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A B S T R A C T   

Addiction is a complex biopsychosocial phenomenon, impacted by biological predispositions, psychological 
processes, and the social environment. Using mathematical and computational models that allow for surrogative 
reasoning may be a promising avenue for gaining a deeper understanding of this complex behavior. This paper 
reviews and classifies a selection of formal models of addiction focusing on the intra- and inter-individual dy-
namics, i.e., (neuro) psychological models and social models. We find that these modeling approaches to 
addiction are too disjoint and argue that in order to unravel the complexities of biopsychosocial processes of 
addiction, models should integrate intra- and inter-individual factors.   

1. Introduction 

Addiction involves an interplay of many factors: biological in the 
form of genetic predispositions, psychological related to the processes of 
choice and craving, social by for example peer influence, and societal 
factors concerning the availability of substances (Heilig, Epstein, Nader, 
& Shaham, 2016; Reiter, Heinz, & Deserno, 2017; Heyman, 2009; Prom- 
Wormley, Ebejer, Dick, & Bowers, 2017). The interplay between these 
factors makes it intrinsically hard to create theories of addiction. One 
approach to handle this complexity and make progress on theory is 
formal, mathematical, modeling (Borsboom, van der Maas, Dalege, 
Kievit, & Haig, 2021). Formal modeling does not allow ambiguities and 
thus forces us to be very precise. Formal models can be extended and 
integrated into each other, allowing for accumulation of knowledge. 
Models allow us to engage in surrogative reasoning (Swoyer, 1991; 
Robinaugh, Haslbeck, Ryan, Fried, & Waldorp, 2020) as they are rep-
resentations of the real system and by studying these representations we 
can infer and learn about the behavior of the real system. 

This review aims to provide psychological and social scientists 
insight into the others’ approaches, assumptions, and methods. Rather 
than being a systematic, exhaustive review, it is a discussion of a diverse 

selection of interesting behavioral-focused models. In addition, it offers 
a way of classifying models from these domains. We start with formal 
psychological models of addiction. The second section focuses on 
models taking the role of the social environment into account. We 
conclude this review by discussing the findings and suggesting future 
model-development. 

2. (Neuro-) psychological theories and mathematical 
implementations 

Psychological theories and models of addiction can roughly be 
divided into two classes: theories representing the mechanisms that 
generate the desire to self-administer drugs, and theories of the decision- 
making and self-control mechanisms that ultimately result in whether or 
not the desired drug is administrated. These conceptual theories are 
often synergistic with others and could be integrated using formal 
models, something recent research has called for Robinson and Berridge 
(1993) and Gueguen, Schweitzer, and Konova (2021). 

Theories are explained briefly and a selection of formal models 
representing or using these theories are reviewed. For a more extensive 
explanation of a selection of theories, we refer to the review of Bickel 
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et al. (2018). Tables 1 and 2 give an overview of all models discussed, 
including their scope both in terms of type of drug and stage of addiction 
described. They also include the type of validation performed and give 
an indication of the level of abstraction used. A high level of abstraction 
indicates that phenomena and patterns are described in an abstract, 
simple way. This makes it easier to learn about that representation but 
comes at the cost of some realism. Finally, the tables include which type 
of mathematical framework is used, giving an indication of the type of 
the main variables and methods used. While we discuss some models 
that focus on the psychophysiological effects of drug intake, we refer to 
the recent work by Mollick and Kober (2020) for a more in-depth review 
of models of this type. 

2.1. Drug desire mechanisms 

We can divide the first class of theories—mechanisms that generate 
the desire to self-administrate drugs—furthermore into two subclasses: a 
class of theories in which dopamine plays a vital role in the reward 
signal system, investigating the dynamics which result in the ‘high’ of 
drug intake, and a class of theories based on the assumption that the 
brain aims to keep homeostasis, counteracting the drug’s effects. We 
discuss these two subclasses below. 

2.1.1. Dopamine function models 
Behavior highly depends on the processes of identifying, judging, 

and pursuing goals. The idea that the dopaminergic system is a central 
part of these processes has been longstanding (McClure, Daw, & Read 
Montague, 2003; Keramati, Ahmed, & Gutkin, 2017). There are clear 
pharmacodynamic differences in the way different drugs increase 

dopamine levels, sometimes making these models not universal (Bad-
iani, Belin, Epstein, Calu, & Shaham, 2011). For some addictive sub-
stances the centrality of the mesocorticolimbic dopamine system has 
even been questioned. Multiple different theories on the exact role of 
dopamine have been posited. The two main ideas are dopamine being a 
reward signal in temporal difference reinforcement learning (TDRL), and 
the theory of incentive salience or incentive sensitization (McClure et al., 
2003). They share the result that increased dopamine activation in-
creases the desire of choosing the action that leads to reward, and that 
addiction can be seen as the result of some dysfunction in the dopamine 
circuitry. 

In TDRL approaches, an individual learns the value of different 
‘states’: the outcomes of decisions depending on the previous state. 
These values are updated by prediction errors if outcomes occur that are 
different from the expected value. Redish (2004) models cocaine 
addiction by adding a noncompensable drug-induced dopamine surge to 
the TDRL model. Here, drugs produce a positive reward-error signal 
independent of the change in value function, making it impossible to 
learn a value function to mitigate this dopamine surge. The model then 
can describe how the pattern of initiation of self-administration can 
evolve within different availability constraints. However, in this model 
cocaine-induced dopaminergic responses do not accommodate at all and 
thus keep increasing infinitely, while biological compensation mecha-
nisms likely limit the maximal effect of cocaine on the neural systems 
(Keramati et al., 2017; Redish, 2004). This issue is tackled by Dezfouli 
et al. (2009), who introduce a weighting factor on dopamine response as 
well as rewards, keeping the value of states finite. This way, the value of 
the drug choice is increased compared to other expected rewards, but 
the total remains finite. Relative expected rewards from the environ-
ment are then decreased, which can be seen as incentive salience of drug 
rewards in the incentive sensitization theory. 

Redish, Jensen, Johnson, and Kurth-Nelson (2007) add a situation 
recognition process to the TDRL model. In TDRL, extinction is modeled 
by unlearning. This makes it impossible to quickly relearn associations, 

Table 1 
Structure of models and their characteristics. Drug shows whether the model is 
applied to a specific drug, or if it describes a general phenomena in addiction. 
Stages shows which stage of the addiction process the models describe. Method 
explains the mathematical framework the models are based on, giving an indi-
cation of the type of variables used. The Scale is an arbitrary indication of the 
level of modeling. At 1: pharmakinetic models, modeling real molecules in the 
brain, 2: pharmakinetics with arbitrary units, 3: Cognitive, 4: Abstract Cognitive, 
where representation of variables are abstract, 5: Behavioral: focused not on 
correct inner workings but on resulting behavior. Validation methods are as 
follows: Qualitative (QL): validation matches behavior as qualitatively observed, 
QL-D: qualitative behavior matched with population level data. QN: quantitative 
data such as questionnaires, and ANML: animal behavior data.   

Model Drug Stages Method Scale Val 
Drug Desire 
Mechanisms 

General, 
Nicotine, 
Cocaine, 
Opioids 

Initial, 
Stable, 
Recovery  

1–5 QL, QN, 
QL-D, 
ANML 

Dopamine 
Function       

(Redish, 
2004) 

G I TDRL 2 QL  

(Dezfouli 
et al., 2009) 

C I, S TDRL 2 QL  

(Redish 
et al., 2007) 

G I, R TDRL 2 ANML  

(Zhang 
et al., 2009) 

G I, S TDRL 1 ANML  

(Keramati 
et al., 2017) 

C I, S, R HRL 1 ANML  

Opponent 
Process       

(Ahmed & 
Koob, 2005) 

C I Diff. 
Eq. 

2 QL  

(Amigó 
et al., 2008) 

C I Diff. 
Eq. 

3 QL  

(Caselles 
et al., 2010) 

C I, S Diff. 
Eq. 

3 QL  

(Bobashev 
et al., 2017) 

N I, S, R Diff. 
Eq. 

4 QL-D  

Table 2 
Continuation of 1, for decision-making models.  

Decision Making Process      

Behavioral economics       
(Becker & Murphy, 
1988) 

G I, S, 
R 

Utility F 4 QL  

(Orphanides & Zervos, 
1995) 

G I, S Utility F 4 QL  

(O’Donoghue & Rabin, 
1999) 

G I, S, 
R 

Utility F 4 QL  

(Gruber & Koszegi, 
2001) 

N I, R Utility F 4 QL- 
D  

(Wang, 2007) G I, S, 
R 

Utility F 4 QL  

(Field et al., 2019) G S, R Diffusion 2 QL  

Dual 
Process        

(Bernheim & Rangel, 
2004) 

G S Utility F 4 QL  

(Siegelmann, 2011) G I, S, 
R 

Functions 5 QL  

(Redish & Johnson, 
2007) 

O I, S TDRL Utility 
F 

3 QL  

Strength Theory       
(Grasman et al., 2012) N I, S, 

R 
Diff. Eq. 
Stoch. 

3 QL- 
D  

(Grasman et al., 2016) G I, S, 
R 

Diff. Eq. 
Stoch. 

3 QL- 
D  

(Duncan et al., 2019) G S, R Diff. Eq. 4 QL- 
D  

Multi-Level       
(Levy et al., 2013) G I, S, 

R 
Diff. Eq. 3–5 QL- 

D  
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and therefore normal TDRL is unable to model the rapid reacquisition of 
addictive behavior occurring during relapse (Bouton, Winterbauer, & 
Todd, 2012). The added recognition process categorizes observed cues 
into situations, making it possible to remember and recognize them and 
thus to model the rapid relearning of relapse accurately. 

Zhang, Berridge, Tindell, Smith, and Aldridge (2009) model incen-
tive salience based on an adjusted reinforcement model. They add a 
physiological factor, or ‘gating parameter’ κ, in the obtained reward of 
the value function. They discuss two ways in which this factor can be 
implemented: as a multiplication of the reward function or an addition 
to it using logκ. This gating parameter depends on the physiological state 
and thus can represent either sensitization or satiation. 

Keramati, Durand, Girardeau, Gutkin, and Ahmed (2017) continue 
on the model of Zhang et al. (2009) with the homeostatically regulated 
reinforcement learning model. Instead of a single internal variable κ, they 
propose that the reward is calculated depending on the internal state at 
the time of the action. Here the pathology is not in the rewards system 
but in the ‘needs’ machinery. They are able to show that seeking rewards 
is equivalent to the more fundamental objective that is physiological 
stability, and that a disruption can lead to over-consumption. 

2.1.2. Opponent-process theory 
The opponent-process theory, first described by Solomon and Corbit 

(1974), describes the dynamics of acquired motives, including addictive 
substance use Koob and Le Moal (2008). The theory is based on the 
assumption that the brain self-organizes to keep homeostasis: opposing 
hedonic processes and emotional arousal, regardless of whether they 
were generated by positive or negative stimuli. The opponent-process 
counteracts the effects of drug intake (different for each drug, and 
especially strong with opioids (Badiani et al., 2011)). It occurs on longer 
timescales and is therefore still active while the surge of the drug has 
subsided. The theory aims to explain phenomena such as falling into 
addiction, craving, building tolerance, and eventually overcoming 
addiction. 

Ahmed and Koob (2005) use the opponent-process theory to inte-
grate pharmacokinetic, pharmacodynamic, and motivational variables 
in a single model of cocaine intake. It uses a dual compartment system of 
nonlinear dynamics: one system to account for brain concentration and 
reward responsivity, and another threshold system which includes 
motivation to simulate intravenous self-administration. Using this they 
simulate accurately the allostatic effects on the reward function as well 
as sensitization. 

Amigó, Caselles, and Micó (2008) connected this hedonic state with 
personality traits of introversion and extraversion. Certain personality 
types have a higher risk for certain substances (Conrod, Pihl, Stewart, & 
Dongier, 2000), and by using a nonlinear dynamics implementation of 
the opponent-process, they show how different personalities react 
differently to a single dose of cocaine. Caselles, Micó, and Amigó (2010) 
continue on this model by integrating the unique personality trait theory 
with the acute effect of drugs and addiction. Modeling periodical drug 
intake, they show that initially, a user is increasingly extroverted. 
However, over time habituation results in a decrease of activation level 
to below baseline levels, pushing the user to be more introverted. 

Bobashev, Holloway, Solano, and Gutkin (2017) have created an 
abstract nonlinear dynamical model of smoking based on the opponent- 
process and the allostatic theory. They use a system of five differential 
equations, each dependent on the previous, with the first representing 
the hedonic result of drug input. Each ‘process’ has a delay over the one 
it is based on. They assign abstract theoretical meaning to these equa-
tions, going from short term hedonic drug effect to the opponent- 
process, habit, and eventually long term hedonic memory of the drug 
which has a timescale of years. Then using these processes, they define a 
threshold for self-administration actions and equations for levels of 
withdrawal and craving. 

2.2. Decision-making theories 

The previous section focused on the strength of desires and the 
mechanisms that make self-administration attractive. These theories do 
not yet incorporate cognitive aspects to addiction; individuals often 
know that the pleasure of taking drugs does not weigh up to the costs, 
yet they still choose to take them, making addictive behavior seem ir-
rational and self-defeating (Stacy & Wiers, 2010; Bickel et al., 2018; 
Wiers, Le Pelley, Harbecke, & Herrmann-Pillath Routledge, 2020). In 
this section, different theories and formal models to describe the 
decision-making process resulting in this contradictory behavior are 
discussed. Broadly, these can be categorized into three classes: rational 
choice models based on behavioral economics, dual-process systems, 
and models that focus on self-control. 

2.2.1. Behavioral economics 
Behavioral economic theory is based on the assumption that an indi-

vidual acts rationally in its consumption of goods and services to 
maximize their utility: their satisfaction within their capabilities and 
resources. The value of a good depends on its benefit/cost ratio 
compared to all other possible actions. This concept has given economic 
researchers a generalizable modeling framework, which has been 
applied to many decision-making scenarios (Hommes, 2013). This 
behavioral economic framework was adjusted and applied to addiction 
by Becker and Murphy (1988) creating a new approach to studying 
addiction: the theory of rational addiction (RA) (Rogeberg, 2020; Fergu-
son, 2000). 

In the RA model, individuals with nicotine addiction maximize value 
through balancing tolerance, withdrawal, and reinforcement: con-
sumption of an addictive good gives a higher return on consumption in 
the future, while also decreasing baseline utility. This feedback can 
cause moderate use states to become unstable, and small deviations can 
lead to a large increase in consumption over time, or to sudden 
abstention. The model can account for binges, responses on price 
change, anxiety and stress can precipitating addiction. However, in this 
model, only stopping ‘cold turkey’ can be used to end addiction. 

Delay-discounting can be used to provide an explanation for impul-
sivity as well as loss of control as drug dependence increases (Bickel & 
Marsch, 2001). Later models added imperfections in the decision- 
making process, creating imperfectly rational models (Sloan & Wang, 
2008). Examples are time-inconsistent preferences (O’Donoghue & 
Rabin, 1999; Gruber & Koszegi, 2001), wrongfully perceiving proba-
bilities of results of their behaviors, or imperfect information about 
decisions (Wang, 2007). Other additions are models where, for example, 
youths have imperfect information about the propensities of becoming 
addicted, which results in experimentation escalating to addiction 
(Orphanides & Zervos, 1995). 

Field et al. (2019) apply a different approach used in behavioral 
economics: value-based decision making (Rangel, Camerer, & Montague, 
2008). In their rendition, they assume that an individual’s speed and 
accuracy in the estimation of the perceived value are the results of an 
internal drift–diffusion process. In this process, internal evidence for 
each possible choice accumulates over time. Random noise is added 
representing uncertainty. When one of the possibilities has accumulated 
enough evidence to reach a threshold, it will be the chosen action. The 
rate of evidence accumulation is then different for substance-related 
choices for an addicted individual. However, self-control can counter 
the faster discounting and possibly change the outcome. Recovery can 
be accounted for by a change in parameters. As there is an interaction 
effect between multiple parameters, a simultaneous intervention on 
different vulnerabilities would yield the best results. 

2.2.2. Dual-process system 
The theory of dual-processes, or dual-decision systems (Bickel et al., 

2007), hypothesizes that two different decision-making systems 
compete: the ‘hot mode’, the reward-driven, impulsive subcortical 
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system, pulling towards choosing short-term pleasure over long-term 
consequences, and the ‘cold mode’, the prefrontal cortex executive con-
trol system, capable of long-term planning, complex decision making, 
and behavioral inhibition (Metcalfe & Mischel, 1999; Strack & Deutsch, 
2004). These two systems are normally in balance, and a person is able 
to flexibly modulate behavior in accordance with many different situa-
tions. In certain cases the decision-making process can be ‘overruled’ by 
emotions, taking over from the normal objective value estimating pro-
cess (Loewenstein, Weber, Hsee, & Welch, 2001). In the case of addic-
tion, the impulsive system is hypothesized to dominate control (Bechara, 
2005; Stacy & Wiers, 2010; Bickel et al., 2007). More recently the dual- 
process theory has received criticism on its explanatory strength and 
predictive power as a result of its binary nature (Keren & Schul, 2009), 
making the similar but more nuanced models of self-control, discussed 
in the section below, an interesting alternative. 

A specific instance of a dual-process model is the model of Bernheim 
and Rangel (2004). It models environmental cues as stochastic processes 
that can cause either the hot or cold mode dominate control in the de-
cision-makers’ brain. It then describes how the model accounts for 
distinctive features of addiction, such as unsuccessful attempts to quit, 
self-described mistakes, and the role of self-control. Furthermore, the 
authors give policy objectives based on their model. 

Redish and Johnson (2007) combine the dual-process system with 
temporal-difference reinforcement mechanisms and a situation- 
recognition component in an attempt to form a unified theory of 
decision-making processes. When the planning component reaches a 
goal with a high value, a strong desire, or craving is triggered. Their 
model also implements sensitization: in certain repeated situations it 
remembers that a high-value outcome can be reached. This triggers 
craving and the individual then limits the exploration of other possi-
bilities, appearing as cognitive blinding, or obsession. The authors 
continue on this path by creating a theory for a unified framework for 
addiction, based on vulnerabilities in the decision process in the three 
systems (Redish, Jensen, & Johnson, 2008). While not a formal model, 
this theory could provide a good basis for future formal models of the 
decision-making process. 

Siegelmann (2011) uses the dual-process system as a basis for a 
dynamical-systems model. It is composed of two main equations: one 
representing the internal processes such as craving, or strength of inhi-
bition, and another one representing the actual decision-making pro-
cess. Instead of a binary hot or cold mode, decisions are dependent on a 
scaling emotional-cognitive rationality factor as well as the physiolog-
ical state. This factor is influenced by environmental drug cues and 
factors such as stress. It has a certain recovery rate as well, making it act 
similar to the self-control discussed in the following section. 

2.2.3. Self-control and strength theory 
In strength theory, self-control can be seen as an abstract finite 

resource, which costs effort to exert, which in terms of the dual-process 
view, limits the strength of the impulsive, short term decision-making 
system. When this resource runs out, an individual has impaired self- 
control, termed ego-depleted (Baumeister, Bratslavsky, Muraven, & 
Tice, 1998; Baumeister, Vohs, & Tice, 2007). When ego-depleted, one is 
less capable of putting long term goals over short term desires. In the 
case of addiction, it means that they are less able to hold off their desire 
for self-administration. Many tasks cause ego-depletion: from regulating 
attention, making choices and thinking analytically, to overriding some 
desires in favor of others. 

Grasman, Grasman, and van der Maas (2012, 2016) developed an 
abstract dynamic systems model using a two-state system of abstract 
notions of craving and self-control. Self-control can be decreased by the 
amount of craving or by giving into the craving, however, it is restored 
over time. They use a stochastic process to model external cues, which 
influence the amount of craving. These then determine the extent of 
addiction. Using empirically obtained data on alcohol and nicotine re-
covery rates to determine the parameters, the model is then able to 

explain the bi-stability of the system, where an outside cue could drive 
the system state from non-addicted to addicted. 

Duncan, Aubele-Futch, and McGrath (2019) use a mathematical 
approach to analyzing relapse-recovery cycles. They create a fast-slow 
dynamical system existing of two coupled differential equations: the 
‘level of craving’ and the ‘mood’. Mood changes are a fast process while 
craving is slower, increasing over time of abstinence. This simple system 
has bifurcations, which represent falling into depression caused by 
abstinence, and relapse. Using the coupling of mood and craving this 
model is able to predict relapse frequency with psychologically relevant 
parameters, and it can be used to measure the relationships between 
treatment and relapse frequency. 

2.2.4. Multi-scale models 
Levy, Levy, Meyer, and Siegelmann (2013) combine multiple com-

ponents of neuropsychology, cognition, and behavior in a single 
knowledge repository nonlinear dynamical model (Bobashev, Costen-
bader, & Gutkin, 2007). It is an extension of the rationality model of 
Siegelmann (2011) with added components such as stress, pain, and 
craving. Because the more than 70 parameters are separated into mul-
tiple components, each of which can be analyzed individually with 
empirical data, calibration and validation are claimed to still be 
attainable, although additional investigation is necessary. However, 
surrogative reasoning using such a complex model is very hard none-
theless. The preliminary main result of the model is that intervention 
efficacy is increased by combining pharmacological treatment along 
with counseling therapies. 

3. Social models 

Although the influence of social environments consists of complex 
processes and is hard to measure empirically (Birk et al., 2020), the 
social environment has a high impact on many stages of addiction 
(Heyman, 2009). Important factors for initial use include parental 
modeling of drug use and involvement with drug-using peers (Gorsuch 
& Butler, 1976). Peer pressure has influence on initiation as well as on 
drug abuse (Borsari & Carey, 2001; Larsen, Overbeek, Granic, & Engels, 
2012). Social norms and stigmatization of illicit drugs and addiction can 
make it harder to seek or find help (Heyman, 2009). Also recovery is 
affected and social support is an essential part of the success of treat-
ments (Meyers, Roozen, & Smith, 2011; Higgins, Heil, & Lussier, 2004). 
In addition, drug abuse impacts an individuals’ social network over time 
as well, which in turn has influence on the abusive behavior of the 
individual. 

The occurrences of waves of drug epidemics such as the prescription 
opioid crisis spreading over a population are a clear example of the 
magnitude of the effects a social environment can have (Heyman, 2009), 
and confirm that in order to accurately represent addictive behavior in a 
formal model, the impact of social environments should be taken into 
account. Therefore, this section focuses on inter-individual models, 
divided into epidemiological models and agent-based models. Epidemio-
logical models treat the spread of addictive behavior via social in-
teractions as similar to the spread of infectious diseases. Agent-based 
models consider each individual, or agent, to make its own decisions 
depending on individual variations in psychology and local 
environment. 

3.1. Epidemiological models 

The spread of infectious diseases and social contagious issues such as 
addiction have many similar characteristics; the use of the word epidemic 
when talking about the rapid spread of drug-use is indicative. Mathe-
matical epidemiology is a field of research that is well-developed, and 
using the experience in this field offers obvious opportunities when 
modeling addiction and other social contagion issues (Pastor-Satorras, 
Castellano, Van Mieghem, & Vespignani, 2015). Epidemiology aims to 
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understand the prevalence and distribution of a disease on a population- 
level. It distinguishes individuals only by placing them into different 
compartments of physiological state, with certain rules on how transi-
tions between compartments occurs. We discuss two subclasses of 
epidemiological models: non-structured models that ignore the exact 
social structure of individuals in a population, and structured models 
that incorporate spatial or social structures in a population. 

3.1.1. Non-structured epidemiological models of addiction 
White and Comiskey (2007) created a model using three states: 

‘susceptible’1, ‘using while not in treatment’, and ‘using while in treat-
ment’. They demonstrated that the spread was most dependent on the 
rate at which the susceptible population transfers to the addicted one. 
Rather than focusing on recovery, reducing this initial descent into 
addiction is highly important, and they conclude that prevention should 
be the highest priority on policies. Battista (2015) adds a recreational- 
use population to this model. Battista, Pearcy, and Strickland (2019) 
also adjusts the model of White and Comiskey (2007) by adding a pre-
scribed but not addicted population, modeling the opioid epidemic. 

A series of models on alcohol abuse started with the work of Sánchez, 
Wang, Castillo-Chávez, Gorman, and Gruenewald (2007). They created 
a model consisting of ‘susceptible individuals’, ‘problem drinkers’, and 
‘temporarily recovered individuals’. Buonomo, Giacobbe, and Mulone 
(2019) extend this by splitting problem drinkers into people that admit 
they have a problem and those who do not, resulting in a stable binge- 
drinking endemic state. Similarly, Manthey, Aidoo, and Ward (2008) 
apply this to model the spread of problematic drinking behavior in 
college. Walters, Straughan, and Kendal (2013) add complete recovery 
and look into what policymakers should focus on to reduce the total 
population of problem drinkers. Their results are similar to the ones of 
White and Comiskey (2007) and Manthey et al. (2008) in that preven-
tion is better than cure. It is important to note however, that while the 
models discussed above can be good representations, they are all purely 
theoretical and have not been validated. 

3.1.2. Structured epidemiological models on addiction 
Spatial compartment models in epidemiology separate the population 

into different states, but also in spatial compartments. While in these 
compartments homogeneous mixing still occurs, there is added 
complexity in the mixing and spread to and from spatial compartments. 
A simple implementation of this is the model of Mubayi, Greenwood, 
Castillo-Chávez, Gruenewald, and Gorman (2010), that continues the 
work of Manthey et al. (2008) by adding a low and high-risk drinking 
environment. Moderate drinkers can move in between them, making it 
possible to better study the effects of increased recruitment to high-risk 
environments. They conclude that policies reducing transitions to initial 
use and heavy use should be prioritized. 

Social network structures representing the specific social connec-
tions of individuals are even more accurate descriptions of connectivity. 
Recently, these social networks can be obtained via empirical data, such 
as the Framingham Heart Study (Mahmood, Levy, Vasan, & Wang, 2014; 
Christakis & Fowler, 2013) or AddHealth Study (Jeon & Goodson, 2015; 
Harris & Udry, 2018). Therefore network epidemics can be used to 
improve models on spreading dynamics (Pastor-Satorras et al., 2015). 
The work done using these data confirms that the spread of social con-
tagious issues can be modeled accurately with epidemiological methods. 

Bahr, Browning, Wyatt, and Hill (2009) model social contagion of 
obesity, which arguably has similar neurobiological properties as 
addiction (Volkow, Wang, Tomasi, & Baler, 2013). They implement 
multiple structures, such as a compartmental square lattice, and hypo-
thetical social networks with similar characteristics as real-world social 

networks such as small-world and random networks (Newman, 2010). 
They find that obesity can quickly spread in the whole population on all 
structures, but that pinning the BMI of some healthy individuals can 
stabilize clusters. 

Hill, Rand, Nowak, and Christakis (2010b) apply an infectious dis-
ease model to the social network of the Framingham Heart Study data. 
They use obesity as a case study, but mention that their model applies to 
smoking cessation and alcohol consumption and abstinence as well. 
They add a possibility for spontaneous non-social infection to the SIR 
model, creating the SISa model. Using regression of the data they obtain 
values for the parameters in the SISa model and show that the obesity 
epidemic may be driven by increasing rates of becoming obese both via 
spontaneous as well as by social transmission. Hill et al. (2010b) sub-
sequently use the fitted SISa model to make predictions and analyze the 
course of the spread. While in other statistical-physics-based models 
obesity quickly reaches 100% (Bahr et al., 2009), the network-based 
SISa predicts an endemic state of 42%, or between 25% and 54% with 
95% confidence (Hill et al., 2010b). Using sensitivity analysis, they show 
that the spontaneous infection and recovery rates have much larger ef-
fects than the social infections for the obesity prevalence, but the 
interpersonal transmission rates are increasing and do contribute 
significantly to the overall prevalence. While substantial, these rates are 
not high enough for clustering to occur. Hill, Rand, Nowak, and Chris-
takis (2010a) apply the SISa model also on emotional state and perform 
similar analyses. They find that the emotional states are also social- 
contagious; content and discontent can spread between socially con-
nected individuals. 

3.2. Agent-based models 

Agent-based models (ABM) are a class of complex system models 
existing of interacting autonomous individuals, or agents. Instead of 
looking at a system as a whole, as in SIR models, ABMs define rules and 
interactions for each agent. These agents then interact with each other 
and with the environment of their simulated, simplified world. These 
rules and interactions can range in complexity and can be extended to 
include stochasticity, learning, and many other mechanisms. Agent- 
based models are most useful if the agents’ interactions impact the 
emergent behavior of the system, when spatial dynamics are applicable, 
time-symmetry is not satisfied, and when the agents can adapt to in-
terventions and changes. All of these are very relevant to the social 
spreading of addiction, which makes it a promising field (Castellani, 
Barbrook-Johnson, & Schimpf, 2019). Behaviors that are well-described 
using ABMs in addiction are mostly the adaptations agents make to 
changes in the physical environment. Examples are how agents adapt to 
changes in availability, or how different housing and drug-related lo-
cations impacts heavy use. 

Below we review ABMs on substance use and abuse. They can be 
divided into two subclasses: epidemic ABMs that extend on the epide-
miological modeling discussed above, and stylized ABMs implementing 
a simulated environment with complex interacting agents, attempting to 
re-create and predict behavior of addiction. 

3.2.1. Epidemic agent-based models 
Gorman, Mezic, Mezic, and Gruenewald (2006) have created a model 

that is a mix between an ABM and a SIR model on a one-dimensional 
lattice. Each spatial compartment can be seen as a certain house, 
room, or pub. Next to the SIR states, some agents are set to always be 
abstaining. The agents can stochastically move about the lattice, with 
the probability of starting to drink depending on the relative amount of 
drinkers at their site. Similarly, stopping depends on the number of 
people already abstaining. 

Ip et al. (2005) apply a similar idea to a college population, simu-
lating the drinking culture at a college. The multiple compartments are 
the different starting years, with every year there an influx of freshmen 
and outflux of the senior population. Interactions are different 

1 Note that the epidemiological term ‘susceptible’ describes healthy in-
dividuals that can become addicted, and does not indicate individual differ-
ences in terms of susceptibility to addiction. 
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depending on each compartment, and parameters and initial conditions 
are set to match qualitative survey data. Different scenarios were tested 
to see the effects of higher conductivity or relapse numbers. 

3.2.2. Stylized agent-based models 
Stylized ABMs have fully individual agents with complex, heuristic 

decision making, and a complex environment to interact with Epstein 
(2012). These models range widely in their complexity and can reach an 
ontology of over 50 variables (Lamy, Perez, Ritter, & Livingston, 2005). 
Many different subjects have been researched using these ABMs. 
Methods vary significantly, and psychological foundation on the agents’ 
rules are often lacking, as the field is not yet mature. The subjects that 
have been researched using stylized agent-based models are: drug epi-
demics (Agar & Wilson, 2002), effects of the workings of a local heroin 
market (Hoffer, Bobashev, & Morris, 2009; Hoffer, Bobashev, & Morris, 
2012), alcohol-related problems (Lamy et al., 2005), college students’ 
personality and party drinking behavior (Garrison & Babcock, 2009), 
weekend drug-related harms (Moore et al., 2009; Scott et al., 2016), and 
binge drinking (Giabbanelli & Crutzen, 2013). Their main characteris-
tics are summarized in Table 3. 

4. Discussion 

In this paper, we reviewed psychological and social approaches to 
modeling addiction. We found that psychological models, summarized 
in Table 1 and 2, often focus on drug desire mechanisms and decision- 
making processes. The impact of the social environment was often 
ignored or implemented as a one-directional covariate. Validation too 
proves to be challenging. Most models either depend solely on (ever- 
changing) theoretical consensus, or are based on animal data. Psycho-
logical models often describe specific processes, and while they can be 
accurate descriptions of some aspects of addiction, they are often too 
specific. Improvements on integrating these existing psychological 
models could already provide an interesting way to create more intricate 
and more general models. 

Social models on the spread of addiction often apply epidemiological 
modeling. This field has seen great progress in the past decades, but 
severe limitations remain. As the exact structure of social networks is 
unclear, many successful models in epidemiology completely forgo this 
structure. In addition, the exact process of contagion of addiction is not 
well understood, especially compared to the tractable spread of virus 
particles in traditional epidemiology. These limitations result in 
restrictive assumptions and thus abstract implementations. While this 
works well when examining populations as a whole, it may be less 
insightful when more detailed processes such as intra-individual dy-
namics are included. Agent-based models are promising as they are 
capable of implementing both intra- and inter-individual dynamics. 
However, this field is not yet mature regarding addiction; models 
implementing a social environment are scarce and the psychological 
foundation of the agents’ decision-making dynamics is very limited. 

In conclusion, while it is clear that psychological processes as well as 
social interactions play a pivotal role in all stages of addiction, our re-
view suggests that the two main modeling approaches are currently 
disjoint; we found no published computational model that incorporated 
both psychological and social dynamics. To improve our understanding 
of the biopsychosocial issue of addiction, it is critical to understand the 
feedback loops that social interactions have on the inner workings of an 
individual, as well as the influence the individual has on his peers (Heilig 
et al., 2016; Reiter et al., 2017). 

Future work should focus on implementing progress made in both 
fields. Integrating certain models from both disciplines described in this 
review could already provide more intricate models. For example, an 
agent-based model of interacting agents in a social network (Gueguen 
et al., 2021) where the agents are equipped with sound decision-making 
behavior based on psychological theory, could lead to advancements in 
both fields. Alternatively, recent research has suggested that the 

dynamics of social decision-making are of similar cognitive nature to 
some of the internal models described in this review (Rilling & Sanfey, 
2011; Sanfey, 2007; Cacioppo et al., 2007; Smith & DeCoster, 2000), 
making modeling social decision-making as well as drug-use behavior 
within an integrated model an interesting way forward as well. 

By combining the modeling work of psychological and social scien-
tists in this review, we aim to present both sides a view into the others’ 
approaches, assumptions, and methods. We believe that the complexity 
of addiction can only be unraveled when both these approaches are 
taken into account, and encourage the simultaneous modeling of intra- 
and interpersonal dynamics to further the understanding of addictive 
behavior. 
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Caselles, A., Micó, J. C., & Amigó, S. (2010). Cocaine addiction and personality: A 
mathematical model. British Journal of Mathematical and Statistical Psychology, 63(2), 
449–480. https://doi.org/10.1348/000711009X470768 

Castellani, B., Barbrook-Johnson, P., & Schimpf, C. (2019). Case-based methods and 
agent-based modelling: bridging the divide to leverage their combined strengths. 
International Journal of Social Research Methodology, 22 (4), 403–416. Retrieved 
from doi: 10.1080/13645579.2018.1563972. 

Christakis, N. A., & Fowler, J. H. (2013). Social contagion theory: examining dynamic 
social networks and human behavior. Statistics in Medicine, 32(4), 556–577. https:// 
doi.org/10.1002/sim.5408 

Conrod, P. J., Pihl, R. O., Stewart, S. H., & Dongier, M. (2000). Validation of a system of 
classifying female substance abusers on the basis of personality and motivational risk 
factors for substance abuse. Psychology of addictive behaviors, 14(3), 243. 

Dezfouli, A., Piray, P., Keramati, M. M., Ekhtiari, H., Lucas, C., & Mokri, A. (2009). 
A neurocomputational model for cocaine addiction. Neural computation, 21(10), 
2869–2893. https://doi.org/10.1162/neco.2009.10-08-882 

Duncan, J. P., Aubele-Futch, T., & McGrath, M. (2019). A Fast-Slow Dynamical System 
Model of Addiction: Predicting Relapse Frequency. SIAM Journal on Applied 
Dynamical Systems, 18 (2), 881–903. Retrieved from doi: 10.1137/18M121410X. 

Epstein, J. M. (2012). Generative Social Science: Studies in Agent-Based Computational 
Modeling. Princeton: Princeton University Press. Retrieved from doi: 10.1515/ 
9781400842872. 

Ferguson, B. S. (2000). Interpreting the rational addiction model. Health Economics, 9(7), 
587–598. https://doi.org/10.1002/1099-1050 

Field, M., Heather, N., Murphy, J. G., Stafford, T., Tucker, J. A., & Witkiewitz, K. (2019). 
Recovery From Addiction: Behavioral Economics and Value-Based Decision Making. 
Psychology of Addictive Behaviors. https://doi.org/10.1037/adb0000518 

Garrison, L. A., & Babcock, D. S. (2009). Alcohol consumption among college students: 
An agent-based computational simulation. Complexity, 14(6), 35–44. https://doi. 
org/10.1002/cplx.20259 

Giabbanelli, P., & Crutzen, R. (2013). An Agent-Based Social Network Model of Binge 
Drinking Among Dutch Adults. Journal of Artificial Societies and Social. Simulation, 
16(2). https://doi.org/10.18564/jasss.2159. Retrieved from http://jasss.soc.surrey. 
ac.uk/16/2/10.html. 

Gorman, D. M., Mezic, J., Mezic, I., & Gruenewald, P. J. (2006). Agent-Based Modeling of 
Drinking Behavior: A Preliminary Model and Potential Applications to Theory and 
Practice. American Journal of Public Health, 96(11), 2055–2060. https://doi.org/ 
10.2105/AJPH.2005.063289 

Gorsuch, R. L., & Butler, M. C. (1976). Initial drug abuse: A review of predisposing social 
psychological factors. Psychological Bulletin, 83 (1), 120–137. (Place: US Publisher: 
American Psychological Association) doi: 10.1037/0033-2909.83.1.120. 

Grasman, J., Grasman, R. P., & van der Maas, H. L. (2012). Transitions in Smoking 
Behaviour and the Design of Cessation Schemes. PLoS ONE, 7(10). https://doi.org/ 
10.1371/journal.pone.0047139 

Grasman, J., Grasman, R. P. P. P., & van der Maas, H. L. J. (2016). The Dynamics of 
Addiction: Craving versus Self-Control. PLOS ONE, 11(6), Article e0158323. https:// 
doi.org/10.1371/journal.pone.0158323 

Gruber, J., & Koszegi, B. (2001, nov). Is Addiction Rational? Theory and Evidence. The 
Quarterly Journal of Economics, 116 (4), 1261–1303. Retrieved from doi: 10.1162/ 
003355301753265570. 

Gueguen, M. C., Schweitzer, E. M., & Konova, A. B. (2021). Computational theory-driven 
studies of reinforcement learning and decision-making in addiction: what have we 
learned? Current Opinion in Behavioral Sciences, 38, 40–48. https://doi.org/10.1016/ 
j.cobeha.2020.08.007 

Birk, H. R., & Samuel, G. (2020). Can digital data diagnose mental health problems? A 
sociological exploration of ‘digital phenotyping’. Sociology of Health & Illness, 42 
(8), 1873–1887. Retrieved from doi: 10.1111/1467-9566.13175. 

Harris, K.M., & Udry, J.R. (2018). National Longitudinal Study of Adolescent to Adult 
Health (Add Health), 1994–2008 [Public Use]. Carolina Population Center, 
University of North Carolina-Chapel Hill [distributor], Inter-university Consortium 
for Political and Social Research [distributor]. doi: 10.3886/ICPSR21600.v21. 

Heilig, M., Epstein, D. H., Nader, M. A., & Shaham, Y. (2016). Time to connect: Bringing 
social context into addiction neuroscience. Nature Reviews Neuroscience, 17(9), 
592–599. https://doi.org/10.1038/nrn.2016.67 

Heyman, G. M. (2009). Addiction: A disorder of choice. Harvard University Press.  
Higgins, S. T., Heil, S. H., & Lussier, J. P. (2004). Clinical implications of reinforcement 

as a determinant of substance use disorders. Annual Review of Psychology, 55, 
431–461. https://doi.org/10.1146/annurev.psych.55.090902.142033 

Hill, A. L., Rand, D. G., Nowak, M. A., & Christakis, N. A. (2010). Emotions as infectious 
diseases in a large social network: the SISa model. Proceedings of the Royal Society 
B: Biological Sciences, 277 (1701), 3827–3835. Retrieved from doi: 10.1098/ 
rspb.2010.1217. 

Hill, A.L., Rand, D.G., Nowak, M.A., & Christakis, N.A. (2010). Infectious Disease 
Modeling of Social Contagion in Networks. PLoS Computational Biology, 6 (11), 
e1000968. Retrieved from doi: 10.1371/journal.pcbi.1000968. 

Hoffer, L., Bobashev, G., & Morris, R. J. (2012). Simulating Patterns of Heroin Addiction 
Within the Social Context of a Local Heroin Market. In Computational neuroscience 
of drug addiction (pp. 313–331). New York, NY: Springer, New York. Retrieved from 
doi: 10.1007/978-1-4614-0751-5_11. 

Hoffer, L. D., Bobashev, G., & Morris, R. J. (2009). Researching a Local Heroin Market as 
a Complex Adaptive System. American Journal of Community Psychology, 44 (3–4), 
273–286. Retrieved from doi: 10.1007/s10464-009-9268-2. 

Hommes, C. (2013). Behavioral Rationality and Heterogeneous Expectations in Complex 
Economic Systems. Cambridge: Cambridge University Press. Retrieved from doi: 
10.1017/CBO9781139094276. 

Ip, E. H., Wolfson, M., Easterling, D., Sutfin, E., Wagoner, K., Blocker, J., Chen, S.-H. 
(2005). Agent-based modeling of College Drinking Behavior and mapping of system 
dynamics of alcohol reduction using both environmental and individual-based 
intervention strategies Agent-based modeling of College Drinking Behavior and 
mapping of feedback mechanism. 

Jeon, K. C., & Goodson, P. (2015). US adolescents’ friendship networks and health risk 
behaviors: A systematic review of studies using social network analysis and Add 
Health data. PeerJ, 2015 (6). doi: 10.7717/peerj.1052. 

Keramati, M., Ahmed, S. H., & Gutkin, B. S. (2017). Misdeed of the need: towards 
computational accounts of transition to addiction (Vol. 46). Elsevier Ltd. Retrieved 
from https://linkinghub.elsevier.com/retrieve/pii/S0959438817301095. doi: 
10.1016/j.conb.2017.08.014. 

Keramati, M., Durand, A., Girardeau, P., Gutkin, B., & Ahmed, S. H. (2017). Cocaine 
addiction as a homeostatic reinforcement learning disorder. Psychological Review, 
124(2), 130–153. https://doi.org/10.1037/rev0000046 

Keren, G., & Schul, Y. (2009). Two Is Not Always Better Than One. Perspectives on 
Psychological Science, 4(6), 533–550. https://doi.org/10.1111/j.1745- 
6924.2009.01164.x 

Koob, G. F., & Le Moal, M. (2008). Neurobiological mechanisms for opponent 
motivational processes in addiction. Philosophical Transactions of the Royal Society B: 
Biological Sciences, 363(1507), 3113–3123. https://doi.org/10.1098/rstb.2008.0094 

Lamy, F., Perez, P., Ritter, A., & Livingston, M. (2005). SimARC: An Ontology-driven 
Behavioural Model of Alcohol Abuse. 

Larsen, H., Overbeek, G., Granic, I., & Engels, R. C. M. E. (2012). The Strong Effect of 
Other People’s Drinking: Two Experimental Observational Studies in a Real Bar. The 
American Journal on Addictions, 21 (2), 168–175. Retrieved 2021–06-01, from doi: 
10.1111/j.1521-0391.2011.00200.x. 

M.W.J. van den Ende et al.                                                                                                                                                                                                                   

https://doi.org/10.1037/0022-3514.74.5.1252
https://doi.org/10.1111/j.1467-8721.2007.00534.x
https://doi.org/10.1111/j.1467-8721.2007.00534.x
https://doi.org/10.1038/nn1584
https://doi.org/10.1038/nn1584
http://www.nature.com/articles/nn1584
http://www.nature.com/articles/nn1584
https://doi.org/10.1086/261558
https://doi.org/10.1046/j.1360-0443.2001.961736.x
https://doi.org/10.1046/j.1360-0443.2001.961736.x
https://doi.org/10.1016/j.drugalcdep.2006.09.016
https://linkinghub.elsevier.com/retrieve/pii/S0376871606003607
https://linkinghub.elsevier.com/retrieve/pii/S0376871606003607
https://doi.org/10.1016/j.drugalcdep.2006.12.029
http://www.rti.org/publication/control-theory-model-smoking
https://doi.org/10.1016/S0899-3289(01)00098-0
https://doi.org/10.1016/S0899-3289(01)00098-0
https://doi.org/10.1016/j.beproc.2012.03.004
https://doi.org/10.1016/j.beproc.2012.03.004
https://linkinghub.elsevier.com/retrieve/pii/S0376635712000575
https://linkinghub.elsevier.com/retrieve/pii/S0376635712000575
https://doi.org/10.1348/000711009X470768
https://doi.org/10.1002/sim.5408
https://doi.org/10.1002/sim.5408
http://refhub.elsevier.com/S0306-4603(21)00386-5/h0130
http://refhub.elsevier.com/S0306-4603(21)00386-5/h0130
http://refhub.elsevier.com/S0306-4603(21)00386-5/h0130
https://doi.org/10.1162/neco.2009.10-08-882
https://doi.org/10.1002/1099-1050
https://doi.org/10.1037/adb0000518
https://doi.org/10.1002/cplx.20259
https://doi.org/10.1002/cplx.20259
https://doi.org/10.18564/jasss.2159
http://jasss.soc.surrey.ac.uk/16/2/10.html
http://jasss.soc.surrey.ac.uk/16/2/10.html
https://doi.org/10.2105/AJPH.2005.063289
https://doi.org/10.2105/AJPH.2005.063289
https://doi.org/10.1371/journal.pone.0047139
https://doi.org/10.1371/journal.pone.0047139
https://doi.org/10.1371/journal.pone.0158323
https://doi.org/10.1371/journal.pone.0158323
https://doi.org/10.1016/j.cobeha.2020.08.007
https://doi.org/10.1016/j.cobeha.2020.08.007
https://doi.org/10.1038/nrn.2016.67
http://refhub.elsevier.com/S0306-4603(21)00386-5/h0215
https://doi.org/10.1146/annurev.psych.55.090902.142033
https://linkinghub.elsevier.com/retrieve/pii/S0959438817301095
https://doi.org/10.1037/rev0000046
https://doi.org/10.1111/j.1745-6924.2009.01164.x
https://doi.org/10.1111/j.1745-6924.2009.01164.x
https://doi.org/10.1098/rstb.2008.0094


Addictive Behaviors 127 (2022) 107201

8

Levy, Y. Z., Levy, D., Meyer, J. S., & Siegelmann, H. T. (2013). Drug Addiction: A 
Computational Multiscale Model Combining Neuropsychology, Cognition, and 
Behavior (Tech. Rep.). 

Loewenstein, G.F., Weber, E.U., Hsee, C.K., & Welch, N. (2001). Risk as feelings. 
Psychological Bulletin, 127 (2), 267–286. Retrieved from doi: 10.1037/0033- 
2909.127.2.267. 

Mahmood, S. S., Levy, D., Vasan, R. S., & Wang, T. J. (2014). The Framingham Heart 
Study and the epidemiology of cardiovascular disease: a historical perspective. The 
Lancet, 383(9921), 999–1008. https://doi.org/10.1016/S0140-6736(13)61752-3. 
Retrieved from https://linkinghub.elsevier.com/retrieve/pii/S0140673613617523. 

Manthey, J. L., Aidoo, A. Y., & Ward, K. Y. (2008). Campus drinking: an epidemiological 
model. Journal of Biological Dynamics, 2 (3), 346–356. Retrieved from doi: 
10.1080/17513750801911169. 

McClure, S. M., Daw, N. D., & Read Montague, P. (2003). A computational substrate for 
incentive salience. Trends in Neurosciences, 26(8), 423–428. https://doi.org/ 
10.1016/S0166-2236(03)00177-2. Retrieved from http://tins.trends.com  htt 
ps://linkinghub.elsevier.com/retrieve/pii/S0166223603001772. 

Metcalfe, J., & Mischel, W. (1999). A hot/cool-system analysis of delay of gratification: 
Dynamics of willpower. Psychological Review, 106(1), 3–19. https://doi.org/ 
10.1037/0033-295X.106.1.3 

Meyers, R. J., Roozen, H. G., & Smith, J. E. (2011). The Community Reinforcement 
Approach. Alcohol Research & Health, 33(4), 380–388. Retrieved 2021–05-25, from 
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3860533/. 

Mollick, J. A., & Kober, H. (2020). Computational models of drug use and addiction: A 
review. Journal of Abnormal Psychology, 129(6), 544–555. https://doi.org/10.1037/ 
abn0000503 

Moore, D., Dray, A., Green, R., Hudson, S. L., Jenkinson, R., Siokou, C., Dietze, P. (2009). 
Extending drug ethno-epidemiology using agent-based modelling. Addiction, 104 
(12), 1991–1997. Retrieved from doi: 10.1111/j.1360-0443.2009.02709.x. 
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Sánchez, F., Wang, X., Castillo-Chávez, C., Gorman, D. M., & Gruenewald, P.J. (2007). 
Drinking as an Epidemic–A Simple Mathematical Model with Recovery and Relapse. 
In Therapist’s guide to evidence-based relapse prevention (pp. 353–368). Elsevier. 
Retrieved from doi: 10.1016/B978-012369429-4/50046-X. 

Sanfey, A. G. (2007). Social Decision-Making: Insights from Game Theory and 
Neuroscience. Science, 318 (5850), 598–602. Retrieved 2021–06-01, from https:// 
science.sciencemag.org/content/318/5850/598 (Publisher: American Association 
for the Advancement of Science Section: Special Reviews) doi: 10.1126/ 
science.1142996. 

Scott, N., Livingston, M., Hart, A., Wilson, J., Moore, D., & Dietze, P. (2016). SimDrink: 
An Agent-Based NetLogo Model of Young, Heavy Drinkers for Conducting Alcohol 
Policy Experiments. Journal of Artificial Societies and Social. Simulation, 19(1). 
https://doi.org/10.18564/jasss.2943 

Siegelmann, H. T. (2011). Addiction as a dynamical rationality disorder. Frontiers of 
Electrical and Electronic Engineering in China, 6(1), 151–158. https://doi.org/ 
10.1007/s11460-011-0134-2 

Sloan, F. A., & Wang, Y. (2008). Economic theory and evidence on smoking behavior of 
adults. Addiction, 103(11), 1777–1785. https://doi.org/10.1111/j.1360- 
0443.2008.02329.x 

Smith, E. R., & DeCoster, J. (2000). Dual-Process Models in Social and Cognitive 
Psychology: Conceptual Integration and Links to Underlying Memory Systems. 
Personality and Social Psychology Review, 4 (2), 108–131. Retrieved 2021–06-01, 
from doi: 10.1207/S15327957PSPR0402_01 (Publisher: SAGE Publications Inc). 

Solomon, R. L., & Corbit, J. D. (1974). An opponent-process theory of motivation: I. 
Temporal dynamics of affect. Psychological Review, 81(2), 119–145. https://doi.org/ 
10.1037/h0036128 

Stacy, A. W., & Wiers, R. W. (2010). Implicit Cognition and Addiction: A Tool for 
Explaining Paradoxical Behavior. Annual Review of Clinical Psychology, 6(1), 
551–575. https://doi.org/10.1146/annurev.clinpsy.121208.131444 

Strack, F., & Deutsch, R. (2004). Reflective and Impulsive Determinants of Social 
Behavior. Personality and Social Psychology Review, 8(3), 220–247. https://doi.org/ 
10.1207/s15327957pspr0803_1 

Swoyer, C. (1991). Structural representation and surrogative reasoning. Synthese, 87(3), 
449–508. https://doi.org/10.1007/BF00499820 

Volkow, N. D., Wang, G.-J., Tomasi, D., & Baler, R. D. (2013). Obesity and addiction: 
neurobiological overlaps. Obesity Reviews, 14(1), 2–18. https://doi.org/10.1111/ 
j.1467-789X.2012.01031.x 

Walters, C. E., Straughan, B., & Kendal, J. R. (2013). Modelling alcohol problems: Total 
recovery. Ricerche di Matematica, 62(1), 33–53. https://doi.org/10.1007/s11587- 
012-0138-0 

Wang, R. (2007). The Optimal Consumption and the Quitting of Harmful Addictive 
Goods. The B.E. Journal of Economic Analysis & Policy, 7 (1). Retrieved from doi: 
10.2202/1935-1682.1684. 

White, E., & Comiskey, C. (2007). Heroin epidemics, treatment and ODE modelling. 
Mathematical Biosciences, 208(1), 312–324. https://doi.org/10.1016/j. 
mbs.2006.10.008 

Wiers, R. W., Le Pelley, M. E., Harbecke, J., & Herrmann-Pillath Routledge, C. (2020). 
Akrasia and addiction: Neurophilosophy and psychological mechanisms (Tech. 
Rep.). 

Zhang, J., Berridge, K. C., Tindell, A. J., Smith, K. S., & Aldridge, J. W. (2009). A Neural 
Computational Model of Incentive Salience. PLoS Computational Biology, 5(7), Article 
e1000437. https://doi.org/10.1371/journal.pcbi.1000437 

M.W.J. van den Ende et al.                                                                                                                                                                                                                   

https://doi.org/10.1016/S0140-6736(13)61752-3
https://linkinghub.elsevier.com/retrieve/pii/S0140673613617523
https://doi.org/10.1016/S0166-2236(03)00177-2
https://doi.org/10.1016/S0166-2236(03)00177-2
http://tins.trends.com
https://linkinghub.elsevier.com/retrieve/pii/S0166223603001772
https://linkinghub.elsevier.com/retrieve/pii/S0166223603001772
https://doi.org/10.1037/0033-295X.106.1.3
https://doi.org/10.1037/0033-295X.106.1.3
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3860533/
https://doi.org/10.1037/abn0000503
https://doi.org/10.1037/abn0000503
https://doi.org/10.1016/j.seps.2009.02.002
https://linkinghub.elsevier.com/retrieve/pii/S0038012109000111
https://linkinghub.elsevier.com/retrieve/pii/S0038012109000111
https://doi.org/10.1257/aer.89.1.103
https://doi.org/10.1086/262001
https://doi.org/10.1103/RevModPhys.87.925
https://doi.org/10.1103/RevModPhys.87.925
https://doi.org/10.1016/j.drugalcdep.2017.06.040
https://doi.org/10.1017/S0140525X0800472X
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3774323/
https://doi.org/10.1037/0033-295X.114.3.784
https://doi.org/10.1196/annals.1390.014
https://doi.org/10.1196/annals.1390.014
https://doi.org/10.1038/nrn.2017.67
https://doi.org/10.18564/jasss.2943
https://doi.org/10.1007/s11460-011-0134-2
https://doi.org/10.1007/s11460-011-0134-2
https://doi.org/10.1111/j.1360-0443.2008.02329.x
https://doi.org/10.1111/j.1360-0443.2008.02329.x
https://doi.org/10.1037/h0036128
https://doi.org/10.1037/h0036128
https://doi.org/10.1146/annurev.clinpsy.121208.131444
https://doi.org/10.1207/s15327957pspr0803_1
https://doi.org/10.1207/s15327957pspr0803_1
https://doi.org/10.1007/BF00499820
https://doi.org/10.1111/j.1467-789X.2012.01031.x
https://doi.org/10.1111/j.1467-789X.2012.01031.x
https://doi.org/10.1007/s11587-012-0138-0
https://doi.org/10.1007/s11587-012-0138-0
https://doi.org/10.1016/j.mbs.2006.10.008
https://doi.org/10.1016/j.mbs.2006.10.008
https://doi.org/10.1371/journal.pcbi.1000437

	A review of mathematical modeling of addiction regarding both (neuro-) psychological processes and the social contagion per ...
	1 Introduction
	2 (Neuro-) psychological theories and mathematical implementations
	2.1 Drug desire mechanisms
	2.1.1 Dopamine function models
	2.1.2 Opponent-process theory

	2.2 Decision-making theories
	2.2.1 Behavioral economics
	2.2.2 Dual-process system
	2.2.3 Self-control and strength theory
	2.2.4 Multi-scale models


	3 Social models
	3.1 Epidemiological models
	3.1.1 Non-structured epidemiological models of addiction
	3.1.2 Structured epidemiological models on addiction

	3.2 Agent-based models
	3.2.1 Epidemic agent-based models
	3.2.2 Stylized agent-based models


	4 Discussion
	CRediT authorship contribution statement
	Declaration of Competing Interest
	References


