection enables a more mechanistic analysis of value-based 216 

deliberation and dynamic evidence accumulation47–49. 217 

 218 

 219 

Outcome evaluation and learning 220 

After making a series of decisions, the brain generates value signals to evaluate 221 

outcomes and update strategies12. Reinforcement learning models capture this through reward 222 

prediction error, which refers to the discrepancy between expected and actual outcome. This 223 

prediction error drives learning and behavioral adjustment, rather than reward or loss itself. 224 

Dopamine neurons play a critical role in encoding this error25,28,50, with positive prediction errors 225 

occurring when outcomes exceed expectations and negative prediction errors when they fall 226 

short50. Negative outcomes, such as aversive stimuli or losses, also elicit negative prediction 227 

errors, leading to avoidance behaviors and behavioral adjustments. These dopaminergic signals 228 

update value representations and action-outcome associations, reinforcing future behavior51,52. 229 

The magnitude of prediction errors also affects the learning rate, quantifying how 230 

strongly prediction errors influence subsequent valuation and action selection. A higher learning 231 

https://pdf.sciencedirectassets.com/271070/1-s2.0-S0028393219X00159/1-s2.0-S0028393219303033/main.pdf?X-Amz-Security-Token=IQoJb3JpZ2luX2VjEML%2F%2F%2F%2F%2F%2F%2F%2F%2F%2FwEaCXVzLWVhc3QtMSJGMEQCIHCTgAdlF6fh%2FfDY4Q3TZZBTw41FaWa6fHZy2tO6fM6XAiAI5vyZpID%2ByPoMrNHXGwNfkNrKkc%2FOT8miy8wg23vKpyq7BQjL%2F%2F%2F%2F%2F%2F%2F%2F%2F%2F8BEAUaDDA1OTAwMzU0Njg2NSIM%2B3%2FBEdKrf%2B4f8CKZKo8FEAB6irFFSY1hOkbF9ZhzqZDQlq3NzZb1LsG9NACLK9WGTVRAEuKaPg6xo2vZV516UgrSI9Z4S7eId92w0T953Mvuiug77HXGbudfzd6jCiB4ugd%2F3kyqV2RryfrNBPd6KPgEdmkeU6PFdSCb6CU76%2FSv89GyxNGFK9rZ851%2FWLacJOPl4q6%2FEOJ9RGseMkbDlG2wAMV927SlSDISmdbt56yaFlDJWXXH5eUsS%2BZaMSAUsVIiVQ4njMAOboVL9uoOYOE7dehkDp0H3mNQnUI6MKjPD5X2U02YpzKDPCwq7vLxAeEaETecOB7eLEKl5iK0A3Z%2FE1L1wNEVu%2BGc%2FQXk9D00QO8TbOP1vprSJpovj2nGAqo9k2GLZI%2Frh2Is98scDCxMAzYUHuYqqBnG5x8MnWW%2BpIrAI2AYMgHZCMsxnDhpY1mDXFOkk%2F8wKcRoEeD9oc7DHyHYrdsqW1FoOu9UfHsWbz1aCp5C0IRuxfr6QHieyJHJ6A%2F7ceOA%2BSd3jZiCo6UtXZAhihd28AQu3yRvTdycyiAIPjRf%2B7v9IWA57EcICppr730mFewijrk3D1F7EMzULktqqWZjLtDFDWjknXadiIsUiWBxntsPnzN7PgXnqmL3A1PttPgQ92gjq45GJDtra6uKeQUcmGtS4ZFvLfWaJ9PF40q5SqMKLWRMzbVN0aYaG2jp2cjYRY6d%2BMyNPBtqORBjXwBCdH1vkncVgU5xmkVN6mGgeQ2mKmVbYKgqf42durcQ5gE7LQ94mc2WCqzso60JtQxe%2FgVAjpvn4TZgMV2mYcPPYnlg2WafB8RCXoRLesJnnTUbn9DiUqm0Y1ISIJ4Ji8MCZYalbzY9D7rv0W58WHIGaViMvq7YiTD58fW8BjqyAQbBj5yBsAfLOq1lVxzhdphoD2U%2BmB3E8KDRJLFfql9fVHnMuXk0RM%2FAB4vQrYBWog9f9H2ObgkolB3vRAsbE3aKVDQuNVi%2Bhpnl5NpVsYHluJ2ZPiheNXpPd7PNZNuPPUhozaA8fEZGLEPO9rifr%2BQyVs%2Bw4niAkdVOc6qpuWhKaKFdPKjfeDuqq%2Bxb8RnCTrU70S8w3lvPLBAsiY1%2FH%2Fz3kl%2FZxBvqKcxK893rV%2ByuUAM%3D&X-Amz-Algorithm=AWS4-HMAC-SHA256&X-Amz-Date=20250201T015317Z&X-Amz-SignedHeaders=host&X-Amz-Expires=300&X-Amz-Credential=ASIAQ3PHCVTYSHFMDNWD%2F20250201%2Fus-east-1%2Fs3%2Faws4_request&X-Amz-Signature=122f540659489810da5052851a4de6698d6a5554cde1c39f4d97bcda110cce19&hash=c2cae4d328ead6a0945dac28a1ba7a9046d727ac5191d687d0dbedabf625c4ff&host=68042c943591013ac2b2430a89b270f6af2c76d8dfd086a07176afe7c76c2c61&pii=S0028393219303033&tid=spdf-3daf3cd7-8ee1-4e95-b12f-3dd92c1da6f0&sid=a16746093490


rate results in rapid adaptation to recent outcomes, while a lower rate reflects reliance on prior 232 

expectations, leading to more gradual updates. While classical reinforcement learning models 233 

typically assume a fixed learning rate, advanced models such as the Kalman filter and the 234 

Hierarchical Gaussian Filter allow for dynamic adjustment of learning rates in response to 235 

uncertainty53–56 . This allows for more flexible and adaptive learning, particularly in volatile or 236 

nonstationary environments. 237 

Beyond reward prediction errors, cognitive control and working memory further refine 238 

this learning process by integrating feedback and regulating the influence of prediction errors. 239 

Cognitive control processes monitor the decision-making process and allow for adjustments in 240 

strategy57. Working memory, in turn, complements this by modulating prediction error-based 241 

learning58, shaping the extent to which prediction errors drive learning59. Together, these 242 

mechanisms ensure that learning is not solely dictated by immediate reinforcement but also 243 

incorporates broader cognitive resources, and using reinforcement learning decision-making 244 

framework, these multiple components can be mapped under a shared computational principle. 245 

This phase highlights the unifying role of the reinforcement learning decision-making framework, 246 

offering computational insights into how positive and negative outcomes, alongside cognitive 247 

resources, drive behavioral adaptation.  248 

 249 

Interactions between and within domains  250 

 As previously mentioned, mental health problems rarely stem from isolated dysfunctions 251 

but rather involve interconnected disruptions across multiple systems. While previous 252 

frameworks such as Research Domain Criteria defined diverse constructs such as cognitive 253 

control and working memory, they lack a unified structure to formally incorporate these 254 

components into a mechanistic model of behavioral manifestations (Box 1). However, 255 

understanding the dynamic interplay among these constructs requires a structured approach 256 

that can formally model their interdependencies.  257 

Here, the reinforcement learning decision-making framework can provide a 258 

computational approach to achieve this by offering a structured, quantitative analysis of how 259 

different mental processes influence each other within a shared decision-making mechanism. 260 

By modeling these interactions mathematically, this framework allows researchers to examine 261 

how interconnected disruptions contribute to psychiatric dysfunctions, complementing existing 262 

frameworks and providing insights into system-wide dynamics that underlie mental disorders. In 263 

this section, we address how reinforcement learning decision-making formalizes these 264 

interactions, restructuring various components into an integrated cycle of decision-making 265 

processes. By exemplifying cross-domain interactions such as the interplay between 266 

reinforcement learning and working memory, as well as empirical studies where reinforcement 267 

learning provided insights to comorbidity in multiple mental disorders, we discuss how 268 

reinforcement learning decision-making’s interactive framework enhances our understanding of 269 

mental disorders. 270 



Working memory and reinforcement learning 271 

An example of integrating distinct cognitive processes within the reinforcement learning 272 

framework is the working memory and reinforcement learning model60. While working memory 273 

plays a crucial role in learning and decision-making by maintaining and updating task-relevant 274 

information, its interplay with reinforcement learning has rarely been studied in previous studies.  275 

The reinforcement learning decision-making framework can provide a structured 276 

approach to show how these processes jointly shape behavior. A probabilistic reward learning 277 

task (Fig.3a), where multiple options are associated with stochastic reward, and its variations 278 

are widely used to spot distinct decision strategies in maximizing the rewards. During the task, 279 

behaviors would be affected by the interplay between reinforcement learning (model-free 280 

learning driven by reward prediction errors) and working memory systems (capacity-limited but 281 

allows rapid updating of task-relevant information). Mathematical models can easily incorporate 282 

working memory construct with learning behavior during the task (Fig.3b). In the model, the 283 

probability of selecting action a is expressed as a weighted sum of working memory and 284 

reinforcement learning (Fig.3c). Here, the weighting parameter is adapted to determine how 285 

much decision-making is influenced by working memory, dynamically adjusting based on task 286 

demands. Under high cognitive load, this weighting parameter decreases, shifting reliance to 287 

reinforcement learning strategies. Under low cognitive load, the weighting parameter increases, 288 

promoting more model-based decisions. 289 

This comprehensive framework offers insights into psychiatric dysfunctions where 290 

cognitive impairments interact with reinforcement learning deficits. Schizophrenia is one 291 

example: patients often exhibit impaired working memory but relatively intact reward-based 292 

reinforcement learning61, a dissociation that reinforcement learning and working memory models 293 

can formulate by parameterizing the relative contribution of each system. Depression provides 294 

another compelling case, where anhedonia, a diminished ability to experience pleasure, may 295 

arise from impaired reward valuation and learning processes, which is further exacerbated by 296 

deficits in working memory62. Reinforcement learning models can disentangle these 297 

components, allowing researchers to precisely characterize how cognitive dysfunctions impact 298 

learning and decision-making, distinguishing between deficits in maintaining task-relevant 299 

information and impairments in value updating. 300 

Beyond the interplay between the working memory system and value-based learning, 301 

reinforcement learning models have also been used to dissociate components within the 302 

domain of reward processing itself. For example, computational models have been used to 303 

dissociate anhedonia-related deficits in reward sensitivity from impairments in reward learning in 304 

depression63. While traditional descriptive frameworks cannot dissociate the role of distinct 305 

components under a single umbrella of reward processing, reinforcement learning models refine 306 

understanding of the role of multiple constructs by isolating the parameters capturing each 307 

construct and mechanistically linking them in a connected phase. This demonstrates how 308 

reinforcement learning helps understanding within-domain interactions using mechanistic 309 

approaches; details on these mechanistic approaches and related studies are explained in the 310 

following section. 311 



 312 

Fig.3: Schematic of working memory-reinforcement learning model.  313 

In an exemplar experimental paradigm of a simple 2-armed bandit task, participants 314 

choose one stimulus on each trial t to maximize the rewards (panel a). On each stage, 315 

valuation, action selection, outcome evaluation, and learning occur. Each of the process can be 316 

formulated and incorporated in a computational model (panel b). A schematic model motivated 317 

by60, depicts a theoretical model where working memory and reinforcement learning constructs 318 

are taken into account within a single model (panel c).  319 

 320 

Understanding comorbidity and latent mechanisms 321 

Reinforcement learning has also been useful in providing insights into comorbidity and 322 

shared mechanisms across disorders. For example, anxiety and depression frequently co-323 

occur, with nearly half of individuals diagnosed with one having also received the diagnosis of 324 

the other64. Reinforcement learning models can simulate this comorbidity by modeling the 325 

interaction of dysfunctions across domains, rather than treating them as independent disorders.  326 

https://www.cambridge.org/core/journals/epidemiology-and-psychiatric-sciences/article/anxious-and-nonanxious-major-depressive-disorder-in-the-world-health-organization-world-mental-health-surveys/E103963822D81BDEA5BB8AF120460811


A recent study by Zorowitz and colleagues demonstrated the utility of the reinforcement 327 

learning approach by showing that the uncertainty associated with potential threats and the 328 

pessimistic belief about oneself (inability to handle them) are key to anxiety and avoidance 329 

behaviors, which also contributes to depression. By adjusting key parameters using generative 330 

models, they simulated pessimistic expectations and maladaptive decision-making patterns 331 

observed in anxious individuals. The results supported the idea that clinical anxiety may 332 

precede certain types of depression, which, in turn, can lead to missed opportunities for 333 

rewards, eventually fostering the belief that rewards are unattainable, and ultimately contributing 334 

to the development of depression65.  335 

Similar modeling approaches have also been applied to understand compulsivity, a 336 

symptom shared by both addiction and obsessive-compulsive disorder66. Compulsivity is often 337 

viewed as an imbalance between goal-directed and habitual learning systems, marked by 338 

diminished goal-directed control and excessive habitual responses to immediate rewards or 339 

stimuli67–69. In substance use disorder, repeated drug intake leads to compulsive use, resulting 340 

in a loss of goal-directed control70. 341 

While both addiction and obsessive-compulsive disorder involve deficits in flexible 342 

decision-making, reinforcement learning tasks and Bayesian modeling reveal key differences. 343 

For instance, a perseverative behavior in the probabilistic reward learning task refers to a 344 

pattern in which the next choice is less affected by the current outcome, but rather is a repetition 345 

of a particular action (for example, keep choosing the stimulus presented on the left-hand side), 346 

even when it is no longer leading to rewarding outcome. This is often observed in addiction, in a 347 

way that positive outcome is less impactful, while in obsessive-compulsive disorder, both 348 

positive and negative outcome-driven learning remained intact71. Another study found that 349 

although both groups were less goal-directed compared to healthy individuals, obsessive-350 

compulsive disorder was uniquely associated with an increased switching between model-free 351 

and model-based strategies, indicating more general impairment in action selection72. These 352 

findings highlight the distinct yet overlapping mechanisms underlying compulsivity in addiction 353 

and obsessive-compulsive disorder, emphasizing the role of reinforcement learning models in 354 

disentangling these processes. 355 

 356 

Brain–Body interaction 357 

Historically, reinforcement learning models have mainly focused on external states, such 358 

as reward-related cues and outcomes, but mental disorders often involve disruptions in 359 

interoceptive processing73–75. The reinforcement learning framework has been expanding its 360 

scope and could benefit from incorporating internal states, such as interoceptive signals, into 361 

decision-making models. Incorporating internal states into the framework could provide a more 362 

comprehensive understanding of how agents integrate bodily signals with external stimuli to 363 

drive adaptive decision-making and behavior.  364 

This shift toward incorporating internal states aligns with the growing emphasis in 365 

psychology and neuroscience on understanding the dynamic interplay between the brain and 366 

body. Advances in this field have linked interoceptive processes to learning theories through 367 



dynamic models of bodily states. For instance, predictive coding—a Bayesian framework 368 

originally developed to explain how the brain interprets external cues—has been extended to 369 

interoception, shedding light on how the brain forms models of its internal environment as it 370 

changes over time76–78. In homeostatic reinforcement learning, the concept of reward has been 371 

redefined to emphasize actions that bring internal states closer to their optimal or desired levels 372 

as inherently rewarding. Interoceptive active inference builds on predictive coding by proposing 373 

that agents act to minimize prediction errors—or “surprise”—while maintaining homeostasis. 374 

This approach suggests that the brain combines information about the body’s current state with 375 

environmental cues and learned associations to predict future internal states and guide 376 

proactive control79. Furthermore, a recent proposal has introduced the incorporation of internal 377 

states into the reinforcement learning framework, conceptualizing the body as an integral 378 

component of decision-making80.  379 

Although research in this area has been largely theoretical, recent empirical studies 380 

have begun to incorporate interoceptive dimensions into computational models. For example, 381 

Bayesian models have been applied to cardiac and respiratory data in healthy individuals81,82, in 382 

anxiety-related contexts83, and among psychiatric patients75,84. Notably, findings from Smith et 383 

al.75 suggest that impaired interoceptive processing can perpetuate persistent somatic errors, 384 

contributing to emotional and somatovisceral dysregulation commonly observed in many mental 385 

disorders. These findings highlight the importance of incorporating internal states in the 386 

framework and illustrate how computational modeling can uncover hidden processes that are 387 

otherwise difficult to observe, enhancing our understanding of mental disorders.  388 

 389 

Mechanistic understanding of mental disorders  390 

Building on the capacity of reinforcement learning models to capture interactions across 391 

cognitive domains, we now turn to how this framework enhances a mechanistic insight of 392 

psychiatric dysfunction (Fig.4). By formally linking observed behaviors to underlying 393 

computational components, reinforcement learning enables researchers to identify where 394 

specific breakdowns occur in the decision-making process. In this section, we focus on 395 

empirical examples from anxiety, depression, and addiction–disorders that have been 396 

extensively studied using reinforcement learning frameworks and commonly characterized by 397 

significant dysfunctions in reward-related decision-making.  398 

 399 

Depression and Reinforcement learning 400 

Major depressive disorder is one of the leading causes of psychiatric conditions 401 

worldwide85 . It is associated with a wide range of symptoms that affect emotional, cognitive, 402 

and behavioral functioning, with anhedonia being a hallmark feature. Anhedonia, which is 403 

characterized by a reduced capacity to experience pleasure or diminished interest106,107 in 404 

typically rewarding stimuli, has been conceptualized as a dysfunction in reinforcement learning. 405 

https://scholar.google.com/scholar_lookup?title=A%20rating%20scale%20for%20depression&publication_year=1960&author=Hamilton
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While learning is central to motivation and goal-directed behaviors (for a review, see ref.1,86), 406 

individuals with depression experience a disruption in the mechanisms that drive learning from 407 

rewarding experiences, leading to diminished motivation for daily activities.  408 

 409 

 410 
Fig.4: Behavioral manifestations of symptoms within the framework. Although there 411 

are still mixed or weak findings to establish a definitive mapping between every single clinical 412 

symptom and its computational mechanism, we present this hypothetical example to illustrate 413 

the potential of operationalizing clinical conditions through computational perspectives.  414 

 415 

 416 



Empirical evidence consistently demonstrates that individuals with depression exhibit a 417 

diminished sensitivity to rewards87–90, even among those with milder depressive symptoms113. 418 

Neuroimaging studies have reported reduced activity in key brain areas involved in reward 419 

processing91 , such as the ventral striatum, during tasks designed to measure reward learning  420 

and outcome evaluation92,93 . To mechanistically explain these findings, reinforcement learning 421 

models propose that depressive symptoms, including anhedonia, arise primarily from 422 

impairments in reward sensitivity and valuation processes5,94.  423 

Reinforcement learning models distinguish between reward sensitivity (the subjective 424 

value assigned to rewards) and learning rates (the speed at which an individual updates their 425 

belief based on feedback). For example, Mukherjee et al.95  have shown that depressed 426 

individuals have impaired learning for rewards, but not for losses, compared to healthy controls. 427 

Specifically, they showed lower learning rates, which predicted depression more accurately and 428 

showed lower value sensitivity (differences in the subjective value of outcomes). Probabilistic 429 

reversal learning tasks, commonly used in reinforcement learning, provide a widely-accepted 430 

paradigm for investigating how individuals adapt their behavior in response to changing reward 431 

contingencies96. In a variant of this task, participants typically choose between two options, with 432 

the optimal choice associated with a higher probability of receiving a reward. However, this 433 

optimal response shifts unpredictably, and individuals are expected to update their behavior and 434 

beliefs based on feedback from their choice histories. Huys and colleagues63 used this task to 435 

differentiate the neurocognitive components of reward sensitivity and learning rates. In their 436 

study, the reinforcement schedule of each stimulus varied unpredictably, and reward sensitivity 437 

was operationalized through a scaling parameter reflecting how strongly individuals valued the 438 

rewards they received. The learning rate quantified the extent to which individuals updated their 439 

expectations based on new feedback. Anhedonic symptoms were particularly predicted with the 440 

smaller reward sensitivity parameters, but not with the learning rates. A low dose of dopamine 441 

agonist, which stimulates dopamine receptors in the brain produced the opposite effects. These 442 

suggest that while depressed individuals may still be able to learn from feedback with intact 443 

dopamine signals, they are less responsive to the rewards they receive, which may explain the 444 

lack of motivation and persistent negative affect often observed in depression.  445 

Furthermore, reinforcement learning models underscore the critical role of dopaminergic 446 

signaling in reward processing, particularly in the midbrain dopamine system that encodes 447 

reward prediction errors97,98. These prediction errors are essential for adaptive decision-making 448 

and in model-free learning, where positive feedback increases the likelihood for choosing the 449 

same action again, and negative feedback facilitates learning from errors. Depressed patients 450 

have shown blunted reward prediction error signaling in the striatum to positive outcomes91,99, 451 

whereas this effect is less significant for the negative outcomes86. However, some studies report 452 

mixed findings, with mild depression with fewer episodes often exhibiting relatively intact 453 

dopaminergic signaling100, suggesting that the severity of depression may influence the degree 454 

to which reward processing is impaired101. These inconsistencies suggest that this bias in 455 

depression may rest more on impaired valuation in the model-based manner, rather than trial-456 

by-trial model-free learning that comes from dopaminergic responses1 . Furthermore, 457 

Pessiglione et al.102 suggested that multiple phenotypes can exist under the same clinical 458 

presentation of apathy, arising from various computational dysfunctions including reduced 459 



reward sensitivity, reward-effort tradeoff, and delay discounting for future rewards. Overall, this 460 

points to the complexity of reinforcement learning in depression and the need to further explore 461 

how different depressive subtypes might affect reward processing differently. 462 

In line with this, depressed individuals frequently show asymmetries in learning, where 463 

they tend to undervalue potential rewards and overestimate associated efforts or costs. This is 464 

particularly evident in motivational learning, where depressed individuals struggle to integrate 465 

positive feedback effectively from past experiences. Such impairments limit subsequent 466 

exploratory behaviors, further restricting engagement with rewarding stimuli and actions17,118. 467 

These difficulties in learning from rewards are compounded by the overemphasis on negative 468 

experiences, which could bias future expectations and lead to increased learning from losses 469 

compared to gains. For example, discounting future rewards (preferring smaller immediate 470 

rewards over larger delayed ones) is typically more pronounced in individuals with depression, 471 

reflecting an increased focus on avoiding losses rather than pursuing potential gains103.  472 

 473 

Anxiety and Reinforcement learning 474 

Anxiety is also primarily characterized by excessive fear, worry, and heightened threat 475 

perception104,105. These symptoms are linked to exaggerated emotional responses to potential 476 

threats, often resulting in hyper avoidant reactions. Reinforcement learning provides insight into 477 

these anxiety-related decision biases, mainly how value computation for rewards and 478 

punishments are distorted to affect action selection, along with altered learning rates in anxiety 479 

disorder (for a review, see ref.106).  480 

First, distorted value computation plays a significant role in the decision-making process of 481 

individuals with anxiety. In particular, anxiety is associated with an overestimation of negative or 482 

threatening stimuli, where neutral or ambiguous cues are misinterpreted as dangerous. This 483 

bias is captured in reinforcement learning through an increased risk aversion parameter, which 484 

leads to a preference for low-risk, low-reward options107. A prominent prospect theory108 of 485 

modeling individual risk sensitivity showed that individuals with anxiety are more sensitive to risk 486 

in monetary decision-making compared to healthy controls. Essentially, heightened anxiety 487 

results in a negative interpretational bias, leading to undervaluation of uncertain outcomes, 488 

eventually making individuals withdraw from exploration to avoid potential harms109 .  489 

The second cognitive mechanism contributing to avoidance behavior in anxiety disorders 490 

is maladaptive action selection. Individuals with a high level of anxiety frequently show 491 

impairments in model-based reinforcement learning, where their behavior shifts toward model-492 

free strategies110. In model-based learning, individuals update their expectations and choices 493 

using a structured, goal-directed approach, based on their internal model. However, anxiety 494 

often involves excessive simulations and the inability to settle on optimal solutions may hinder 495 

the ability to effectively use model-based strategies and settle on optimal solutions111. Moreover, 496 

Pavlovian conditioning in anxiety disorders leads to strong associations between certain cues 497 

and negative outcomes, reinforcing maladaptive avoidance behaviors. Pavlovian biases toward 498 



avoidance often override instrumental learning, leading to excessive harm avoidance in volatile 499 

environments112. Approach-avoidance task is a widely used task paradigm that incorporates 500 

threat manipulation to a probabilistic go/no-go reinforcement learning task112 . In this task, 501 

participants are given stimuli options to involve in either approaching or avoiding each stimulus 502 

that could be either rewarding or punishing. Using this task, Mkertchian et al.112 demonstrated 503 

an increased tendency for avoidance in action selection (Pavlovian bias to withhold action in the 504 

face of punishment), an effect that was exacerbated under stressful conditions specifically in the 505 

anxious group.  506 

The third potential mechanism is altered learning for aversive outcomes. Anxiety 507 

increases sensitivity to negative feedback, leading to an elevated learning rate for negative 508 

prediction errors. In other words, individuals with higher levels of anxiety tend to update their 509 

expectations more drastically in response to losses or failures, as opposed to rewards or 510 

successes. Indeed, computational studies suggest that anxious individuals exhibit increased 511 

weight on negative prediction errors, which could contribute to persistent maladaptive avoidance 512 

patterns113,114. They often learn more quickly in the punishment domain compared to the reward 513 

domain, favoring avoidance behaviors. However, different subtypes of anxiety disorders have 514 

mixed findings, where in some anxiety disorders, individuals learn more slowly for both positive 515 

and negative reinforcers. For example, socially anxious individuals struggle to update beliefs 516 

about social threats, which would lead to persistent fears even when contexts no longer pose 517 

danger115. In generalized anxiety disorder, individuals showed a slower learning rate over time, 518 

regardless of the reinforcement valence116. Similarly, individuals who experienced a greater 519 

level of task-induced anxiety showed a higher learning rate to punishments relative to 520 

rewards109, which has been replicated with a larger sample117. 521 

In some cases, a heightened learning rate for negative outcomes may lead to overly 522 

rapid adjustments in behavior, manifesting as win-stay, lose-shift–like patterns. Huang and 523 

colleagues118 used a behavioral task to investigate a symptom of anxious individuals’ blunted 524 

sensitivity in identifying a goal from distractors, remaining hypervigilant to them. Although there 525 

was no significant difference across individuals with different anxiety levels in terms of overall 526 

performance (how much an individual earned reward during a task), they were able to show that 527 

individuals with a greater anxiety level displayed a suboptimal decision strategy, characterized 528 

by an excessive lose-shift behavior. This may underlie maladaptive avoidance in anxiety, where 529 

individuals are over-sensitive to potential negative outcomes, even when it is no longer 530 

adaptive.  531 

 532 

Addiction and Reinforcement learning 533 

Addiction, especially substance use disorder, is marked by persistent drug-seeking 534 

behavior and an inability to regulate substance use despite negative consequences119. While 535 

traditionally characterized in behavioral and neurobiological terms, addiction-related 536 

dysfunctions have been further dissected mechanistically using reinforcement learning decision-537 

making framework. By decomposing multifaceted symptoms such as craving, withdrawal 538 
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symptoms, and compulsivity into quantifiable cognitive processes, this approach provides a 539 

precise quantification of the latent processes driving addiction-related abnormalities and 540 

mechanistic insights beyond descriptive models. 541 

 At its core, addiction stems from dysfunctions in the dopamine-mediated reward system, 542 

disrupting how individuals process rewards and control their behavior97. Within the 543 

reinforcement learning framework, dopamine has been strongly linked to the encoding of reward 544 

prediction errors, which serve as teaching signals for updating value estimates and refining 545 

future behavior25. In addiction, this mechanism becomes ‘hijacked’: pharmacological effects of 546 

drugs directly stimulate dopaminergic activity, producing artificially large prediction error signals 547 

and causing drug-paired cues to be overvalued and continuously reinforced120. This explanation 548 

provides a mechanistic view for the exaggerated salience of drug-related cues, offering a 549 

computational basis of how value systems become distorted in addiction. 550 

This aberrant reward valuation is further manifested as a phenomenon known as reward 551 

narrowing, where drug-related cues become overvalued while natural rewards are devalued121. 552 

This bias arises from altered dopaminergic signaling, driven by the pharmacological effects of 553 

drugs and subsequent neuroadaptive changes, affecting how subjective value is assigned to 554 

different stimuli. Computational modeling studies have shown that individuals with substance 555 

use disorder exhibit biased value representations, with altered sensitivity to reward and 556 

punishment cues and their associated contexts122–124. Furthermore, studies originally rooted in 557 

behavioral economics-such as delay discounting paradigms-have consistently shown that 558 

individuals with addiction exhibit a stronger preference for immediate rewards over long-term 559 

gains. Elevated delay discounting has been consistently observed across various substances, 560 

including alcohol, cocaine, opioids, cannabis, and nicotine- suggesting this stiff discounting may 561 

constitute a core computational risk marker underlying impulsive choice behavior in addiction. In 562 

parallel, addicted individuals tend to be more risk-tolerant and less loss-averse than healthy 563 

controls, which further bias decision-making strategies. This can modulate utility functions and 564 

weighting of prediction errors, dampening sensitivity to negative outcomes during value 565 

updating.  566 

Beyond the biases in the valuation phase, addiction disrupts learning and action 567 

selection mechanisms by altering the balance between multiple controllers. Compulsive drug-568 

seeking behavior in addiction has long been thought to result from a shift away from goal-569 

directed control and toward habitual behavior, which can be translated to the alteration of 570 

model-based and model-free systems’ balance in a computational perspective. Computational 571 

models suggest that chronic drug use weakens model-based learning and decision-making, 572 

inducing imbalance between the two systems125,126. This imbalance is quantified using a 573 

weighting parameter, which reflects the weighting of model-based versus model-free processes. 574 

Computational analyses indicate that addiction is primarily associated with reduced model-575 

based reinforcement learning rather than overreliance on model-free learning. While addiction is 576 

commonly associated with a smaller weighting parameter, reflecting impaired goal-directed 577 

control38,127, findings are mixed, and some evidence suggests excessive model-based valuation 578 

of drugs to relieve withdrawal symptoms128. Reinforcement learning provides a mechanistic 579 



framework to disentangle these competing hypotheses by precisely quantifying individual 580 

differences in reward valuation, learning strategies, and action selection biases. 581 

Based on this systematic framework, empirical studies demonstrate that computational 582 

modeling can offer insights on what traditional descriptive analyses often overlook. Specifically, 583 

by mechanistically decomposing the multidimensional drivers of addiction, reinforcement 584 

learning framework allows researchers to identify subtle and latent characteristics underlying 585 

behavioral symptoms of addiction and further classify the subtypes based on computationally 586 

defined features. For instance, Myers and colleagues129 demonstrated that while descriptive 587 

behavioral measures failed to detect significant differences, computational modeling identified 588 

an elevated recency bias in opioid-addicted individuals, meaning they are more likely to repeat 589 

previous responses regardless of reinforcement history. Similarly, a recent study130 found that 590 

heroin users exhibited reduced learning rate for punishment, while chronic cannabis users 591 

showed greater learning rate for reward, illustrating subtle individual differences in addiction 592 

phenotypes that would be difficult to capture through conventional analyses. These findings 593 

highlight the heterogeneity within addiction, emphasizing the potential of reinforcement learning-594 

based computational phenotyping. 595 

By leveraging reinforcement learning principles, computational approaches go beyond 596 

traditional symptom-based classifications, offering quantifiable, mechanistic insights to 597 

understand the neurocomputational basis of addiction. By decomposing addiction-related 598 

dysfunctions into precise computational components (reward valuation distortions, learning 599 

impairments, and shifts in decision control), reinforcement learning framework enables a more 600 

fine-grained analysis of why individuals develop compulsive drug use and how these 601 

dysfunctions vary across addiction phenotypes. 602 

 603 

Beyond mechanistic understanding 604 

Reinforcement learning’s ability to provide mechanistic insights extends beyond 605 

theoretical models—it has practical implications for the assessment (Box 2) and treatment of 606 

mental disorders (for a review, see ref.8). Computational phenotyping or fingerprinting, which 607 

dissects complex psychiatric symptoms into measurable cognitive components and 608 

characterizes individuals based on unique reinforcement learning-derived parameter 609 

profiles122,131, has gained significant interest in psychiatric research. Unlike static trait measures, 610 

parameters that are estimated from computational models can capture dynamic behaviors 611 

throughout learning (for example, adapting to the environment), thus providing rich insights for 612 

computational phenotyping by capturing latent mechanisms that shape observable symptoms. 613 

By integrating parameters across tasks, this approach systematically maps individuals onto a 614 

multidimensional parameter space, refining the mechanistic understanding of psychiatric 615 

heterogeneity. Yechiam et al.132 used a single reinforcement learning task to distinguish 616 

maladaptive decision-making across mental disorders to systematically explain the similarities 617 

and differences between them, quantifying their characteristics in a more mechanistic manner. 618 

Similarly, Gueguen et al.122 proposed a multidimensional framework for computational 619 



fingerprinting in addiction, demonstrating how reinforcement learning-derived features can 620 

uniquely profile individuals, even in the context of shared symptoms. A recent paper further 621 

suggested that dynamic computational phenotyping can be refined by integrating state-622 

dependent variability, highlighting its potential on characterizing individual variability133,134.  623 

Reinforcement learning also contributes to methodology. Rooted in reinforcement 624 

learning models, adaptive design optimization dynamically adjusts experimental variables in 625 

real-time to guide decision-making. Unlike traditional designs that follow a predetermined fixed 626 

structure, adaptive design optimization algorithm adapts over time to optimize task performance, 627 

parameter estimation, and model fitting. This contributes to a challenge in the field, which is the 628 

poor estimation of individual parameters, particularly when trial numbers are insufficient or when 629 

tasks fail to elicit stable behavior patterns134,135. Adaptive design optimization136–138 helps to 630 

estimate parameters with a small number of trials, improving efficiency in data collection. By 631 

continuously adjusting the design based on real-time participant choices, it maximizes 632 

information from each trial, reducing the need for a large number of trials. For example, Ahn et 633 

al.139 demonstrated that the adaptive design optimization led to high test-retest reliability (r = 634 

0.95) of delay discounting parameter within 10-20 trials. Using a similar paradigm, Lee et al. 140 635 

demonstrated computational markers predictive of addictive behaviors and treatment outcome. 636 

Furthermore, leveraging high-dimensional datasets incorporating multimodal data would allow 637 

researchers to capture a more comprehensive view of psychological constructs, offering the 638 

opportunity to enhance the robustness of computational models. Altogether, these systematic 639 

efforts ensure that computational approach remains grounded in reproducible and clinically 640 

relevant measures, bridging the gap between theoretical modeling and practical application. 641 

This not only increases participant compliance but also improves data quality, which is 642 

especially valuable in clinical studies where maintaining engagement can be challenging.  643 

 644 

Summary and future directions 645 

The reinforcement learning decision-making framework provides a powerful 646 

computational approach that decomposes complex psychiatric dysfunctions into mechanistic, 647 

quantifiable components. Expanding on traditional descriptive frameworks, reinforcement 648 

learning models enable a structured, hypothesis-driven investigation of how latent cognitive and 649 

psychological processes drive maladaptive decision-making. By modeling key decision-making 650 

mechanisms—including state representation, reward valuation, action selection, and learning—651 

this framework allows researchers to systematically examine how disruptions in these 652 

processes contribute to psychiatric conditions. 653 

A major strength of this framework is its use of computational models to foster 654 

mechanistic understanding of the heterogeneous and complex nature of mental disorders. 655 

Specifically, we showed how reinforcement learning can contribute to understanding and 656 

investigating interactions between different cognitive and psychological aspects of mental 657 

disorders. Moreover, reinforcement learning leverages generative models to infer latent 658 

cognitive processes, offering mechanistic insights that go beyond traditional descriptive 659 



methods. Researchers can come up with different hypotheses of which components of learning 660 

(for example, reward prediction error and learning rate) can contribute to distinguishing 661 

overlapping symptoms by identifying their distinct computational signatures. This structured 662 

approach bridges the gap between behavior, neural circuits, and clinical symptoms, refining 663 

psychiatric research and advancing personalized treatment strategies. 664 

Application of the reinforcement learning framework in understanding mental disorders is 665 

an emerging field that still includes several challenges. Here we suggest some key directions for 666 

future research. Despite advancements in reinforcement learning frameworks, most approaches 667 

using reinforcement learning models still rely heavily on controlled experimental paradigms, 668 

which may not fully capture the complexity of real-world decision-making. Traditional 669 

reinforcement learning tasks often simplify the environment and overlook the dynamic, context-670 

dependent nature of decision-making in a naturalistic setting, potentially limiting the ecological 671 

validity of the findings. To bridge this gap, future research would greatly benefit from integrating 672 

reinforcement learning with naturalistic paradigms, such as movie-watching141–143 and real-time 673 

tasks using games or virtual environments144–146, have shown promise in capturing complex 674 

decision-making behaviors in ecological contexts147.  675 

Advanced computational algorithms and artificial intelligence, like deep neural networks148, 676 

effectively model dynamic, real-time decision-making, while handling complexity of naturalistic 677 

settings is crucial149. For instance, Cross et al150 used these methods to map task 678 

representations in the brain during video game play. However, these models often assume 679 

optimal performance, overlooking human participants’ limited capacity. A recent work by Lee et 680 

al.146 applied inverse reinforcement learning to model real-time driving behaviors and address 681 

this by inferring each individual’s latent reward functions and capture individual differences in a 682 

real-time decision-making task.  683 

Beyond the naturalistic task setting, another promising direction for advancing 684 

reinforcement learning research is the study of naturalistic rewards. Traditional reinforcement 685 

learning tasks often rely on abstract, task-based reinforcers-most commonly monetary rewards- 686 

to model learning and decision-making processes across diverse populations. While such 687 

approaches are useful for capturing neurocognitive parameters in controlled and generalized 688 

settings, they fail to fully account for how real-world, biologically relevant reinforcers shape 689 

reinforcement learning mechanisms. 690 

This issue is particularly crucial in the context of human addiction research, where the 691 

neurocognitive mechanisms underlying reinforcement learning are directly tied to substance-692 

specific rewards. Previous studies have demonstrated that chronic drug use blunts dopamine 693 

responses to conventional rewards, such as monetary incentives, while preserving or even 694 

enhancing responses to cues associated with the addictive substance151,152. This suggests that 695 

addicted individuals exhibit selectively biased reward processing, prioritizing drug-related 696 

reinforcers over other types of rewards. Standard reinforcement learning models that rely on 697 

generic task-based reinforcers may overlook these critical alterations in value representation, 698 

making it essential to incorporate naturalistic rewards into computational paradigms. 699 

Reinforcement learning models that explicitly account for naturalistic rewards will provide a 700 



more ecologically valid framework for understanding how addicted individuals respond to 701 

substance-specific cues, update reward expectations, and make decisions under conditions of 702 

craving or withdrawal. 703 

Finally, future research could expand on the reinforcement learning framework by 704 

integrating it with real-life, large-scale behavioral data along with machine learning approaches. 705 

The emergence of mobile health tools, passive sensing technologies, and digital phenotyping 706 

provides a unique opportunity to apply the reinforcement learning framework to longitudinal, 707 

real-world datasets. For instance, reinforcement learning models can be adapted to analyze 708 

how individuals engage in real-time decision-making in daily life, tracking patterns of reward 709 

sensitivity, habit formation, and cognitive control fluctuations over extended periods. Moreover, 710 

integrating the reinforcement learning framework with large-scale datasets or with neuroimaging 711 

techniques could contribute to development of neurocognitive biomarkers in mental disorders.  712 

 713 

Box 1: Expanding on the other frameworks 714 

 The reinforcement learning decision-making framework can complement and expand on 715 

previous frameworks such as the Research Domain Criteria. The Research Domain Criteria was 716 

introduced by the National Institute of Mental Health as a transdiagnostic framework to provide 717 

a comprehensive explanation of mental disorders by breaking down fundamental psychological 718 

and neurobiological constructs153,154. It has served as a multidimensional approach by focusing 719 

on behavioral processes, brain circuits, and biological mechanisms, while spanning various 720 

levels of analysis, from brain systems to behavior155,156. As an “organizational heuristic”, the 721 

Research Domain Criteria has offered a broad outline for mental health research through a two-722 

dimensional matrix.  723 

On the first axis, it defines six major psychobiological domains: Negative Valence 724 

systems, Positive Valence systems, Cognitive systems, Social processes, Arousal/Regulatory 725 

systems, and Sensorimotor systems. Another axis of the framework consists of units of 726 

analysis, such as genes, molecules, cells, circuits, physiology, behavior, and self-reports157,158. 727 

The Negative Valence systems involve brain processes related to negative emotions, such as 728 

fear, anxiety, and loss, while the Positive Valence systems deal with processes related to 729 

positive emotions, such as reward, motivation, and pleasure. This includes how the brain 730 

responds to enjoyable activities or goals. The Cognitive systems encompass mental processes 731 

like attention, memory, and decision-making in general, and the Social Processes include 732 

understanding development, sharing social cues, and forming relationships. The 733 

Arousal/Regulatory systems and the Sensorimotor systems are related to bodily reactions to 734 

external cues, how we cope with external stress, and how we perceive and respond to the world 735 

through our senses (for example, sight, sound, or touch) and movement. 736 

While computational approaches4,8,159 have previously received considerable attention 737 

as a method for investigating mental disorders, there has been limited focus on how 738 

computational approaches can interface with, complement, and enhance the Research Domain 739 



Criteria framework. The reinforcement learning and decision-making framework not only covers 740 

many of the advantages that the previous framework has provided, but also expands on it. For 741 

example, the domains and units of analysis introduced in the previous framework are highly 742 

compatible with the reinforcement learning decision-making framework, as its core 743 

components—such as reward prediction, value computation, and policy selection—align closely 744 

with the underlying mechanisms in Positive Valence and Cognitive Systems.  745 

As discussed more in depth in the main text, reinforcement learning models can account 746 

for interactions between domains and constructs within an integrated framework153,156. For 747 

instance, while reward processing deficits in the Positive Valence Systems and heightened 748 

threat perception in the Negative Valence Systems can each contribute to maladaptive 749 

behaviors, their interaction may drive distinct outcomes160. Assuming symptoms arise within a 750 

single domain is overly reductive and oversimplifies the mechanisms of mental disorders, 751 

ultimately failing to capture the full scope of mental health conditions161,162. Understanding these 752 

interactions is crucial for advancing psychiatric research and treatment.  753 

 754 

Box 2: Psychometric advantages of computational modeling 755 

Reinforcement learning models can be used to enhance the psychometric properties. 756 

Studies have shown that computational approaches improve test-retest reliability and provide 757 

more robust and precise computational markers compared to traditional psychological 758 

constructs and behavioral measures.  759 

Cognitive tasks, defined as experimental paradigms measuring behavior to derive 760 

inferences about specific cognitive processes, play a central role in most of the research 761 

frameworks, including the reinforcement learning framework65. However, despite their utility, 762 

challenges remain in ensuring that the psychometric properties of these measures are reliable. 763 

The reliability of task measures has long been criticized due to their low reliability in comparison 764 

to conventionally established minimum acceptable thresholds and levels consistently attained 765 

by self-report instruments163–165. This issue is often referred to as the reliability paradox, where 766 

tasks designed to produce highly reliable effects at the group level often reduce individual 767 

variability, making them less effective at capturing meaningful individual differences163,166.  768 

This limitation is tied to the reliance on traditional descriptive summary statistics in task 769 

data analysis, which often obscure individual variability and the latent mechanisms underlying 770 

behavioral responses167. As discussed earlier, relying on simple metrics, such as overall 771 

accuracy or response time, may overlook confounding factors that drive these behaviors. This 772 

underscores the need for more sophisticated analytical techniques that can capture latent 773 

cognitive processes and account for subtle individual differences. 774 

Computational approaches, including reinforcement learning, addresses these issues by 775 

providing more reliable and precise measures than traditional descriptive metrics. Research 776 

indicates that reinforcement learning models can capture the detailed dynamics of decision-777 
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making processes, offering more stable and reliable estimates of cognitive traits compared to 778 

conventional behavioral measures168. For example, recent studies have shown that generative 779 

modeling can reliably capture stable latent processes and achieve improved reliability compared 780 

over traditional behavioral measures169,170. These findings illustrate how the theoretical 781 

advantages of computational approaches can lead to practical benefits, such as enhanced 782 

reliability in experimental measures. 783 

Computational modeling methods such as hierarchical Bayesian modeling can further 784 

help refine parameter estimation by incorporating group-level priors, reducing noise and 785 

enhancing stability170–172. Compared to standard estimation methods, this strategy provides 786 

more consistent parameter recovery in reinforcement learning and decision-making models, 787 

making it a valuable tool for improving psychometric robustness166,173. Beyond estimation, the 788 

parameter recoverability also influences reliability (for a review, see ref.134). These 789 

considerations ensure that the psychometric advantages of computational approaches are 790 

robust, relying on proper model selection, estimation, and validation. 791 

By improving the reliability of task-based measures via computational approaches, this 792 

can enhance the discriminatory power of task measures and ultimately improve the accuracy of 793 

classification174. In a study by Huys et al.8, simulated behavioral data were first generated using 794 

a simple model-free reinforcement learning algorithm, and then fit back to the same model to 795 

recover underlying parameters. Classifiers trained on these recovered parameters achieved 796 

higher classification accuracy (Area Under Curve = 0.87) than those trained directly on the 797 

simulated choice data (Area Under Curve = 0.74), demonstrating that model-derived features 798 

can capture clinically relevant information more effectively than raw behavioral outputs. 799 

These advancements in psychometric properties could directly impact clinical practice, 800 

offering the potential to improve the precision of diagnosis and treatment. By dynamically 801 

quantifying individual differences in cognitive and neural processes, computational approaches 802 

such as reinforcement learning could potentially enable personalized treatment monitoring and 803 

refinement175,176. Empirical studies have shown that reinforcement learning-based parameters, 804 

including learning rates and reward prediction error signals, can predict treatment outcomes and 805 

guide intervention strategies177. For instance, Queirazza et al.178 demonstrated that striatal and 806 

amygdala responses to reward prediction errors distinguished treatment responders in 807 

depression. Additionally, computational psychopharmacology provides a framework for 808 

mechanism-based treatment approaches, optimizing therapeutic interventions through 809 

quantitative modeling69. 810 
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