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a b s t r a c t 

Maladaptive behavior in drug addiction is widely regarded as a result of neurocognitive dysfunctions. Recently, 

there has been a growing trend to adopt computational methods to study these dysfunctions in drug-addicted 

patients, not least because it provides a quantitative framework to infer the psychological mechanisms that may 

have gone awry in addiction. We therefore sought to evaluate the extent to which these theory-driven computa- 

tional models have fulfilled this purpose in addiction research. We discuss several learning and decision-making 

theories proposed to explain symptoms that characterize impaired control and the intense urge to use drugs in 

addiction, and outline the computational algorithms frequently used to model these processes. Specifically, im- 

paired behavioral control over drugs have been explained by aberrant reinforcement learning algorithms and an 

imbalance between model-based and model-free control, whereas the strong desire for drugs might be explained 

by a neurocomputational model of incentive sensitization and behavioral economic theory. We argue that while 

theory-driven computational models may appear to be useful tools that generate novel mechanistic insights into 

drug addiction, their use should be informed by psychological theory, experimental data, and clinical observa- 

tions. 
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. Introduction 

Drug addiction, a severe form of substance use disorder, is charac-

erized by dysfunctional patterns of drug use that persist at the expense

f the users’ health and wellbeing. Once conceived as a moral failure

1] and conceptualized by a physical and psychological dependence

n addictive drugs [2] , drug addiction is now widely regarded as a

europsychiatric disorder with clear biological underpinnings [ 3 , 4 ].

t its core, drug-addicted patients often show a myriad of addictive

ehaviors that are maladaptive (see Table 1 ), such as a loss of control

ver drug use that continues even in the face of negative consequences,

r a strong desire to use drugs rather than engage in other pleasurable

ctivities. The mechanisms underpinning these symptoms have each

een explained by several influential theories in the field. For example,

heories of impaired reinforcement learning and instrumental control

ocus on maladaptive behavior typically seen in drug-addicted patients.

hey postulate that cognitive processes regulating adaptive actions

ecome impaired, which may explain why drug use spirals out of

ontrol and continues even in the face of adverse consequences [5–8] .

ehavioral economic theories and the incentive sensitization theory
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f addiction [9–12] , on the other hand, address the intense desire and

he strong preference for drugs over other forms of rewards. They

ostulate that drugs and associated stimuli have obtained relatively

reater subjective value than other stimuli, such that they overshadow

on-drug-related alternatives. 

As sophisticated analytical methods become more popular, many

esearchers have begun to use mathematical models to elucidate the

ossible mechanisms that underlie psychiatric symptoms. This has led

o a new field, computational psychiatry [13–15] . Methods within

his domain can either be data-driven , i.e. using machine learning or

imensionality reduction techniques to uncover hidden patterns within

 dataset without any reference to theory or prior knowledge (i.e. a

ottom-up approach), or theory-driven , i.e. using existing knowledge to

uild computational models that tests mechanistic hypotheses of a cer-

ain disorder (i.e. a top-down approach). The latter is more common in

he realm of drug addiction. Theory-driven computational models can

reak down overt behavior into its subcomponents, allowing greater

recision in the inferences of the cognitive components implicated

n the disorder. Several different computational models have been

eployed to study addictive behaviors, but the type of model applied
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Table 1 

Symptoms of substance use disorder based on the Diagnostic and Statistical Manual (5th edition). 

DSM-5 symptom DSM-5 criteria grouping 

Taking substances in larger amounts than intended Impaired 

control Unsuccessful attempts to cut down on substance use 

Great deal of time devoted to obtaining substances, using substances, or recovering from its effects 

Intense desire or urge for the substance 

Failure to fulfill major work, school, or home obligations because of substance use Social 

impairments Recurrent interpersonal problems as a result of substance use 

Social or recreational activities given up because of substance use 

Taking substances under physically hazardous situations Risky 

use Continued substance use despite knowledge of recurrent physical and psychological problems 

Marked increase in dose of substances to achieve desired effect Tolerance 

Taking substances to alleviate negative and aversive symptoms Withdrawal 

Table 2 

Summary of learning and decision-making theories of addiction and their computational models. 

Theory Reinforcement learning Instrumental regulatory control Incentive sensitization Behavioral economics 

Key references Keiflin & Janak (2015) 

Maia & Frank (2011) 

Everitt & Robbins (2005) 

Everitt & Robbins (2016) 

Robinson & Berridge (1993) 

Berridge & Robinson (2016) 

Bickel et al. (2014) 

Hogarth & Field (2020) 

Hogarth (2020) 

Summary Addicted patients are impaired in 

subprocesses of reinforcement 

learning that are needed to 

maintain adaptive behavior (e.g. 

prediction errors, learning rate, 

action selection). 

Maladaptive behavior in addicted 

patients reflects an imbalance 

between goal-directed actions 

and automatic habits, favoring 

the latter. 

Drugs and their associated 

stimuli acquire greater incentive 

salience, which in turn increases 

psychological “wanting ” of drugs. 

Greater relative value of drugs 

(compared with non-drug 

alternatives) is associated with 

increased vulnerability to 

addiction. 

Symptoms 

explained 

Impaired control over drug use Impaired control over drug use Strong desire for drugs Persistent drive for obtaining and 

using drugs (i.e. goal narrowing). 

Computational 

model(s) 

Simple reinforcement learning 

algorithms (e.g. Q-Learning) 

Model-based / model-free 

learning 

• Temporal difference 

prediction error model; 

• Dynamic model of incentive 

salience 

Economic model that tests for 

demand elasticity and demand 

intensity for hypothetical drugs. 

Strengths of 

computational 

model(s) 

• Enables the visualization of 

prediction error signaling in 

the human brain. 

• Detects subtle impairments 

to learning processes in 

addicted patients. 

• Able to dissociate between 

goal-directed and habit 

systems. 

• Strong neuroscientific basis • Robust relationships between 

economic demand and 

addiction severity. 

• There is evidence that model 

parameters predict how well 

one responds to treatment. 

Limitations of 

computational 

model(s) 

• Interpretation of model 

parameters not always 

generalizable across studies. 

• Model-free learning may not 

be equivalent to habits. 

• Model not testable in 

drug-addicted humans. 

• Unclear how addictive drugs 

alter value after long term 

use. 
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n research studies very much depends on the addiction theory in

uestion. 

The aim of this brief review is to examine the extent to which these

heory-driven computational methods have added value to our under-

tanding of addictive behavior in humans. We acknowledge that the

cope of computational psychiatry in drug addiction is wide, and a re-

ent descriptive review has provided an exhaustive outline of the com-

utational models available in the field [16] . However, the present

eview will focus on computational models of learning and decision-

aking that primarily explain selected symptoms of addiction. Compu-

ational models such as reinforcement learning and model-free / model-

ased algorithms of instrumental control have been used to explain im-

aired control over behavior in drug-addicted patients ( Fig. 1 ); whereas

 neurocomputational model of incentive sensitization and behavioral

conomic choice models of addiction putatively explains patients’ strong

esire and preference for drugs ( Fig. 2 ). We have summarized these

odels in Table 2 , and will discuss them in the context of the theory to

valuate how much they help to advance our understanding of drug ad-

iction. We recognize that other symptoms (e.g. tolerance, withdrawal)

re also characteristic of drug addiction ( Table 1 ), but as these symp-

oms have not yet been translated into testable computational models

n humans, they will not be part of this review. 
2 
. Aberrant reinforcement learning in drug addiction 

Adaptive behaviors are usually shaped by their consequences [17] .

umans are more likely to repeat actions that bring about positive out-

omes and avoid actions that lead to negative consequences. This ten-

ency has been described as reinforcement learning – using past conse-

uences to guide future behavior towards maximizing benefits and min-

mizing punishments. As drug addiction is associated with maladaptive

atterns of drug use that persist despite adverse consequences, disrup-

ions in reinforcement learning processes have been put forward as an

xplanation for why drug use in addicted patients is not amenable to

egative outcomes [8] . 

Reinforcement learning can be mathematically described with com-

utational algorithms ( Fig. 1A ). These algorithms can deconstruct re-

nforcement learning into its constituent subprocesses, and the break-

own of any of these subprocesses can lead to impaired reinforcement

earning. These subprocesses are codified in the free parameters of these

omputational algorithms. For example, most reinforcement learning

lgorithms (e.g. Q-Learning) include parameters like the learning rate

nd inverse temperature (sometimes known as exploration/exploitation

rade-off or reinforcement sensitivity). The learning rate reflects the im-

act of feedback on choices, whereas the inverse temperature parameter
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Fig. 1. Task paradigms and computational methods used to model impaired control over drug use in addiction. (A) Reinforcement learning is typically tested 

with a probabilistic reinforcement learning task (sometimes known as the n-arm bandit task). In a typical setup, participants are presented with several choices and 

are required to learn by trial-and-error to select the choice that either gets a reward or avoids a punishment. Task performance is then modelled computationally via a 

reinforcement learning algorithm (e.g. Q-Learning) and a choice selection rule. Measures of interest are usually individual differences in learning, which are codified 

as free parameters of the algorithms, such as the learning rate and the inverse temperature. (B) Goal-directed and habitual control are modelled with model-based 

and model-free learning algorithms respectively. This is normally tested in a two-step sequential decision-making task, in which participant makes decisions in a 

two-stage process. Stage 1 consists of two choices (e.g. sun and moon), each with a fixed probability of transitioning into two distinct states in stage 2. After the 

transition, participants are again required to select one of two options in stage 2. Their choices are rewarded probabilistically based on a random Gaussian walk. 

Task performance is then modelled with two separate algorithms. The model-free algorithm concerns the maximizing of expected rewards, and learning occurs by 

trial-and-error via prediction errors, irrespective of the different stages. By contrast, the model-based algorithm tracks the transition probability between stages 1 and 

2 and keeps track of the state that has led to maximal rewards. The tendency to engage in model-based (goal-directed) and model-free (habitual) choice selections 

are the main measures of interest. . 
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escribes the tendency to stick to learned values when making choices

18] . It is also possible to add parameters to model psychological pro-

esses that are deemed relevant in addiction research. Some examples

f such parameters include ‘stickiness’ (the tendency to repeat past re-

ponses) and a counterfactual learning rate (the impact of current feed-

ack on the unselected choice), which model perseverative responding

nd neglect of alternative reward, respectively [19–21] . Researchers

ypically define a priori the parameters of interest in their learning al-

orithms and fit them to trial-by-trial learning behavior to identify the

arameter values that best approximate participants’ choices [22] . 

A substantial body of research has confirmed that reinforcement

earning subprocesses are largely underpinned by dopaminergic neu-

ons and frontostriatal networks [23–28] . Addictive drugs are known to

ct on the midbrain and the mesolimbic system [29] , and are associated

ith dopaminergic downregulation and frontostriatal impairment after

ong-term drug use [ 4 , 30 , 31 ]. Therefore, it is possible that impaired re-

nforcement learning processes in drug-addicted patients are a reflection

f these neuroadaptive changes [ 7 , 8 ]. Recent research has applied com-

utational models to study alterations to reinforcement learning pro-

esses in the brain and behavior quantitatively, providing additional nu-

nces and insights that conventional measures (e.g. summary or mean

cores of behavioral responses) could not. Until now, two clear themes

ave emerged from the addiction literature: altered prediction error sig-

aling along with the associated neural pathways and impaired learning

ubprocesses. 
3 
Prediction errors – defined as the discrepancy between expected and

eceived outcomes – serve as learning signals for behavior such that

daptive actions are those that minimize these errors [32] . Studies in-

estigating neural prediction errors in humans have emerged when func-

ional neuroimaging and computational learning algorithms were com-

ined to visualize these signals, a method known as model-based neu-

oimaging [33] . Using this method, prediction errors are computed trial-

y-trial and applied as a parametric modulator to functional imaging

e.g. fMRI) data to identify neural activities that correlate with these

ignals [ 23 , 34–36 ]. Several studies using this method found reduced

rediction error signaling within the frontostriatal network of drug-

ddicted patients, especially in the striatum, the medial orbitofrontal

ortex and the medial frontal gyrus [37–39] . A recent meta-analysis

urther point towards blunted prediction error signaling in the stria-

um of drug-addicted patients [40] . In keeping with preclinical studies,

hese findings confirm that long-term use of addictive drugs can disrupt

rediction error signaling, rendering behavior less sensitive to salient

einforcement [41] . There is also evidence for a diminished functional

oupling between the ventral striatum – a key hub for prediction error

ignaling – and the dorsolateral prefrontal cortex in alcohol use disorder

42] . This indicates the possibility that prediction errors are not effec-

ively communicated within the brain. Taken together, these findings

llude to the notion that prediction error signals implicated in learning

re dysfunctional in drug-addicted patients, which has repercussions on

heir behavior. 
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Fig. 2. Task paradigms and computational methods that model strong desires for drugs in addicted patients. (A) The incentive sensitization theory is often 

tested in humans with a cue-reactivity paradigm. Participants are presented with a series of drug and neutral cues during an fMRI scan to identify the neural activity 

associated with each cue. Greater neural activity in response to drug cues is presumed as evidence for heighted incentive salience. A neurocomputational model was 

developed from findings of behavioral neuroscience studies to quantitatively model these signals. This model suggests that incentive salience is not only determined 

by learned value, but also by physiological states, and addictive drugs are capable in altering these states to cause persistent ‘wanting’ of drugs. However, this model 

has not been tested in addicted humans. (B) The behavioral economic perspective of addiction proposes that drug addiction results from an overvaluation of drugs, 

and this is tested with a drug purchase task and an economic demand model. In a typical experiment, participants are presented with different price points of drugs / 

alcohol. They are then asked to indicate (hypothetically) how much drugs they are willing to consume for each price point. The individual responses are then fitted 

to an economic demand curve, and key measures such as the demand intensity and demand elasticity are determined from the economic model. It is hypothesized 

that demand intensity (maximum consumption at no cost) and demand elasticity (sensitivity to changes in price points) are associated with vulnerability to develop 

addiction. 
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The deconstruction of reinforcement learning processes has also

ielded valuable insights into the behavioral profile of drug addicted

atients. For example, reduced punishment learning rates have been

eported in both cocaine-addicted patients and animals, suggesting

hat negative feedback itself has little effect on subsequent behavior

 21 , 43 , 44 ]. Other non-modeling studies also corroborated the notion

hat cocaine-addicted patients are less amenable to negative feedback

45–48] . There is also evidence for reward learning deficits in drug-

ddicted patients [49–51] , but the supporting evidence is less consis-

ent compared to those for punishment learning [ 52 , 53 ]. Other compu-

ational studies have also identified an increased ‘stickiness’ (i.e. greater

endency to repeat responses) with prior choices [20] and the tendency

o ignore alternative, but more rewarding, choices (i.e. reduced coun-

erfactual learning rate) in drug-addicted patients [19] . Thus, a blunted

rediction error mechanism coupled with the reduced impact of neg-

tive outcomes, increased ‘stickiness’ (the tendency to repeat past re-

ponses), and the tendency to neglect alternative rewards may collec-

ively explain why negative outcomes are unable to effectively regulate

earned behaviors in drug-addicted patients. These in turn increases the

isk of behavior to spiral out of control in addicted patients. 

There is a prevailing assumption that computational parameters of

einforcement learning isolate unique cognitive processes, and conse-

uently, that these parameters are readily generalizable across different

tudies [54] ; this is one of the primary reasons why computational psy-

hiatry methods are so appealing [ 13 , 15 , 55 ]. However, this does not

ecessarily hold true. A recent study tested the generalizability of pa-

ameters by fitting identical model parameters to different cognitive
4 
asks (within the same participant) and found striking differences in

he parameter values between different tasks [56] . Moreover, most pa-

ameters were not significantly correlated with their identical pair in

 different task, suggesting that these parameters are not generalizable

cross different contexts despite the similarity in their mathematical def-

nitions. In fact, within the addiction literature, similar computational

arameters have reported seemingly contradictory findings. For exam-

le, Lim et al. [21] reported that stimulant-addicted patients show a sig-

ificantly reduced punishment learning rate during reinforcement learn-

ng. By contrast, Kanen et al. [20] , who re-analyzed task performance

n a serial probabilistic reversal learning paradigm in a similar patient

roup, found the complete opposite, namely a significant increase in the

unishment learning rate. These examples allude to the lack of gener-

lizability of these parameters and highlight the need to contextualize

he interpretation of modeling results within the behavioral paradigm

ested. Although the tasks used by Lim et al. [21] and Kanen et al.

20] both involve probabilistic learning from reinforcement, optimal

erformance in the reversal learning paradigm requires a balance be-

ween responding to and ignoring negative feedback, as participants are

nticipating changes to the learning rule (i.e. contingency reversals).

hus, the increased punishment learning rate in stimulant-addicted pa-

ients reported by Kanen et al. [20] might reflect the increased ten-

ency to switch responses upon all negative feedback, which may af-

ect task performance in a volatile environment negatively. However,

hen the learning context is stable, as in the study by Lim et al. [21] ,

hen stimulant-addicted patients show a marked reduction in punish-

ent learning. Therefore, while computational parameters reveal novel
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nd interesting insights into the behavioral profile of drug-addicted pa-

ients, the interpretation of the findings must be grounded within the

ehavioral context in question. 

. Goal-directed and habitual control in drug addiction 

Drug use in addicted patients, while initially driven by its rewarding

ffects, becomes progressively maladaptive over time as drug-seeking

ersists despite the adverse consequences. It has been suggested that in-

trumental actions, such as drug-seeking, are regulated by two dissocia-

le systems [ 57 , 58 ]. On the one hand, the goal-directed system (under-

inned by the ventromedial fronto-striatal pathways [59–63] ) regulates

daptive behavior that is flexible and sensitive to consequences. On the

ther hand, the habit system (subserved by the premotor-dorsal-striatal

ircuit [ 64 , 65 ]) mediates well-learned actions that become automati-

ally elicited by environmental cues, but are no longer sensitive to im-

ediate consequences. These two systems work in parallel to support

daptive behavior [57] , but addictive drugs are thought to disrupt the

alance between these two systems [ 5 , 6 ]. Everitt and Robbins [ 5 , 6 ] pro-

osed that drug addiction reflects the endpoint of a transition from goal-

irected to habitual and ultimately compulsive drug-seeking. According

o this theory, drug use becomes dysregulated when drug-seeking habits

elicited by drug-associated stimuli via conditioned reinforcement –

re no longer subjected to top-down control. Aberrant drug-seeking

as been linked to neuroadaptive changes within distinct corticostri-

tal circuitries, such that the control over drug-seeking progressively

hifts from ventral striatal (implicated in goal-directed actions) to dor-

al striatal subsystems (implicated in habits) [ 5 , 6 , 66 ]. Simultaneously,

ddictive drugs also impair prefrontal cortical functions, which were

eant to regulate behavior such as inhibitory control [67] and rein-

orcement learning [ 68 , 69 ]. As a consequence, this further exacerbates

he dysregulation of drug-seeking. It is noteworthy that habit formation

s not pathological per se; it facilitates routines and mundane activities,

ncreasing our capacity to automate behavior for efficiency [70] . How-

ver, habits in drug-addicted patients may become pathological once

hey are automatically elicited by drug-associated stimuli, coupled with

n impaired goal-directed system that cannot exert control over behav-

or that has become maladaptive. 

In experimental psychology, habits are operationally measured as

he absence of deliberate goal-directed actions. A behavior is classed as

abitual under two conditions, i.e. when it is a) not sensitive to the con-

equences of the actions, and b) continues even when it is no longer

eeded to obtain rewards [ 58 , 71 , 72 ]. Experimentalists typically test

hese conditions using outcome devaluation and contingency degrada-

ion paradigms, respectively [ 73 , 74 ]. However, both paradigms do not

ell us much about the effectiveness of the habit system or its counter-

art, the goal-directed system, in regulating behavior. A predominance

f the habit system in drug addiction is likely to reflect either an en-

anced habit system, an impaired goal-directed system, or a dysregula-

ion between the two [ 75 , 76 ]. To dissociate the two systems, computa-

ional models of model-based and model-free reinforcement learning –

ypothetical constructs thought to model goal-directed and habit learn-

ng, respectively – have been developed [77] . The model-based learning

ystem prospectively evaluates actions against an internal model to iden-

ify the best course of action – like the goal-directed system’s sensitivity

o causality and outcomes. Unlike model-based learning, the model-free

earning system maximizes future reward by repeating actions that had

een rewarded in the past. As behaviors that are learned via the model-

ree system are not immediately sensitive to the outcomes, they have

een suggested to represent habits. The model-based and model-free

ystems are supported by distinct neural systems, which, interestingly,

iffer from those that subserve goal-directed actions and habits, respec-

ively. Whilst model-based behavior has been associated with prefrontal-

arietal cortices, model-free behavior has been linked more strongly

ith the ventral striatum [78–80] . The transition from model-based to

odel-free control over behavior is thought to depend on the relative
5 
ncertainty of each system. Accordingly, the model-free system takes

ver control when there is low uncertainty [77] . Simulated data from

his model seem to be in agreement with typical outcome devaluation

erformance in rats [77] . 

Independent of computational models, converging lines of experi-

ental evidence from preclinical and human studies provide empirical

upport for the habit theory of addiction. These studies have shown that

xposure to psychostimulant drugs and alcohol enhance habit forma-

ion for both drug and non-drug related behaviors in rodents [82–86] ,

ontrol over cocaine-seeking habits depends on dorsal striatal mecha-

isms [ 87 , 88 ], and that alcohol and cocaine-addicted patients show a

eneral bias towards habitual responses in behavioral tasks [ 46 , 89–91 ].

sychostimulant drug users also report increased habitual tendencies in

heir daily lives, as measured with self-report instruments (e.g. the Crea-

ure of Habit Scale) [ 89 , 92 ]. However, the causal link between habitual

rug-seeking and compulsivity, which has been demonstrated in rodent

tudies of cocaine and alcohol [93–95] , cannot easily be replicated in the

ame way in humans for obvious ethical reasons. In other words, the dis-

inction between drug-seeking and drug-taking, though crucial for this

heory and dissociable in animal models, may not readily be translat-

ble to behavioral paradigms in humans. Consequently, the model-free

 model-based computational framework is not designed to test cue-

licited drug-seeking habits in humans. Nevertheless, there has been a

rowing interest to apply computational methods to model these instru-

ental mechanisms in humans to test the extent to which addicted pa-

ients rely on habitual mechanisms of behavior in a non-drug-related con-

ext. Within the model-based / model-free computational framework, it

s conceivable that drug addiction is linked with an increased reliance on

odel-free learning, as well as a reduced tendency to engage in model-

ased learning [81] . 

The key contribution of the model-based / model-free theory is that

t allows the dissociation of goal-directed and habitual control in drug-

ddicted patients, which has been predominantly tested with a two-step

equential decision-making task [ 79 , 80 ] ( Fig. 1B ). In this task, partici-

ants are presented with two decision-making stages, each consisting

f two choices. Choices made in the first stage have a fixed proba-

ility of transitioning to one of two possible states, whereas choices

n the second stage are rewarded based on a Gaussian random walk

 Fig. 1B ). Model-based and model-free learners are thought to show

ifferent responding strategies: Model-based learners guide their ac-

ions based on the transition probabilities between the two stages, such

hat they learn which stage one choices will lead to a previously re-

arded stage two. In other words, they build a cognitive map of the

ask structure, mapping all choices to possible eventualities – akin to

ction-outcome learning important for goal-directed behavior. By con-

rast, individuals who are more reliant on model-free learning tend to

epeat their choice sequences that led to a reward, irrespective of the

ransition probability between the two stages – an approach that has

een suggested to reflect habit learning. The two-step task has been

dministered to a wide range of drug-addicted patients, including al-

ohol [96] and methamphetamine [97] , who showed impaired model-

ased leaning with preserved model-free learning. This task has also

hown that reduced model-based learning and greater alcohol expectan-

ies jointly predicted relapse in treatment-seeking alcohol drinkers [98] .

hese observations would, at face value, suggest that a habit bias asso-

iated with drug addiction is due to an impaired goal-directed system,

ather than an overactive habit system. However, the transition from

odel-based to model-free systems has not been directly investigated in

he context of drug addiction. 

It is noteworthy that reduced model-based control in human drug

sers has not been widely replicated in published addiction research,

s subsequent work has found no evidence of associations between the

everity of alcohol use and alterations to either model-based or model-

ree control [ 99 , 100 ]. Furthermore, experimental data on a rodent ver-

ion of the two-step task revealed a different finding: model-free, but not

odel-based learning, predicted methamphetamine self-administration
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101] . These inconsistencies have casted doubt on the validity of model-

ased and model-free learning in representing the goal-directed and

abit systems. Although model-based learning seems to reflect the goal-

irected system adequately, as it is sensitive to action-outcome con-

ingencies, this may not be the case with model-free learning, which

oes not reflect the autonomous and stimulus-elicited nature of habits.

n essence, model-free learning involves a reward-maximization pro-

ess, such that outcomes still affect behavior, albeit less rapidly than in

odel-based learning. In other words, model-free learning is still value-

ependent, which goes against the experimental interpretation of habits,

n that it is independent of any outcome values. When comparing the two-

tep task with outcome devaluation task – an established paradigm to

easure habits – model-free learning is not statistically related to ex-

erimental measures of habits [ 102 , 103 ]. These studies further support

he notion that model-free learning is not equivalent to habits, contrary

o widely held assumptions. 

In light of these limitations, Miller and colleagues proposed a new

omputational model that describes habits as a product of pure repeti-

ion, and therefore do not have a direct relationship with value (so called

value-free’ habits) [104] . Their model operates on the assumption that

he goal-directed and habit systems are dissociable in the brain. As such,

here is a goal-directed controller, which tracks state transitions and re-

ard values; and a habitual controller, which updates the habit strength

f each action based on repetition frequency. These controllers are then

ubjected to an arbiter that will determine the final behavior based on

he strength of each system. Whilst this model has yet to be empiri-

ally tested, the model is consistent with existing knowledge on the con-

truct of habits, i.e., habits are formed after extensive repetition, with

ell-characterized neural substrates. Importantly, the model predictions

eem to explain prior data on contingency degradation – a finding that

he model-based / model-free account fails to explain [ 105 , 106 ]. There-

ore, establishing the translational validity of this model with human

ata is warranted. One suggested approach is for future studies to fit

mpirical data to both model-free and the Miller algorithms, and apply

odel comparison procedures to identify which algorithm provides a

etter fit to behavioral data. 

. Cue-elicited urge in drug addiction: an incentive sensitization 

pproach 

A strong urge for drugs is thought to play a key role in the per-

istence of addictive behaviors ( Table 1 ). Drug-addicted patients often

eport a strong urge to use the drug, particularly when triggered by

nvironmental stimuli previously associated with the drug. This does

ot only occur during periods of active drug use, but also occur af-

er long periods of abstinence, rendering patients vulnerable to re-

apse. While the ‘must do’ drug urge has been suggested to be mediated

y the conditioned reinforcement of drug-conditioned stimuli [ 6 , 107–

09 ], another explanation has been provided by the theory of incen-

ive sensitization [ 9 , 12 , 110 ]. The latter postulates a neuropsycholog-

cal basis for drug cravings, namely that the long-term use of addic-

ive drugs sensitizes the brain’s motivational system, enabling drugs

nd drug-linked stimuli to acquire salience through associative learn-

ng mechanisms [ 9 , 12 , 110 ]. This process is hypothesized to result in

n increased subjective ‘wanting’ of the drug, such that the brain be-

omes hyper-reactive towards any drug-conditioned stimulus, eliciting

 ‘near-compulsive’ urge to use drugs [9] . Indeed, several studies using

ue-reactivity paradigms ( Fig. 2A ) have shown that drug-related cues

licit greater neural and physiological responses in drug-addicted pa-

ients compared to neutral cues (see [ 111 , 112 ] for reviews). Based on

ncentive sensitization theory, increased cue-induced brain activity is

resumed to reflect increased salience of these cues, but this assertion

as, to the best of our knowledge, not yet been empirically tested in

umans. 

According to the incentive sensitization theory, the attribution of in-

entive salience to drug cues involves the interaction between addictive
6 
rugs and the dopaminergic system. These drugs (e.g. cocaine, nico-

ine and heroin) sensitizes the mesolimbic dopaminergic system, such

hat any stimulus that is predictive of drugs acquires incentive salience

 12 , 110 ]. Initial proposals indicate that temporal difference prediction

rror models used in reinforcement learning could be a candidate com-

utational framework that describes the process of attributing incen-

ive salience [113] . According to this proposal, dopaminergic responses

licited during conditioning play a dual role, namely a role in reinforce-

ent learning and in a role in attributing incentive salience [113] . How-

ver, this proposal assumes that learned values directly translates into

otivation, which is not always true. For instance, one can develop a

trong ‘liking’ for cake but does not ‘want’ to eat cake after a very fill-

ng meal. This simple example illustrates the notion that physiologi-

al states (e.g. satiety) may modulate incentive salience. To dissociate

etween learned values and incentive salience, Zhang et al. [114] de-

eloped an alternative dynamic neurocomputational model of incen-

ive salience [114] , henceforth known as the ‘Zhang model’ ( Fig. 2A ).

he authors of this model have introduced a physiological factor 𝜅 to

he temporal difference model equation, which accounts for the phys-

ological states that could modulate incentive salience. Like hunger,

reater drug-deprivation states (higher 𝜅) heighten incentive salience

 114 , 115 ]. The authors further hypothesized that this 𝜅 parameter is

ijacked by addictive drugs, by continuously amplifying the ‘wanting’

tate in drug-addicted patients. 

The Zhang model of incentive sensitization has received some sup-

ort from experimental observations. Some studies have suggest that

eurons in the ventral pallidum selectively fire when encountering a

esired conditioned stimulus (CS) [ 116 , 117 ]. Berridge [115] suggested

hat the ventral pallidum may be a neural substrate that uniquely en-

odes for incentive salience. Acute exposure to amphetamines or opioids

ave been shown to markedly enhance neuronal firing towards a pre-

iously learned CS in the ventral pallidum, putatively suggesting that

ddictive drugs can modulate an existing physiological state to amplify

wanting’ signals [ 116 , 118 ]. There is also some evidence that this sensi-

ization effect is long-lasting. In support of this, Berridge and colleagues

howed that rats exposed to amphetamine prior to Pavlovian testing ex-

rted greater vigor for conditioned reward-seeking behaviors, even if

he conditioned response had been trained before amphetamine expo-

ure [ 119 , 120 ]. They therefore concluded that amphetamine induced

ong-lasting changes to CS’s effect on reward-seeking (via incentive sen-

itization), though it is noteworthy that earlier studies have found that

mphetamine infusions to the nucleus accumbens enhanced the behav-

oral effects of the conditioned reinforcer instead of the CS [ 108 , 109 ].

evertheless, the Zhang model proposes that addictive drugs modify the

wanting’ state in a manner independent from learned values, triggering

 state-induced modulations of incentive salience. 

Although the Zhang model offers a putative explanation of incen-

ive salience within a computational framework, it has, to the best of

ur knowledge, not yet been tested in drug-addicted patients, who are

nown to show increased neural responses towards drug-related cues,

s evidenced by cue-reactivity paradigms [121–123] . It is difficult to

isentangle whether the enhanced cue reactivity in drug-addicted pa-

ients reflects prior learned values (i.e. predictive of reward) or incen-

ive salience (i.e. increased ‘wanting’). This critical question could only

e addressed by human paradigms (behavioral or neural) that dissoci-

te learned values from incentive salience, but these are not available

t present. It is noteworthy that activations in the same brain regions

een in cue reactivity paradigms could also be induced by the drugs

hemselves [124–126] , but the latter is more likely to reflect the phar-

acological effect of sensitization, rather than incentive salience. The

ajority of evidence for incentive sensitization (and the related neuro-

omputational model) comes from animal studies. Thus, there remains

 translational gap between animals and humans for this theory. For in-

tance, it is unclear how physiological states parametrized in this com-

utational model (i.e. the 𝜅 parameter) can actually be measured in

rug-addicted patients. Nonetheless, there have been attempts to link
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ncentive salience to other computational processes implicated in ad-

ictive behavior such as model-free learning. A recent study reported

hat individuals who attribute incentive salience to reward-conditioned

ues (i.e. sign-trackers) were more likely to engage in model-free learn-

ng compared with those who are not [127] . However, it remains to

e clarified whether this increased tendency to engage in model-free

earning is actually driven by the incentive salience or the conditioned

einforcing properties of the CS. This interesting observation tentatively

eveals a process underpinning the dysregulation of maladaptive habits,

ut whether this process is actually translatable to pathological drug use

n humans remains to be shown. Future studies are warranted to repli-

ate and extend these findings to drug-addicted patients. 

. Exaggerated goal narrowing: addiction from a behavioral 

conomic perspective 

Theories of behavioral economics emphasize the importance of drug

hoices in the development of addictive behavior. As such, drug use

f addicted patients has been explained in terms of impaired decision-

aking [ 10 , 128 ]. According to this view, uncontrolled drug use pri-

arily reflects an overvaluation of drugs, such that the drug choice will

lways be chosen over its alternative [ 10 , 11 ]. As such, pathological use

as been argued to reflect increased goal narrowing, such that drug-

ddicted patients spend a great deal of time, effort, and creativity to

eek out and use drugs [ 129 , 130 ]. 

From a behavioural economics’ perspective, addictive drugs are

hought to carry greater subjective value than other alternative choices

n drug-addicted patients. This hypothesis is typically tested with the

rug purchase task, and participants’ responses are then fitted to an

conomic demand model ( Fig. 2B ). This model examines the value of

rugs in the context of the economic demand, defined as the consump-

ion of a commodity (i.e. drugs) at a given cost [131] . A higher eco-

omic demand would mean that drugs are highly valued, and this can

e identified by two key outputs of this economic model, demand in-

ensity and demand elasticity . Demand intensity reflects the degree to

hich drugs are sought when there are no costs involved. By contrast,

emand elasticity describes how sensitive consumption patterns are to

hanging costs [132] . It has been hypothesized that drug addiction is

haracterized by greater demand intensity (i.e. more drugs consumed

hen freely available) and lower elasticity (i.e. consumption continues

espite increased costs) and the variation of these parameters reflects

ddiction severity [ 10 , 133 , 134 ]. In other words, the risk of develop-

ng addictive behaviors can be predicted by a greater amount of drug

onsumption (high demand intensity), and when drug use is unaffected

y changes in its costs, i.e. there is an inflexibility in the consumption

attern (low demand elasticity). 

A large body of evidence has shown that economic demand parame-

ers are associated with addiction severity; the latter is measured using

ide range of metrics including the number of heavy drinking sessions

er week, the money spent on alcohol / tobacco, or questionnaires scores

f drug use severity (e.g. Alcohol Use Disorder Identification Test [135] ;

agerstrom Test for Nicotine Dependence [136] ). Cross-sectional stud-

es with large cohorts of alcohol drinkers and tobacco smokers have

evealed that addiction severity measures are positively related to both

emand elasticity and intensity [137–141] . In other words, these find-

ngs suggest that people at risk for developing addiction may show an

ncreased tendency to assign greater subjective value to drugs of abuse

nd are less likely to alter their drug use in the face of increasing (per-

onal or monetary) costs. This observation has not only been replicated

n heavy users of cocaine [ 142 , 143 ] and cannabis [144] , but similar

bservations have also been reported in rats [145] . Furthermore, eco-

omic demand parameters have been applied in treatment settings to

dentify those patients who respond better to treatment. Several studies

oted that treatment-seeking smokers and drinkers with lower economic

emands before the intervention (i.e. at baseline) were more likely to

enefit from behavioral interventions such as contingency management
7 
nd motivational interviewing [146–151] . These findings may suggest

hat the propensity to attribute greater value to drugs of abuse is a key

ndicator of sensitivity to treatment, although it is noteworthy that the

herapeutic effects (particularly for contingency management) are short

ived [ 152 , 153 ]. 

Although there are numerous studies showing that economic mea-

ures of drug demand are associated with addiction vulnerability, one

otable limitation is the lack of a clear etiological explanation of how

vervaluation of addictive drugs develops from chronic drug use. Other

earning theories, as discussed in prior sections, seem to better account

or how regular drug use may develop into addictive behavior, such

s by subverting regulatory control systems, or increasing incentive

alience. However, a standalone behavioral economic framework does

ot explain how long-term use of addictive drugs alters the drug’s rein-

orcing efficacy. The neurobiological processes that underpin this pro-

ess are also still elusive. It is likely that the overvaluation of drugs of

buse develops via associative learning mechanisms, as discussed in pre-

ious sections, but this hypothesis remains to be tested. Notwithstanding

hese limitations, the parameters of the economic model appear to be

eliable predictors of addiction severity. 

. Summary and future outlook 

We have briefly reviewed the advances of theory-driven compu-

ational models in drug addiction research, specifically focusing on

ow computational models have been applied to learning and decision-

aking theories of addiction. In our view, the primary contribution of

heory-driven computational models is their ability to provide mecha-

istic algorithmic descriptions of latent processes that generate overt

ehaviors. However, it is worth acknowledging that most existing com-

utational studies in drug-addicted patients do not directly investigate

ognitive processes within a drug-related context (e.g. drug-seeking be-

aviors), largely due to practical and ethical constraints. Nonetheless,

his contemporary tool has given researchers an exciting new avenue

o test explicit hypotheses about the cognition that underpins addictive

ehavior. 

Although we present several computational accounts that may ex-

lain addictive behaviors, it is important to note that drug addic-

ion is a complex and multi-faceted disorder, and that no single

omputational process can account for all aspects of the disorder.

any drug-addicted patients cycle through stages of binge/intoxication,

ithdrawal/negative affect, and preoccupation/anticipation (craving)

 4 , 154 ]. It is conceivable that each stage may involve distinct theoret-

cal (and computational) processes, but these theories might also inter-

ct to varying extents [155] . For example, an increased goal narrowing

owards drugs (indexed by increased subjective value) may be exacer-

ated by impaired behavioral control (indexed by deficits in reinforce-

ent learning / goal-directed control), which inevitably leads to persis-

ence in drug use. Additionally, the heterogeneity within drug addiction

hould be considered when interpreting computational findings. For in-

tance, patients addicted to different types of drugs may be associated

ith different computational profiles. Chronic use in patients addicted

o psychostimulants may be perpetuated by a lack of avoidance behav-

or [ 21 , 46 ], whereas in opioid users it may reflect enhanced avoidance

e.g. lose-shift behavior) [156] . Other potential factors include the vari-

tions in duration of use, the pattern of drug use, and the age of drug

se onset, but these factors, to the best of our knowledge, have not yet

een explored in the literature. Thus, any computational findings should

e considered with the complexity and multidimensional nature of drug

ddiction in mind. 

It has been argued that a computational understanding of the gen-

rative process behind addiction symptoms has important clinical util-

ties [157] . Some notable examples include the hope that these com-

utational metrics can be the new frontier for dimensional psychiatry

158–160] , detecting or stratifying vulnerable individuals (e.g. in a pre-

ddiction state [161] ) or identifying those who respond well to treat-
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ent [14] . However, whilst computational psychiatry has refined our

nderstanding of drug addiction symptoms, it has not, to the best of

ur knowledge, generated novel and testable psychological theories for

ddiction in humans. Further, the translation from computations to the

linic has also been less successful [162] . Thus far, theory-driven compu-

ational models have not yet delivered any tangible metrics for clinical

se, not least because of the lack of standardization and low reliability

f these measures [162] . We also observe an increasing trend where so-

histicated mathematical models developed to model psychiatric symp-

oms lack any biological or psychological plausibility, which may run

he risk of being far removed from clinical relevance. 

There is no doubt that the use of computational modeling in addic-

ion research is here to stay. Therefore, improvements in the reliability

nd validity of these computational models in the field of addiction are

eeded. A number of such studies have begun in healthy volunteers,

.e. investigating the reliability of these computational models against

odel-agnostic behavioral data and improving the reliability of model

tting methods [163–166] . Particularly in the context of addiction, it is

mportant to establish that the computational parameters modelled are

ndeed relevant to the behavioral process of interest. One straightfor-

ard way to do this is by assessing the relationship between model pa-

ameters (e.g. ‘stickiness’) and the actual behavioral output they approx-

mate (e.g. rate of perseveration) [167] . Moreover, it is also pertinent to

nvestigate how these computational parameters change over the course

f the disorder to establish the relevance of these parameters in drug

ddiction. Although there has been some recent evidence that computa-

ional parameters can predict treatment response [ 149 , 168 , 169 ], more

ongitudinal studies may be necessary to examine exactly how computa-

ional indices underpin the development and the persistence of addictive

ehaviors [ 155 , 170 ]. Ultimately, the onus is on researchers to critically

xamine the biological and psychological plausibility of computational

ndices before applying them to research or clinical practice. 

eclaration of Competing Interest 

KDE was supported by an Alexander von Humboldt Fellowship for

enior researchers (GBR 1202805 HFST-E) and receives editorial hono-

aria from Karger Publishers. TVL reports no conflict of interest. 

ata availability 

No data was used for the research described in the article. 

unding 

This work has been supported by Dorothy Langton and her family,

s well as an Angharad Dodds John Bursary in Mental Health and Neu-

opsychiatry to TVL, and the NIHR Cambridge Biomedical Research Cen-

re. 

cknowledgement 

We are most grateful to Dorothy Langton and her family for their gen-

rous support towards our work. We would also like to thank Professors

revor Robbins and Barry Everitt for their comments on an earlier draft

f the manuscript. 

eferences 

[1] S. Peele, A moral vision of addiction: how people’s values determine whether

they become and remain addicts, J. Drug Issues. 17 (1987) 187–215,

doi: 10.1177/002204268701700205 . 

[2] American Psychiatric Association, Diagnostic and Statistical Manual of Mental Dis-

orders - Text Revision, 4th ed., American Psychiatric Association, Washington D.C,

2000 . 

[3] American Psychiatric Association, Diagnostic and Statistical Manual of Mental Dis-

orders: DSM-5, American Psychiatric Association, Washington D.C, 2013 . 

[4] N.D. Volkow, G.F. Koob, A.T. McLellan, Neurobiologic advances from the brain

disease model of addiction, N. Engl. J. Med. 374 (2016) 363–371, doi: 10.1056/NE-
JMra1511480 . 

8 
[5] B.J. Everitt, T.W. Robbins, Neural systems of reinforcement for drug addic-

tion: from actions to habits to compulsion, Nat. Neurosci. 8 (2005) 1481–1489,

doi: 10.1038/nn1579 . 

[6] B.J. Everitt, T.W. Robbins, Drug addiction: updating actions to habits to compul-

sions ten years on, Annu. Rev. Psychol. 67 (2016) 23–50, doi: 10.1146/annurev-psy-

ch-122414-033457 . 

[7] R. Keiflin, P.H. Janak, Dopamine prediction errors in reward learning and

addiction: from theory to neural circuitry, Neuron 88 (2015) 247–263,

doi: 10.1016/j.neuron.2015.08.037 . 

[8] T.V. Maia, M.J. Frank, From reinforcement learning models to psychiatric and neu-

rological disorders, Nat. Neurosci. 14 (2011) 154–162, doi: 10.1038/nn.2723 . 

[9] K.C. Berridge, T.E. Robinson, Liking, wanting, and the incentive-sensitization the-

ory of addiction, Am. Psychol. 71 (2016) 670–679, doi: 10.1037/amp0000059 . 

[10] W.K. Bickel, M.W. Johnson, M.N. Koffarnus, J. MacKillop, J.G. Murphy, The Be-

havioral Economics of Substance Use Disorders: reinforcement Pathologies and

Their Repair, Annu. Rev. Clin. Psychol. 10 (2014) 641–677, doi: 10.1146/annurev–

clinpsy-032813-153724 . 

[11] L. Hogarth, M. Field, Relative expected value of drugs versus competing rewards

underpins vulnerability to and recovery from addiction, Behav. Brain Res. 394

(2020) 112815, doi: 10.1016/j.bbr.2020.112815 . 

[12] T.E. Robinson, K.C. Berridge, The neural basis of drug craving: an incentive-

sensitization theory of addiction, Brain Res. Rev. 18 (1993) 247–291,

doi: 10.1016/0165-0173(93)90013-P . 

[13] P.R. Corlett, P.C. Fletcher, Computational psychiatry: a Rosetta Stone link-

ing the brain to mental illness, Lancet Psychiatry 1 (2014) 399–402,

doi: 10.1016/S2215-0366(14)70298-6 . 

[14] K.J. Friston, A.D. Redish, J.A. Gordon, Computational Nosology and Precision Psy-

chiatry, Comput. Psychiatry. 1 (2017) 2–23, doi: 10.1162/cpsy_a_00001 . 

[15] Q.J.M. Huys, T.V. Maia, M.J. Frank, Computational psychiatry as a bridge

from neuroscience to clinical applications, Nat. Neurosci. 19 (2016) 404–413,

doi: 10.1038/nn.4238 . 

[16] J.A. Mollick, H. Kober, Computational models of drug use and addiction: a review,

J. Abnorm. Psychol. 129 (2020) 544–555, doi: 10.1037/abn0000503 . 

[17] E.L. Thorndike, Animal intelligence; Experimental Studies, The Macmillan Com-

pany, New York, 1911, doi: 10.5962/bhl.title.55072 . 

[18] R.S. Sutton, A.G. Barto, Reinforcement learning: An introduction, MIT press Cam-

bridge, 1998 . 

[19] A.M.F. Reiter, L. Deserno, T. Kallert, H.-.J. Heinze, A. Heinz, F. Schlagenhauf,

Behavioral and neural signatures of reduced updating of alternative options in

alcohol-dependent patients during flexible decision-making, J. Neurosci. 36 (2016)

10935–10948, doi: 10.1523/JNEUROSCI.4322-15.2016 . 

[20] J.W. Kanen, K.D. Ersche, N.A. Fineberg, T.W. Robbins, R.N. Cardinal, Computa-

tional modelling reveals contrasting effects on reinforcement learning and cogni-

tive flexibility in stimulant use disorder and obsessive-compulsive disorder: reme-

diating effects of dopaminergic D2/3 receptor agents, Psychopharmacology (Berl.)

236 (2019) 2337–2358, doi: 10.1007/s00213-019-05325-w . 

[21] T.V. Lim, R.N. Cardinal, E.T. Bullmore, T.W. Robbins, K.D. Ersche, Impaired learn-

ing from negative feedback in stimulant use disorder: dopaminergic modulation,

Int. J. Neuropsychopharmacol. 24 (2021) 867–878, doi: 10.1093/ijnp/pyab041 . 

[22] N.D. Daw, Trial-by-trial data analysis using computational models, in: M.R. Del-

gado, E.A. Phelps, T.W. Robbins (Eds.), Decis. Mak. Affect Learn. Atten. Perform.

XXIII, Oxford University Press, Oxford, 2011, pp. 3–39 . 

[23] M. Pessiglione, B. Seymour, G. Flandin, R.J. Dolan, C.D. Frith, Dopamine-

dependent prediction errors underpin reward-seeking behaviour in humans, Nature

442 (2006) 1042–1045, doi: 10.1038/nature05051 . 

[24] G. Jocham, T.A. Klein, M. Ullsperger, Dopamine-Mediated reinforcement learn-

ing signals in the striatum and ventromedial prefrontal cortex underlie

value-based choices, J. Neurosci. 31 (2011) 1606–1613, doi: 10.1523/JNEU-

ROSCI.3904-10.2011 . 

[25] M.J. Frank, L.C. Seeberger, R.C. O’Reilly, By carrot or by stick: cognitive reinforce-

ment learning in Parkinsonism, Science 306 (2004) 1940–1943, doi: 10.1126/sci-

ence.1102941 . 

[26] M.J. Frank, A.A. Moustafa, H.M. Haughey, T. Curran, K.E. Hutchison, Genetic triple

dissociation reveals multiple roles for dopamine in reinforcement learning, Proc.

Natl. Acad. Sci. U. S. A. 104 (2007) 16311–16316, doi: 10.1073/pnas.0706111104 .

[27] B. Seymour, N. Daw, P. Dayan, T. Singer, R. Dolan, Differential encoding of

losses and gains in the human striatum, J. Neurosci. 27 (2007) 4826–4831,

doi: 10.1523/JNEUROSCI.0400-07.2007 . 

[28] M.J. Frank, B.B. Doll, J. Oas-Terpstra, F. Moreno, Prefrontal and striatal dopamin-

ergic genes predict individual differences in exploration and exploitation, Nat. Neu-

rosci. 12 (2009) 1062–1068, doi: 10.1038/nn.2342 . 

[29] G. Di Chiara, A. Imperato, Drugs abused by humans preferentially increase synaptic

dopamine concentrations in the mesolimbic system of freely moving rats, Proc.

Natl. Acad. Sci. 85 (1988) 5274–5278, doi: 10.1073/pnas.85.14.5274 . 

[30] N.D. Volkow, J.S. Fowler, G.-.J. Wang, R. Hitzemann, J. Logan, D.J. Schlyer,

S.L. Dewey, A.P. Wolf, Decreased dopamine D2 receptor availability is associated

with reduced frontal metabolism in cocaine abusers, Synapse 14 (1993) 169–177,

doi: 10.1002/syn.890140210 . 

[31] N.D. Volkow, J.S. Fowler, G.-.J. Wang, J.M. Swanson, Dopamine in drug abuse and

addiction: results from imaging studies and treatment implications, Mol. Psychia-

try. 9 (2004) 557–569, doi: 10.1038/sj.mp.4001507 . 

[32] W. Schultz, Dopamine reward prediction error coding, Dialogues Clin. Neurosci.

18 (2016) 10 . 

[33] J.P. O’Doherty, A. Hampton, H. Kim, Model-Based fMRI and its application to re-

ward learning and decision making, Ann. N. Y. Acad. Sci. 1104 (2007) 35–53,

doi: 10.1196/annals.1390.022 . 

https://doi.org/10.1177/002204268701700205
http://refhub.elsevier.com/S2772-3925(23)00006-8/sbref0002
http://refhub.elsevier.com/S2772-3925(23)00006-8/sbref0003
https://doi.org/10.1056/NEJMra1511480
https://doi.org/10.1038/nn1579
https://doi.org/10.1146/annurev-psych-122414-033457
https://doi.org/10.1016/j.neuron.2015.08.037
https://doi.org/10.1038/nn.2723
https://doi.org/10.1037/amp0000059
https://doi.org/10.1146/annurev-clinpsy-032813-153724
https://doi.org/10.1016/j.bbr.2020.112815
https://doi.org/10.1016/0165-0173(93)90013-P
https://doi.org/10.1016/S2215-0366(14)70298-6
https://doi.org/10.1162/cpsy_a_00001
https://doi.org/10.1038/nn.4238
https://doi.org/10.1037/abn0000503
https://doi.org/10.5962/bhl.title.55072
http://refhub.elsevier.com/S2772-3925(23)00006-8/sbref0018
https://doi.org/10.1523/JNEUROSCI.4322-15.2016
https://doi.org/10.1007/s00213-019-05325-w
https://doi.org/10.1093/ijnp/pyab041
http://refhub.elsevier.com/S2772-3925(23)00006-8/sbref0022
https://doi.org/10.1038/nature05051
https://doi.org/10.1523/JNEUROSCI.3904-10.2011
https://doi.org/10.1126/science.1102941
https://doi.org/10.1073/pnas.0706111104
https://doi.org/10.1523/JNEUROSCI.0400-07.2007
https://doi.org/10.1038/nn.2342
https://doi.org/10.1073/pnas.85.14.5274
https://doi.org/10.1002/syn.890140210
https://doi.org/10.1038/sj.mp.4001507
http://refhub.elsevier.com/S2772-3925(23)00006-8/sbref0032
https://doi.org/10.1196/annals.1390.022


T.V. Lim and K.D. Ersche Addiction Neuroscience 5 (2023) 100066 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

[34] P.C. Fletcher, J.M. Anderson, D.R. Shanks, R. Honey, T.A. Carpenter, T. Donovan,

N. Papadakis, E.T. Bullmore, Responses of human frontal cortex to surprising events

are predicted by formal associative learning theory, Nat. Neurosci. 4 (2001) 1043–

1048, doi: 10.1038/nn733 . 

[35] J.P. O’Doherty, P. Dayan, K. Friston, H. Critchley, R.J. Dolan, Temporal Difference

Models and Reward-Related Learning in the Human Brain, Neuron 38 (2003) 329–

337, doi: 10.1016/S0896-6273(03)00169-7 . 

[36] J.P. O’Doherty, P. Dayan, J. Schultz, R. Deichmann, K.J. Friston, R.J. Dolan, Dis-

sociable roles of ventral and dorsal striatum in instrumental conditioning, Science

304 (2004) 452–454, doi: 10.1126/science.1094285 . 

[37] M.A. Parvaz, A.B. Konova, G.H. Proudfit, J.P. Dunning, P. Malaker, S.J. Moeller,

T. Maloney, N. Alia-Klein, R.Z. Goldstein, Impaired neural response to nega-

tive prediction errors in cocaine addiction, J. Neurosci. 35 (2015) 1872–1879,

doi: 10.1523/JNEUROSCI.2777-14.2015 . 

[38] E.J. Rose, B.J. Salmeron, T.J. Ross, J. Waltz, J.B. Schweitzer, S.M. Mc-

Clure, E.A. Stein, Temporal difference error prediction signal dysregula-

tion in cocaine dependence, Neuropsychopharmacology 39 (2014) 1732–1742,

doi: 10.1038/npp.2014.21 . 

[39] J. Tanabe, J. Reynolds, T. Krmpotich, E. Claus, L.L. Thompson, Y.P. Du,

M.T. Banich, Reduced neural tracking of prediction error in substance-

dependent individuals, Am. J. Psychiatry. 170 (2013) 1356–1363,

doi: 10.1176/appi.ajp.2013.12091257 . 

[40] S. Tolomeo, Z.A. Yaple, R. Yu, Neural representation of prediction error signals in

substance users, Addict. Biol. 26 (2021) e12976, doi: 10.1111/adb.12976 . 

[41] Y.K. Takahashi, T.A. Stalnaker, Y. Marrero-Garcia, R.M. Rada, G. Schoen-

baum, Expectancy-Related changes in dopaminergic error signals are im-

paired by cocaine self-administration, Neuron 101 (2019) 294–306 e3,

doi: 10.1016/j.neuron.2018.11.025 . 

[42] S.Q. Park, T. Kahnt, A. Beck, M.X. Cohen, R.J. Dolan, J. Wrase, A. Heinz, Prefrontal

cortex fails to learn from reward prediction errors in alcohol dependence, J. Neu-

rosci. 30 (2010) 7749–7753, doi: 10.1523/JNEUROSCI.5587-09.2010 . 

[43] S.M. Groman, K.M. Rich, N.J. Smith, D. Lee, J.R. Taylor, Chronic exposure to

methamphetamine disrupts reinforcement-based decision making in rats, Neu-

ropsychopharmacology 43 (2018) 770–780, doi: 10.1038/npp.2017.159 . 

[44] R. Smith, P. Schwartenbeck, J.L. Stewart, R. Kuplicki, H. Ekhtiari, M.P. Paulus,

Imprecise action selection in substance use disorder: evidence for active learning

impairments when solving the explore-exploit dilemma, Drug Alcohol Depend. 215

(2020) 108208, doi: 10.1016/j.drugalcdep.2020.108208 . 

[45] K.D. Ersche, C.C. Hagan, D.G. Smith, S. Abbott, P.S. Jones, A.M. Apergis-

Schoute, R. Döffinger, Aberrant disgust responses and immune reac-

tivity in cocaine-dependent men, Biol. Psychiatry. 75 (2014) 140–147,

doi: 10.1016/j.biopsych.2013.08.004 . 

[46] K.D. Ersche, C.M. Gillan, P.S. Jones, G.B. Williams, L.H.E. Ward, M. Luijten, S. de

Wit, B.J. Sahakian, E.T. Bullmore, T.W. Robbins, Carrots and sticks fail to change

behavior in cocaine addiction, Science 352 (2016) 1468–1471, doi: 10.1126/sci-

ence.aaf3700 . 

[47] R. Hester, R.P. Bell, J.J. Foxe, H. Garavan, The influence of monetary punishment

on cognitive control in abstinent cocaine-users, Drug Alcohol Depend. 133 (2013)

86–93, doi: 10.1016/j.drugalcdep.2013.05.027 . 

[48] L.L. Thompson, E.D. Claus, S.K. Mikulich-Gilbertson, M.T. Banich, T. Crow-

ley, T. Krmpotich, D. Miller, J. Tanabe, Negative reinforcement learning is

affected in substance dependence, Drug Alcohol Depend. 123 (2012) 84–90,

doi: 10.1016/j.drugalcdep.2011.10.017 . 

[49] T.V. Lim, R.N. Cardinal, G. Savulich, P.S. Jones, A.A. Moustafa, T.W. Robbins,

K.D. Ersche, Impairments in reinforcement learning do not explain enhanced habit

formation in cocaine use disorder, Psychopharmacology (Berl.) 236 (2019) 2359–

2371, doi: 10.1007/s00213-019-05330-z . 

[50] K.P. Morie, P. De Sanctis, H. Garavan, J.J. Foxe, Regulating task-monitoring

systems in response to variable reward contingencies and outcomes in

cocaine addicts, Psychopharmacology (Berl.) 233 (2016) 1105–1118,

doi: 10.1007/s00213-015-4191-8 . 

[51] J.C. Strickland, B.L. Bolin, J.A. Lile, C.R. Rush, W.W. Stoops, Differential sensitivity

to learning from positive and negative outcomes in cocaine users, Drug Alcohol

Depend. 166 (2016) 61–68, doi: 10.1016/j.drugalcdep.2016.06.022 . 

[52] J.L. Stewart, C.G. Connolly, A.C. May, S.F. Tapert, M. Wittmann, M.P. Paulus,

Striatum and insula dysfunction during reinforcement learning differentiates absti-

nent and relapsed methamphetamine-dependent individuals, Addiction 109 (2014)

460–471, doi: 10.1111/add.12403 . 

[53] J.L. Stewart, C.G. Connolly, A.C. May, S.F. Tapert, M. Wittmann, M.P. Paulus, Co-

caine dependent individuals with attenuated striatal activation during reinforce-

ment learning are more susceptible to relapse, Psychiatry Res. Neuroimaging. 223

(2014) 129–139, doi: 10.1016/j.pscychresns.2014.04.014 . 

[54] M.K. Eckstein, L. Wilbrecht, A.G. Collins, What do reinforcement learning mod-

els measure? Interpreting model parameters in cognition and neuroscience, Curr.

Opin. Behav. Sci. 41 (2021) 128–137, doi: 10.1016/j.cobeha.2021.06.004 . 

[55] T.W. Robbins, R.N. Cardinal, Computational psychopharmacology: a translational

and pragmatic approach, Psychopharmacology (Berl.) 236 (2019) 2295–2305,

doi: 10.1007/s00213-019-05302-3 . 

[56] M.K. Eckstein, S.L. Master, L. Xia, R.E. Dahl, L. Wilbrecht, A.G. Collins, The in-

terpretation of computational model parameters depends on the context, ELife. 11

(2022) e75474, doi: 10.7554/eLife.75474 . 

[57] B.W. Balleine, J.P. O’Doherty, Human and rodent homologies in action control: cor-

ticostriatal determinants of goal-directed and habitual action, Neuropsychophar-

macology 35 (2010) 48–69, doi: 10.1038/npp.2009.131 . 

[58] A. Dickinson, Actions and habits: the development of behavioural autonomy, Phil

Trans R Soc Lond B 308 (1985) 67–78, doi: 10.1098/rstb.1985.0010 . 
9 
[59] S. de Wit, P.R. Corlett, M.R. Aitken, A. Dickinson, P.C. Fletcher, Differential en-

gagement of the ventromedial prefrontal cortex by goal-directed and habitual be-

havior toward food pictures in humans, J. Neurosci. 29 (2009) 11330–11338,

doi: 10.1523/JNEUROSCI.1639-09.2009 . 

[60] S.C. Tanaka, B.W. Balleine, J.P. O’Doherty, Calculating consequences: brain sys-

tems that encode the causal effects of actions, J. Neurosci. 28 (2008) 6750–6755,

doi: 10.1523/JNEUROSCI.1808-08.2008 . 

[61] V.V. Valentin, A. Dickinson, J.P. O’Doherty, Determining the neural substrates of

goal-directed learning in the human brain, J. Neurosci. 27 (2007) 4019–4026,

doi: 10.1523/JNEUROSCI.0564-07.2007 . 

[62] H.H. Yin, B.J. Knowlton, B.W. Balleine, Blockade of NMDA receptors in the dor-

somedial striatum prevents action–outcome learning in instrumental conditioning,

Eur. J. Neurosci. 22 (2005) 505–512, doi: 10.1111/j.1460-9568.2005.04219.x . 

[63] H.H. Yin, S.B. Ostlund, B.J. Knowlton, B.W. Balleine, The role of the dorsome-

dial striatum in instrumental conditioning, Eur. J. Neurosci. 22 (2005) 513–523,

doi: 10.1111/j.1460-9568.2005.04218.x . 

[64] E. Tricomi, B.W. Balleine, J.P. O’Doherty, A specific role for posterior dorsolat-

eral striatum in human habit learning, Eur. J. Neurosci. 29 (2009) 2225–2232,

doi: 10.1111/j.1460-9568.2009.06796.x . 

[65] H.H. Yin, B.J. Knowlton, B.W. Balleine, Inactivation of dorsolateral stria-

tum enhances sensitivity to changes in the action–outcome contingency

in instrumental conditioning, Behav. Brain Res. 166 (2006) 189–196,

doi: 10.1016/j.bbr.2005.07.012 . 

[66] B.J. Everitt, T.W. Robbins, From the ventral to the dorsal striatum: devolving views

of their roles in drug addiction, Neurosci. Biobehav. Rev. 37 (2013) 1946–1954,

doi: 10.1016/j.neubiorev.2013.02.010 . 

[67] J.D. Jentsch, J.R. Taylor, Impulsivity resulting from frontostriatal dysfunction in

drug abuse: implications for the control of behavior by reward-related stimuli, Psy-

chopharmacology (Berl.) 146 (1999) 373–390, doi: 10.1007/PL00005483 . 

[68] A.D. Redish, S. Jensen, A. Johnson, A unified framework for addiction: vul-

nerabilities in the decision process, Behav. Brain Sci. 31 (2008) 415–487,

doi: 10.1017/S0140525X0800472X . 

[69] G. Schoenbaum, M.R. Roesch, T.A. Stalnaker, Orbitofrontal cortex,

decision-making and drug addiction, Trends Neurosci 29 (2006) 116–124,

doi: 10.1016/j.tins.2005.12.006 . 

[70] W. Wood, D. Rünger, Psychology of habit, Annu. Rev. Psychol. 67 (2016) 289–314,

doi: 10.1146/annurev-psych-122414-033417 . 

[71] B.W. Balleine, A. Dickinson, Goal-directed instrumental action: contingency and in-

centive learning and their cortical substrates, Neuropharmacology 37 (1998) 407–

419, doi: 10.1016/S0028-3908(98)00033-1 . 

[72] A. Dickinson, B. Balleine, Motivational control of goal-directed action, Anim. Learn.

Behav. 22 (1994) 1–18, doi: 10.3758/BF03199951 . 

[73] C.D. Adams, A. Dickinson, Instrumental responding following rein-

forcer devaluation, Q. J. Exp. Psychol. Sect. B. 33 (1981) 109–121,

doi: 10.1080/14640748108400816 . 

[74] L.J. Hammond, The effect of contingency upon the appetitive condition-

ing of free-operant behavior, J. Exp. Anal. Behav. 34 (1980) 297–304,

doi: 10.1901/jeab.1980.34-297 . 

[75] K.D. Ersche, C. Meng, H. Ziauddeen, J. Stochl, G.B. Williams, E.T. Bullmore, T.W.

Robbins, Brain networks underlying vulnerability and resilience to drug addiction,

Proc. Natl. Acad. Sci. 117 (2020) 15253–15261. doi: 10.1073/pnas.2002509117 . 

[76] T.M. Furlong, L.H. Corbit, Chapter 16 - drug addiction: augmented habit

learning or failure of goal-directed control?, in: R. Morris, A. Bornstein,

A. Shenhav (Eds.) Goal-Dir. Decis. Mak, Academic Press, 2018, pp. 367–386,

doi: 10.1016/B978-0-12-812098-9.00016-4 . 

[77] N.D. Daw, Y. Niv, P. Dayan, Uncertainty-based competition between prefrontal and

dorsolateral striatal systems for behavioral control, Nat. Neurosci. 8 (2005) 1704–

1711, doi: 10.1038/nn1560 . 

[78] B.B. Doll, K.G. Bath, N.D. Daw, M.J. Frank, Variability in dopamine genes disso-

ciates model-based and model-free reinforcement learning, J. Neurosci. 36 (2016)

1211–1222, doi: 10.1523/JNEUROSCI.1901-15.2016 . 

[79] J. Gläscher, N. Daw, P. Dayan, J.P. O’Doherty, States versus rewards: dissocia-

ble neural prediction error signals underlying model-based and model-free

reinforcement learning, Neuron. 66 (2010) 585–595,

doi: 10.1016/j.neuron.2010.04.016 . 

[80] N.D. Daw, S.J. Gershman, B. Seymour, P. Dayan, R.J. Dolan, Model-Based influ-

ences on humans’ choices and striatal prediction errors, Neuron 69 (2011) 1204–

1215, doi: 10.1016/j.neuron.2011.02.027 . 

[81] R.J. Dolan, P. Dayan, Goals and habits in the brain, Neuron 80 (2013) 312–325,

doi: 10.1016/j.neuron.2013.09.007 . 

[82] L.H. Corbit, H. Nie, P.H. Janak, Habitual alcohol seeking: time course and the con-

tribution of subregions of the dorsal striatum, Biol. Psychiatry. 72 (2012) 389–395,

doi: 10.1016/j.biopsych.2012.02.024 . 

[83] L.H. Corbit, B.C. Chieng, B.W. Balleine, Effects of repeated cocaine exposure on

habit learning and reversal by n-acetylcysteine, Neuropsychopharmacology 39

(2014) 1893–1901, doi: 10.1038/npp.2014.37 . 

[84] A. Nelson, S. Killcross, Amphetamine exposure enhances habit formation, J. Neu-

rosci. 26 (2006) 3805–3812, doi: 10.1523/JNEUROSCI.4305-05.2006 . 

[85] R.E. Nordquist, P. Voorn, J.G. de Mooij-van Malsen, R.N.J.M.A. Joosten,

C.M.A. Pennartz, L.J.M.J. Vanderschuren, Augmented reinforcer value and ac-

celerated habit formation after repeated amphetamine treatment, Eur. Neuropsy-

chopharmacol. 17 (2007) 532–540, doi: 10.1016/j.euroneuro.2006.12.005 . 

[86] A. Zapata, V.L. Minney, T.S. Shippenberg, Shift from goal-directed to habitual co-

caine seeking after prolonged experience in rats, J. Neurosci. 30 (2010) 15457–

15463, doi: 10.1523/JNEUROSCI.4072-10.2010 . 

[87] D. Belin, B.J. Everitt, Cocaine seeking habits depend upon dopamine-dependent

https://doi.org/10.1038/nn733
https://doi.org/10.1016/S0896-6273(03)00169-7
https://doi.org/10.1126/science.1094285
https://doi.org/10.1523/JNEUROSCI.2777-14.2015
https://doi.org/10.1038/npp.2014.21
https://doi.org/10.1176/appi.ajp.2013.12091257
https://doi.org/10.1111/adb.12976
https://doi.org/10.1016/j.neuron.2018.11.025
https://doi.org/10.1523/JNEUROSCI.5587-09.2010
https://doi.org/10.1038/npp.2017.159
https://doi.org/10.1016/j.drugalcdep.2020.108208
https://doi.org/10.1016/j.biopsych.2013.08.004
https://doi.org/10.1126/science.aaf3700
https://doi.org/10.1016/j.drugalcdep.2013.05.027
https://doi.org/10.1016/j.drugalcdep.2011.10.017
https://doi.org/10.1007/s00213-019-05330-z
https://doi.org/10.1007/s00213-015-4191-8
https://doi.org/10.1016/j.drugalcdep.2016.06.022
https://doi.org/10.1111/add.12403
https://doi.org/10.1016/j.pscychresns.2014.04.014
https://doi.org/10.1016/j.cobeha.2021.06.004
https://doi.org/10.1007/s00213-019-05302-3
https://doi.org/10.7554/eLife.75474
https://doi.org/10.1038/npp.2009.131
https://doi.org/10.1098/rstb.1985.0010
https://doi.org/10.1523/JNEUROSCI.1639-09.2009
https://doi.org/10.1523/JNEUROSCI.1808-08.2008
https://doi.org/10.1523/JNEUROSCI.0564-07.2007
https://doi.org/10.1111/j.1460-9568.2005.04219.x
https://doi.org/10.1111/j.1460-9568.2005.04218.x
https://doi.org/10.1111/j.1460-9568.2009.06796.x
https://doi.org/10.1016/j.bbr.2005.07.012
https://doi.org/10.1016/j.neubiorev.2013.02.010
https://doi.org/10.1007/PL00005483
https://doi.org/10.1017/S0140525X0800472X
https://doi.org/10.1016/j.tins.2005.12.006
https://doi.org/10.1146/annurev-psych-122414-033417
https://doi.org/10.1016/S0028-3908(98)00033-1
https://doi.org/10.3758/BF03199951
https://doi.org/10.1080/14640748108400816
https://doi.org/10.1901/jeab.1980.34-297
https://doi.org/10.1073/pnas.2002509117
https://doi.org/10.1016/B978-0-12-812098-9.00016-4
https://doi.org/10.1038/nn1560
https://doi.org/10.1523/JNEUROSCI.1901-15.2016
https://doi.org/10.1016/j.neuron.2010.04.016
https://doi.org/10.1016/j.neuron.2011.02.027
https://doi.org/10.1016/j.neuron.2013.09.007
https://doi.org/10.1016/j.biopsych.2012.02.024
https://doi.org/10.1038/npp.2014.37
https://doi.org/10.1523/JNEUROSCI.4305-05.2006
https://doi.org/10.1016/j.euroneuro.2006.12.005
https://doi.org/10.1523/JNEUROSCI.4072-10.2010


T.V. Lim and K.D. Ersche Addiction Neuroscience 5 (2023) 100066 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

[  

 

 

[  

[  

 

[  

 

 

[  

[  

 

[  

 

[  

[  

 

[  

 

 

[  

 

[  

 

 

[  

 

 

[  

 

[  

 

[  

 

[  

 

 

[  

[  

 

[  

[  

 

[  

 

[

 

[  

 

 

[  

 

[  

 

 

[  

 

 

[  

 

 

 

[  

[  

 

[  

 

[  

[  

 

[  

 

 

[  

 

 

[  

 

 

[  

 

[  

 

 

serial connectivity linking the ventral with the dorsal striatum, Neuron 57 (2008)

432–441, doi: 10.1016/j.neuron.2007.12.019 . 

[88] J.E. Murray, D. Belin, B.J. Everitt, Double dissociation of the dorsomedial and dor-

solateral striatal control over the acquisition and performance of cocaine seeking,

Neuropsychopharmacology 37 (2012) 2456–2466, doi: 10.1038/npp.2012.104 . 

[89] K.D. Ersche, T.V. Lim, A.G. Murley, C. Rua, M.M. Vaghi, T.L. White, G.B. Williams,

T.W. Robbins, Reduced glutamate turnover in the putamen is linked with auto-

matic habits in human cocaine addiction, Biol. Psychiatry. 89 (2021) 970–979,

doi: 10.1016/j.biopsych.2020.12.009 . 

[90] T.H. McKim, D.J. Bauer, C.A. Boettiger, Addiction history associates with

the propensity to form habits, J. Cogn. Neurosci. 28 (2016) 1024–1038,

doi: 10.1162/jocn_a_00953 . 

[91] Z. Sjoerds, S. de Wit, W. van den Brink, T.W. Robbins, A.T.F. Beekman,

B.W.J.H. Penninx, D.J. Veltman, Behavioral and neuroimaging evidence for overre-

liance on habit learning in alcohol-dependent patients, Transl. Psychiatry. 3 (2013)

e337, doi: 10.1038/tp.2013.107 . 

[92] K.D. Ersche, T.-.V. Lim, L.H.E. Ward, T.W. Robbins, J. Stochl, Creature of Habit: a

self-report measure of habitual routines and automatic tendencies in everyday life,

Personal. Individ. Differ. 116 (2017) 73–85, doi: 10.1016/j.paid.2017.04.024 . 

[93] C. Giuliano, D. Belin, B.J. Everitt, Compulsive alcohol seeking results from a failure

to disengage dorsolateral striatal control over behavior, J. Neurosci. (2019) 2615–

2618, doi: 10.1523/JNEUROSCI.2615-18.2018 . 

[94] C. Giuliano, M. Puaud, R.N. Cardinal, D. Belin, B.J. Everitt, Individual differences

in the engagement of habitual control over alcohol seeking predict the develop-

ment of compulsive alcohol seeking and drinking, Addict. Biol. 26 (2021) e13041,

doi: 10.1111/adb.13041 . 

[95] S. Jonkman, Y. Pelloux, B.J. Everitt, Differential roles of the dorsolateral and mid-

lateral striatum in punished cocaine seeking, J. Neurosci. 32 (2012) 4645–4650,

doi: 10.1523/JNEUROSCI.0348-12.2012 . 

[96] M. Sebold, L. Deserno, S. Nebe, D.J. Schad, M. Garbusow, C. Hägele, J. Keller,

E. Jünger, N. Kathmann, M. Smolka, M.A. Rapp, F. Schlagenhauf, A. Heinz,

Q.J.M. Huys, Model-Based and model-free decisions in alcohol dependence, Neu-

ropsychobiology 70 (2014) 122–131, doi: 10.1159/000362840 . 

[97] V. Voon, K. Derbyshire, C. Rück, M.A. Irvine, Y. Worbe, J. Enander,

L.R.N. Schreiber, C. Gillan, N.A. Fineberg, B.J. Sahakian, T.W. Robbins, N.A. Harri-

son, J. Wood, N.D. Daw, P. Dayan, J.E. Grant, E.T. Bullmore, Disorders of compul-

sivity: a common bias towards learning habits, Mol. Psychiatry. 20 (2015) 345–352,

doi: 10.1038/mp.2014.44 . 

[98] M. Sebold, S. Nebe, M. Garbusow, M. Guggenmos, D.J. Schad, A. Beck, S. Kuitunen-

Paul, C. Sommer, R. Frank, P. Neu, U.S. Zimmermann, M.A. Rapp, M.N. Smolka,

Q.J.M. Huys, F. Schlagenhauf, A. Heinz, When habits are dangerous: alcohol ex-

pectancies and habitual decision making predict relapse in alcohol dependence,

Biol. Psychiatry. 82 (2017) 847–856, doi: 10.1016/j.biopsych.2017.04.019 . 

[99] N. Doñamayor, D. Strelchuk, K. Baek, P. Banca, V. Voon, The involuntary nature

of binge drinking: goal directedness and awareness of intention, Addict. Biol. 23

(2018) 515–526, doi: 10.1111/adb.12505 . 

100] S. Nebe, N.B. Kroemer, D.J. Schad, N. Bernhardt, M. Sebold, D.K. Müller, L. Scholl,

S. Kuitunen-Paul, A. Heinz, M.A. Rapp, Q.J.M. Huys, M.N. Smolka, No association

of goal-directed and habitual control with alcohol consumption in young adults,

Addict. Biol. 23 (2018) 379–393, doi: 10.1111/adb.12490 . 

101] S.M. Groman, B. Massi, S.R. Mathias, D. Lee, J.R. Taylor, Model-Free and model-

based influences in addiction-related behaviors, Biol. Psychiatry. 85 (2019) 936–

945, doi: 10.1016/j.biopsych.2018.12.017 . 

102] E. Friedel, S.P. Koch, J. Wendt, A. Heinz, L. Deserno, F. Schlagenhauf, Devaluation

and sequential decisions: linking goal-directed and model-based behavior, Front.

Hum. Neurosci. 8 (2014), doi: 10.3389/fnhum.2014.00587 . 

103] Z. Sjoerds, A. Dietrich, L. Deserno, S. de Wit, A. Villringer, H.-.J. Heinze, F. Schla-

genhauf, A. Horstmann, Slips of action and sequential decisions: a cross-validation

study of tasks assessing habitual and goal-directed action control, Front. Behav.

Neurosci. (2016) 10, doi: 10.3389/fnbeh.2016.00234 . 

104] K.J. Miller, A. Shenhav, E.A. Ludvig, Habits without values, Psychol. Rev. 126

(2019) 292–311, doi: 10.1037/rev0000120 . 

105] A. Dezfouli, N.W. Lingawi, B.W. Balleine, Habits as action sequences: hierarchical

action control and changes in outcome value, Philos. Trans. R. Soc. B Biol. Sci. 369

(2014) 20130482, doi: 10.1098/rstb.2013.0482 . 

106] A. Dezfouli, B.W. Balleine, Habits, action sequences and reinforcement

learning, Eur. J. Neurosci. 35 (2012) 1036–1051,

doi: 10.1111/j.1460-9568.2012.08050.x . 

107] C. Lüscher, T.W. Robbins, B.J. Everitt, The transition to compulsion in addiction,

Nat. Rev. Neurosci. 21 (2020) 247–263, doi: 10.1038/s41583-020-0289-z . 

108] J.R. Taylor, T.W. Robbins, Enhanced behavioural control by conditioned rein-

forcers following microinjections of d -amphetamine into the nucleus accumbens,

Psychopharmacology (Berl.) 84 (1984) 405–412, doi: 10.1007/BF00555222 . 

109] J.R. Taylor, T.W. Robbins, 6-Hydroxydopamine lesions of the nucleus accumbens,

but not of the caudate nucleus, attenuate enhanced responding with reward-related

stimuli produced by intra-accumbens d -amphetamine, Psychopharmacology (Berl.)

90 (1986) 390–397, doi: 10.1007/BF00179197 . 

110] T.E. Robinson, K.C. Berridge, The psychology and neurobiology of ad-

diction: an incentive–sensitization view, Addiction 95 (2000) 91–117,

doi: 10.1046/j.1360-0443.95.8s2.19.x . 

111] J.M. Engelmann, F. Versace, J.D. Robinson, J.A. Minnix, C.Y. Lam, Y. Cui,

V.L. Brown, P.M. Cinciripini, Neural substrates of smoking cue reactiv-

ity: a meta-analysis of fMRI studies, Neuroimage 60 (2012) 252–262,

doi: 10.1016/j.neuroimage.2011.12.024 . 

112] A.J. Jasinska, E.A. Stein, J. Kaiser, M.J. Naumer, Y. Yalachkov, Fac-

tors modulating neural reactivity to drug cues in addiction: a survey of
10 
human neuroimaging studies, Neurosci. Biobehav. Rev. 38 (2014) 1–16,

doi: 10.1016/j.neubiorev.2013.10.013 . 

113] S.M. McClure, N.D. Daw, P.Read Montague, A computational sub-

strate for incentive salience, Trends Neurosci 26 (2003) 423–428,

doi: 10.1016/S0166-2236(03)00177-2 . 

114] J. Zhang, K.C. Berridge, A.J. Tindell, K.S. Smith, J.W. Aldridge, A neural com-

putational model of incentive salience, PLOS Comput. Biol. 5 (2009) e1000437,

doi: 10.1371/journal.pcbi.1000437 . 

115] K.C. Berridge, From prediction error to incentive salience: mesolimbic com-

putation of reward motivation, Eur. J. Neurosci. 35 (2012) 1124–1143,

doi: 10.1111/j.1460-9568.2012.07990.x . 

116] A.J. Tindell, K.C. Berridge, J. Zhang, S. Peciña, J.W. Aldridge, Ventral

pallidal neurons code incentive motivation: amplification by mesolimbic

sensitization and amphetamine, Eur. J. Neurosci. 22 (2005) 2617–2634,

doi: 10.1111/j.1460-9568.2005.04411.x . 

117] A.J. Tindell, K.S. Smith, K.C. Berridge, J.W. Aldridge, Dynamic computation of in-

centive salience: “wanting ” what was never “liked, ”, J. Neurosci. 29 (2009) 12220–

12228, doi: 10.1523/JNEUROSCI.2499-09.2009 . 

118] K.S. Smith, K.C. Berridge, J.W. Aldridge, Disentangling pleasure from incentive

salience and learning signals in brain reward circuitry, Proc. Natl. Acad. Sci. 108

(2011) E255–E264, doi: 10.1073/pnas.1101920108 . 

119] C.L. Wyvell, K.C. Berridge, Intra-Accumbens amphetamine increases the condi-

tioned incentive salience of sucrose reward: enhancement of reward “wanting ”

without enhanced “liking ” or response reinforcement, J. Neurosci. 20 (2000) 8122–

8130, doi: 10.1523/JNEUROSCI.20-21-08122.2000 . 

120] C.L. Wyvell, K.C. Berridge, Incentive sensitization by previous amphetamine expo-

sure: increased cue-triggered “wanting ” for sucrose reward, J. Neurosci. 21 (2001)

7831–7840, doi: 10.1523/JNEUROSCI.21-19-07831.2001 . 

121] E.D. Claus, S.W.F. Ewing, F.M. Filbey, A. Sabbineni, K.E. Hutchison, Identifying

neurobiological phenotypes associated with alcohol use disorder severity, Neu-

ropsychopharmacology 36 (2011) 2086–2096, doi: 10.1038/npp.2011.99 . 

122] S. Kühn, J. Gallinat, Common biology of craving across legal and illegal drugs –

a quantitative meta-analysis of cue-reactivity brain response, Eur. J. Neurosci. 33

(2011) 1318–1326, doi: 10.1111/j.1460-9568.2010.07590.x . 

123] J.J. Prisciandaro, J.E. Joseph, H. Myrick, A.L. McRae-Clark, S. Henderson,

J. Pfeifer, K.T. Brady, The relationship between years of cocaine use and brain acti-

vation to cocaine and response inhibition cues, Addiction 109 (2014) 2062–2070,

doi: 10.1111/add.12666 . 

124] E.N. Grodin, K.E. Courtney, L.A. Ray, Drug-Induced craving for methamphetamine

is associated with neural methamphetamine cue reactivity, J. Stud. Alcohol Drugs.

80 (2019) 245–251, doi: 10.15288/jsad.2019.80.245 . 

125] R.C. Risinger, B.J. Salmeron, T.J. Ross, S.L. Amen, M. Sanfilipo, R.G. Hoffmann,

A.S. Bloom, H. Garavan, E.A. Stein, Neural correlates of high and craving during

cocaine self-administration using BOLD fMRI, Neuroimage 26 (2005) 1097–1108,

doi: 10.1016/j.neuroimage.2005.03.030 . 

126] H.C. Breiter, R.L. Gollub, R.M. Weisskoff, D.N. Kennedy, N. Makris, J.D. Berke,

J.M. Goodman, H.L. Kantor, D.R. Gastfriend, J.P. Riorden, R.T. Mathew,

B.R. Rosen, S.E. Hyman, Acute effects of cocaine on human brain activity and emo-

tion, Neuron 19 (1997) 591–611, doi: 10.1016/S0896-6273(00)80374-8 . 

127] D.J. Schad, M.A. Rapp, M. Garbusow, S. Nebe, M. Sebold, E. Obst, C. Sommer, L. De-

serno, M. Rabovsky, E. Friedel, N. Romanczuk-Seiferth, H.-.U. Wittchen, U.S. Zim-

mermann, H. Walter, P. Sterzer, M.N. Smolka, F. Schlagenhauf, A. Heinz, P. Dayan,

Q.J.M. Huys, Dissociating neural learning signals in human sign- and goal-trackers,

Nat. Hum. Behav. 4 (2020) 201–214, doi: 10.1038/s41562-019-0765-5 . 

128] A. Bechara, Decision making, impulse control and loss of willpower to resist drugs:

a neurocognitive perspective, Nat. Neurosci. 8 (2005) 1458 . 

129] J.R. Breedon, H. Ziauddeen, J. Stochl, K.D. Ersche, Feeding the addiction: nar-

rowing of goals to habits, Eur. Neuropsychopharmacol. 42 (2021) 110–114,

doi: 10.1016/j.euroneuro.2020.11.002 . 

130] L. Hogarth, Addiction is driven by excessive goal-directed drug choice under

negative affect: translational critique of habit and compulsion theory, Neuropsy-

chopharmacology 45 (2020) 720–735, doi: 10.1038/s41386-020-0600-8 . 

131] J. MacKillop, The behavioral economics and neuroeconomics of alcohol use disor-

ders, Alcohol. Clin. Exp. Res. 40 (2016) 672–685, doi: 10.1111/acer.13004 . 

132] J.G. Murphy, J. MacKillop, Relative reinforcing efficacy of alcohol among

college student drinkers, Exp. Clin. Psychopharmacol. 14 (2006) 219–227,

doi: 10.1037/1064-1297.14.2.219 . 

133] W.K. Bickel, D.P. Jarmolowicz, E.T. Mueller, K.M. Gatchalian, The behav-

ioral economics and neuroeconomics of reinforcer pathologies: implications for

etiology and treatment of addiction, Curr. Psychiatry Rep. 13 (2011) 406,

doi: 10.1007/s11920-011-0215-1 . 

134] J.C. Strickland, R.T. Lacy, Behavioral economic demand as a unifying lan-

guage for addiction science: promoting collaboration and integration of an-

imal and human models, Exp. Clin. Psychopharmacol. 28 (2020) 404–416,

doi: 10.1037/pha0000358 . 

135] J.B. Saunders, O.G. Aasland, T.F. Babor, J.R.D.L. Fuente, M. Grant, Development

of the alcohol use disorders identification test (AUDIT): WHO collaborative project

on early detection of persons with harmful alcohol consumption-II, Addiction 88

(1993) 791–804, doi: 10.1111/j.1360-0443.1993.tb02093.x . 

136] T.F. Heatherton, L.T. Kozlowski, R.C. Frecker, K.-.O. Fagerstrom, The Fagerström

test for nicotine dependence: a revision of the Fagerstrom tolerance questionnaire,

Br. J. Addict. 86 (1991) 1119–1127, doi: 10.1111/j.1360-0443.1991.tb01879.x . 

137] M.T. Amlung, J. Acker, M.K. Stojek, J.G. Murphy, J. MacKillop, Is talk “cheap ”?

An initial investigation of the equivalence of alcohol purchase task performance

for hypothetical and actual rewards, Alcohol. Clin. Exp. Res. 36 (2012) 716–724,

doi: 10.1111/j.1530-0277.2011.01656.x . 

https://doi.org/10.1016/j.neuron.2007.12.019
https://doi.org/10.1038/npp.2012.104
https://doi.org/10.1016/j.biopsych.2020.12.009
https://doi.org/10.1162/jocn_a_00953
https://doi.org/10.1038/tp.2013.107
https://doi.org/10.1016/j.paid.2017.04.024
https://doi.org/10.1523/JNEUROSCI.2615-18.2018
https://doi.org/10.1111/adb.13041
https://doi.org/10.1523/JNEUROSCI.0348-12.2012
https://doi.org/10.1159/000362840
https://doi.org/10.1038/mp.2014.44
https://doi.org/10.1016/j.biopsych.2017.04.019
https://doi.org/10.1111/adb.12505
https://doi.org/10.1111/adb.12490
https://doi.org/10.1016/j.biopsych.2018.12.017
https://doi.org/10.3389/fnhum.2014.00587
https://doi.org/10.3389/fnbeh.2016.00234
https://doi.org/10.1037/rev0000120
https://doi.org/10.1098/rstb.2013.0482
https://doi.org/10.1111/j.1460-9568.2012.08050.x
https://doi.org/10.1038/s41583-020-0289-z
https://doi.org/10.1007/BF00555222
https://doi.org/10.1007/BF00179197
https://doi.org/10.1046/j.1360-0443.95.8s2.19.x
https://doi.org/10.1016/j.neuroimage.2011.12.024
https://doi.org/10.1016/j.neubiorev.2013.10.013
https://doi.org/10.1016/S0166-2236(03)00177-2
https://doi.org/10.1371/journal.pcbi.1000437
https://doi.org/10.1111/j.1460-9568.2012.07990.x
https://doi.org/10.1111/j.1460-9568.2005.04411.x
https://doi.org/10.1523/JNEUROSCI.2499-09.2009
https://doi.org/10.1073/pnas.1101920108
https://doi.org/10.1523/JNEUROSCI.20-21-08122.2000
https://doi.org/10.1523/JNEUROSCI.21-19-07831.2001
https://doi.org/10.1038/npp.2011.99
https://doi.org/10.1111/j.1460-9568.2010.07590.x
https://doi.org/10.1111/add.12666
https://doi.org/10.15288/jsad.2019.80.245
https://doi.org/10.1016/j.neuroimage.2005.03.030
https://doi.org/10.1016/S0896-6273(00)80374-8
https://doi.org/10.1038/s41562-019-0765-5
http://refhub.elsevier.com/S2772-3925(23)00006-8/sbref0128
https://doi.org/10.1016/j.euroneuro.2020.11.002
https://doi.org/10.1038/s41386-020-0600-8
https://doi.org/10.1111/acer.13004
https://doi.org/10.1037/1064-1297.14.2.219
https://doi.org/10.1007/s11920-011-0215-1
https://doi.org/10.1037/pha0000358
https://doi.org/10.1111/j.1360-0443.1993.tb02093.x
https://doi.org/10.1111/j.1360-0443.1991.tb01879.x
https://doi.org/10.1111/j.1530-0277.2011.01656.x


T.V. Lim and K.D. Ersche Addiction Neuroscience 5 (2023) 100066 

[  

 

[  

 

[  

 

 

[  

 

 

[  

 

[  

 

[  

 

[  

 

[  

 

[  

 

[  

 

 

[  

 

 

[  

 

 

[  

 

 

[  

 

 

 

[  

 

[  

[  

 

[  

 

[  

 

[  

[  

 

[  

 

[  

 

[  

 

[  

 

 

[  

 

 

 

 

 

[  

 

[  

 

[  

[  

 

 

[  

 

 

 

[  

 

138] M.T. Amlung, J. MacKillop, P.M. Monti, R. Miranda, Elevated behavioral economic

demand for alcohol in a community sample of heavy drinking smokers, J. Stud.

Alcohol Drugs. 78 (2017) 623–628, doi: 10.15288/jsad.2017.78.623 . 

139] H.W. Chase, J. MacKillop, L. Hogarth, Isolating behavioural economic indices of de-

mand in relation to nicotine dependence, Psychopharmacology (Berl.) 226 (2013)

371–380, doi: 10.1007/s00213-012-2911-x . 

140] S.M. Lemley, B.A. Kaplan, D.D. Reed, A.C. Darden, D.P. Jarmolowicz,

Reinforcer pathologies: predicting alcohol related problems in college

drinking men and women, Drug Alcohol Depend. 167 (2016) 57–66,

doi: 10.1016/j.drugalcdep.2016.07.025 . 

141] J. MacKillop, R. Miranda Jr., P.M. Monti, L.A. Ray, J.G. Murphy, D.J. Rohsenow,

J.E. McGeary, R.M. Swift, J.W. Tidey, C.J. Gwaltney, Alcohol demand, delayed

reward discounting, and craving in relation to drinking and alcohol use disorders,

J. Abnorm. Psychol. 119 (2010) 106, doi: 10.1037/a0017513 . 

142] N.R. Bruner, M.W. Johnson, Demand curves for hypothetical cocaine in

cocaine-dependent individuals, Psychopharmacology (Berl.) 231 (2014) 889–897,

doi: 10.1007/s00213-013-3312-5 . 

143] J.C. Strickland, J.A. Lile, C.R. Rush, W.W. Stoops, Comparing exponential and ex-

ponentiated models of drug demand in cocaine users, Exp. Clin. Psychopharmacol.

24 (2016) 447–455, doi: 10.1037/pha0000096 . 

144] J.C. Strickland, J.A. Lile, W.W. Stoops, Unique prediction of cannabis use sever-

ity and behaviors by delay discounting and behavioral economic demand, Behav.

Processes. 140 (2017) 33–40, doi: 10.1016/j.beproc.2017.03.017 . 

145] B.S. Bentzley, T.C. Jhou, G. Aston-Jones, Economic demand predicts addiction-like

behavior and therapeutic efficacy of oxytocin in the rat, Proc. Natl. Acad. Sci. 111

(2014) 11822–11827. 10.1073/pnas.1406324111. 

146] A.A. Dennhardt, A.M. Yurasek, J.G. Murphy, Change in delay discounting and sub-

stance reward value following a brief alcohol and drug use intervention, J. Exp.

Anal. Behav. 103 (2015) 125–140, doi: 10.1002/jeab.121 . 

147] J. MacKillop, J.G. Murphy, A behavioral economic measure of demand for alcohol

predicts brief intervention outcomes, Drug Alcohol Depend. 89 (2007) 227–233,

doi: 10.1016/j.drugalcdep.2007.01.002 . 

148] J.G. Murphy, A.A. Dennhardt, A.M. Yurasek, J.R. Skidmore, M.P. Martens,

J. MacKillop, M.E. McDevitt-Murphy, Behavioral economic predictors of brief al-

cohol intervention outcomes, J. Consult. Clin. Psychol. 83 (2015) 1033–1043,

doi: 10.1037/ccp0000032 . 

149] L.P. Schwartz, L. Blank, S.R. Hursh, Behavioral economic demand in opi-

oid treatment: predictive validity of hypothetical purchase tasks for heroin,

cocaine, and benzodiazepines, Drug Alcohol Depend. 221 (2021) 108562,

doi: 10.1016/j.drugalcdep.2021.108562 . 

150] R. Secades-Villa, I. Pericot-Valverde, S. Weidberg, Relative reinforcing effi-

cacy of cigarettes as a predictor of smoking abstinence among treatment-

seeking smokers, Psychopharmacology (Berl.) 233 (2016) 3103–3112,

doi: 10.1007/s00213-016-4350-6 . 

151] J.H. Yoon, R. Suchting, C. de Dios, J.N. Vincent, S.A. McKay, S.D. Lane,

J.M. Schmitz, Decreased cocaine demand following contingency man-

agement treatment, Drug Alcohol Depend. 226 (2021) 108883,

doi: 10.1016/j.drugalcdep.2021.108883 . 

152] F.D. Crescenzo, M. Ciabattini, G.L. D’Alò, R.D. Giorgi, C.D. Giovane, C. Cassar,

L. Janiri, N. Clark, M.J. Ostacher, A. Cipriani, Comparative efficacy and accept-

ability of psychosocial interventions for individuals with cocaine and amphetamine

addiction: a systematic review and network meta-analysis, PLOS Med. 15 (2018)

e1002715, doi: 10.1371/journal.pmed.1002715 . 

153] M. Prendergast, D. Podus, J. Finney, L. Greenwell, J. Roll, Contingency manage-

ment for treatment of substance use disorders: a meta-analysis, Addiction 101

(2006) 1546–1560, doi: 10.1111/j.1360-0443.2006.01581.x . 

154] G.F. Koob, N.D. Volkow, Neurocircuitry of Addiction, Neuropsychopharmacology

35 (2010) 217–238, doi: 10.1038/npp.2009.110 . 
11 
155] M.C. Gueguen, E.M. Schweitzer, A.B. Konova, Computational theory-driven studies

of reinforcement learning and decision-making in addiction: what have we learned?

Curr. Opin. Behav. Sci. 38 (2021) 40–48, doi: 10.1016/j.cobeha.2020.08.007 . 

156] C.E. Myers, J. Sheynin, T. Balsdon, A. Luzardo, K.D. Beck, L. Hogarth, P. Haber,

A.A. Moustafa, Probabilistic reward- and punishment-based learning in opioid ad-

diction: experimental and computational data, Behav. Brain Res. 296 (2016) 240–

248, doi: 10.1016/j.bbr.2015.09.018 . 

157] S. Liu, R.J. Dolan, A. Heinz, Translation of computational psychiatry in the context

of addiction, JAMA Psychiatry 77 (2020) 1099–1100, doi: 10.1001/jamapsychia-

try.2020.1637 . 

158] X. Gu, F. Filbey, A. Bayesian, Observer Model of Drug Craving, JAMA Psychiatry

74 (2017) 419–420, doi: 10.1001/jamapsychiatry.2016.3823 . 

159] A. Heinz, F. Schlagenhauf, A. Beck, C. Wackerhagen, Dimensional psychiatry: men-

tal disorders as dysfunctions of basic learning mechanisms, J. Neural Transm. 123

(2016) 809–821, doi: 10.1007/s00702-016-1561-2 . 

160] V. Voon, A. Reiter, M. Sebold, S. Groman, Model-based control

in dimensional psychiatry, Biol. Psychiatry. 82 (2017) 391–400,

doi: 10.1016/j.biopsych.2017.04.006 . 

161] A.T. McLellan, G.F. Koob, N.D. Volkow, Preaddiction —a missing concept for treat-

ing substance use disorders, JAMA Psychiatry (2022), doi: 10.1001/jamapsychia-

try.2022.1652 . 

162] S.W. Yip, D.M. Barch, H.W. Chase, S. Flagel, Q.J.M. Huys, A.B. Konova, R. Mon-

tague, M. Paulus, From computation to clinic, Biol. Psychiatry Glob. Open Sci.

(2022), doi: 10.1016/j.bpsgos.2022.03.011 . 

163] V.M. Brown, J. Chen, C.M. Gillan, R.B. Price, Improving the reliability of

computational analyses: model-based planning and its relationship with com-

pulsivity, Biol. Psychiatry Cogn. Neurosci. Neuroimaging. 5 (2020) 601–609,

doi: 10.1016/j.bpsc.2019.12.019 . 

164] M. Browning, C.S. Carter, C. Chatham, H. Den Ouden, C.M. Gillan, J.T. Baker,

A.M. Chekroud, R. Cools, P. Dayan, J. Gold, R.Z. Goldstein, C.A. Hartley, A. Kepecs,

R.P. Lawson, J. Mourao-Miranda, M.L. Phillips, D.A. Pizzagalli, A. Powers, D. Rind-

skopf, J.P. Roiser, K. Schmack, D. Schiller, M. Sebold, K.E. Stephan, M.J. Frank,

Q. Huys, M. Paulus, Realizing the clinical potential of computational psychiatry:

report from the banbury center meeting, February 2019, Biol. Psychiatry. 88 (2020)

e5–e10, doi: 10.1016/j.biopsych.2019.12.026 . 

165] A. Mkrtchian, V. Valton, J.P. Roiser, Reliability of decision-making and reinforce-

ment learning computational parameters, BioRxiv. (2021) 2021.06.30.450026.

10.1101/2021.06.30.450026. 

166] A. Talwar, F. Cormack, Q.J.M. Huys, J.P. Roiser, Individual variation in risky de-

cisions is related to age and gender but not to mental health symptoms, BioRxiv.

(2022) 2022.07.11.499611. 10.1101/2022.07.11.499611. 

167] R.C. Wilson, A.G. Collins, Ten simple rules for the computational modeling of be-

havioral data, Elife 8 (2019) e49547, doi: 10.7554/eLife.49547 . 

168] A.B. Konova, S. Lopez-Guzman, A. Urmanche, S. Ross, K. Louie, J. Rotrosen,

P.W. Glimcher, Computational markers of risky decision-making for identification

of temporal windows of vulnerability to opioid use in a real-world clinical setting,

JAMA Psychiatry 77 (2020) 368–377, doi: 10.1001/jamapsychiatry.2019.4013 . 

169] R. Smith, S. Taylor, J.L. Stewart, S.M. Guinjoan, M. Ironside, N. Kirlic, H. Ekhtiari,

E.J. White, H. Zheng, R. Kuplicki, M.P. Paulus, T. 1000 Investigators, Slower Learn-

ing Rates from Negative Outcomes in Substance Use Disorder over a 1-Year Pe-

riod and Their Potential Predictive Utility, Comput. Psychiatry. 6 (2022) 117–141,

doi: 10.5334/cpsy.85 . 

170] R. Smith, S. Taylor, E. Bilek, Computational Mechanisms of Addiction: recent

Evidence and Its Relevance to Addiction Medicine, Curr. Addict. Rep. (2021),

doi: 10.1007/s40429-021-00399-z . 

https://doi.org/10.15288/jsad.2017.78.623
https://doi.org/10.1007/s00213-012-2911-x
https://doi.org/10.1016/j.drugalcdep.2016.07.025
https://doi.org/10.1037/a0017513
https://doi.org/10.1007/s00213-013-3312-5
https://doi.org/10.1037/pha0000096
https://doi.org/10.1016/j.beproc.2017.03.017
https://doi.org/10.1002/jeab.121
https://doi.org/10.1016/j.drugalcdep.2007.01.002
https://doi.org/10.1037/ccp0000032
https://doi.org/10.1016/j.drugalcdep.2021.108562
https://doi.org/10.1007/s00213-016-4350-6
https://doi.org/10.1016/j.drugalcdep.2021.108883
https://doi.org/10.1371/journal.pmed.1002715
https://doi.org/10.1111/j.1360-0443.2006.01581.x
https://doi.org/10.1038/npp.2009.110
https://doi.org/10.1016/j.cobeha.2020.08.007
https://doi.org/10.1016/j.bbr.2015.09.018
https://doi.org/10.1001/jamapsychiatry.2020.1637
https://doi.org/10.1001/jamapsychiatry.2016.3823
https://doi.org/10.1007/s00702-016-1561-2
https://doi.org/10.1016/j.biopsych.2017.04.006
https://doi.org/10.1001/jamapsychiatry.2022.1652
https://doi.org/10.1016/j.bpsgos.2022.03.011
https://doi.org/10.1016/j.bpsc.2019.12.019
https://doi.org/10.1016/j.biopsych.2019.12.026
https://doi.org/10.7554/eLife.49547
https://doi.org/10.1001/jamapsychiatry.2019.4013
https://doi.org/10.5334/cpsy.85
https://doi.org/10.1007/s40429-021-00399-z

	Theory-driven computational models of drug addiction in humans: Fruitful or futile?
	1 Introduction
	2 Aberrant reinforcement learning in drug addiction
	3 Goal-directed and habitual control in drug addiction
	4 Cue-elicited urge in drug addiction: an incentive sensitization approach
	5 Exaggerated goal narrowing: addiction from a behavioral economic perspective
	6 Summary and future outlook
	Declaration of Competing Interest
	Funding
	Acknowledgement
	References


