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Abstract 
 

Substance-dependent individuals often lack the ability to adjust decisions flexibly in 

response to changes in reward contingencies. Prediction error (PE), which signals the 

difference between expected and received outcomes, is thought to mediate flexible decision 

making by updating the reward values associated with available actions. In this thesis, I 

explored whether the neurobiological correlates of PEs are altered in alcohol dependence. 

Behavioral and functional magnetic resonance imaging (fMRI) data were simultaneously 

acquired from 34 abstinent alcohol-dependent patients (ADP) and 26 healthy controls (HC) 

during a probabilistic reward-guided decision making task with dynamically changing 

reinforcement contingencies. Using reinforcement learning and Bayesian learning models, I 

sought to capture the differences in underlying computations carried out by subjects in 

solving the current decision making problem. I used Bayesian inference methods to fit the 

models to behavioral data and to compare their fitting performance. The best-fitting model 

was a modified Rescorla-Wagner type model, which assumes that subjects integrate both 

actual and fictive outcomes into their decisions based on the information about the task 

structure that reward contingencies are anti-correlated. When I compared the free parameters 

of the best-fitting model between HC and ADP, I found that ADP had significantly lower 

punishment sensitivities, indicating that when faced with punishment, decisions of ADP failed 

to track the expected reward values of the options. Additionally, within ADP, highly severe 

patients were more sensitive to rewards, meaning that they almost always selected the action 

with the highest reward expectancy. When PEs derived from the best-fitting model were 

regressed against individual fMRI data, I detected a significantly weaker correlation between 

the PEs and the bilateral DLPFC activity in ADP. When positive and negative PEs were 

analyzed separately, the right DLPFC activity in ADP showed reduced correlation with 

positive PEs, which mediate the initiation of responses to formerly punished stimuli in the 

task. On the other hand, the left DLPFC activity showed reduced tracking of negative PEs 

facilitating the extinction of learned responses, the reduction being more prominent in highly 

severe ADP. In the final analysis, I used the PE signal as the moderator variable in a 

psychophysiological interactions (PPI) connectivity analysis. I found a reduced PE-dependent 

coupling in ADP between the bilateral DLPFC and other cortical regions including the medial 

prefrontal cortex (PFC) and the bilateral frontopolar PFC, which have been associated with 

flexible encoding of real and fictive outcome expectancies. On the other hand, an 

enhancement in PE-moderated connectivity was present in ADP between the left DLPFC and 

the right hippocampus (HPC) extending into the right parahippocampal cortex (PHC), 

suggesting that ADP may engage memory-related brain regions to compensate for the 
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compromised cognitive flexibility. These results suggest that the DLPFC, which has been 

associated with adaptive control of action selection, may contribute to maladaptive reward-

based decision making in alcohol dependence, possibly by reducing the effect of reward-

related information on decisions. Additionally, given that an intact communication between 

the cortical regions is required for optimal decision making, in which responses match with 

the goals, these results suggest an association between impaired behavioral adaptation in 

alcohol dependence and disrupted learning-relevant information flow between the medial and 

lateral regions of the PFC. In conclusion, this thesis advances our understanding of the 

computational and neural processes underlying the compulsive use of alcohol despite adverse 

consequences, which seem to be often consciously acknowledged but behaviorally ignored by 

abusers. 
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Zusammenfassung 

 

Drogenabhängige Individuen sind oftmals nicht in der Lage ihre Entscheidungen an 

veränderte Belohnungswahrscheinlichkeiten anzupassen. Vorhersagefehler (prediction error, 

PE), d.h. Unterschiede zwischen erwarteter und erhaltener Belohnung, ermöglichen flexible 

Entscheidungen indem sie signalisieren, dass die mit Handlungsalternativen assoziierten 

Belohnungen aktualisiert werden müssen.  In dieser Promotionsarbeit habe ich mithilfe 

funktioneller Magnetresonanztomographie (fMRT) und mathematischer 

Verhaltensmodellierung untersucht ob und wie Alkoholsucht die neurobiologischen Korrelate 

des Vorhersagefehlers verändert. Abstinente alkoholabhängige Patienten (ADP, n = 34) und 

gesunde Individuen (HC, n = 26) nahmen teil an einer probabilistischen belohnungsgeleiteten 

Entscheidungsaufgabe mit dynamischen Belohnungswahrscheinlichkeiten, während 

Verhaltens –und fMRT-Daten erhoben wurden. Im ersten Teil dieser Arbeit habe ich mithilfe 

von Bayesianischen Lernmodellen und Modellen des bestärkenden Lernens dem 

Entscheidungsprozess unterliegenden Prozesse untersucht. Ein bayesscher Modellvergleich 

zeigte, dass ein Modell des Typs Rescorla-Wagner die Verhaltensdaten am Besten 

beschreiben konnte. Dieses Modell nimmt an, dass Probanden die Antikorrelation von 

Belohngswahrscheinlichkeiten erschließen und sowohl tatsächliche als auch fiktive 

Ergebnisse in ihre Entscheidungen integrieren. Ein Vergleich der freien Parameter dieses 

Modells zwischen Gruppen ergab, dass ADP weniger empfindlich für Bestrafungen sind als 

HC. Dies bedeutet, dass ADP ihre Entscheidungen in Reaktion auf negative PEs nicht 

hinreichend aktualisieren um die neuen Belohnungswahrscheinlichkeiten in ihr Verhalten zu 

integrieren. Zudem waren innerhalb der ADP-Gruppe Patienten mit besonders 

schwerwiegenden Symptomen empfindlicher für positive Belohnungen, d.h. sie wählten fast 

immer die Option mit höchster Belohnungswahrscheinlichkeit. Im zweiten Teil meiner Arbeit 

korrelierte ich die aus dem Modell berechneten PEs mit den individuellen FMRT-Daten. 

Diese Analyse zeigte eine signifikant schwächere Korrelation in ADP als in HC zwischen PEs 

und Gehirnaktivität in bilateralem dorso-lateralem Prefrontallappen (DLPFC). Eine separate 

Analyse positiver und negativer PEs ergab in ADP eine verringerte Korrelation zwischen der 

Aktivierung des rechten DLPFC und positiven PEs, welche die Auswahl von bis dahin 

bestraften Handlungsalternativen initiieren. Negative PEs, die die Auslöschung gelernter 

Entscheidungen bestärken, waren mit Aktivierung im linken DLPFC korreliert. Jedoch war 

auch diese Korrelation in ADP reduziert und bei Patienten mit schweren Symptomen 

besonders ausgeprägt. Im letzten Teil meiner Arbeit nutzte ich den PE als Moderatorvariable 

in einer psychophysiologischen Interaktionsanalyse. Die Ergebnisse zeigten in ADP einen 

verringerten Zusammenhang zwischen dem bilateralen DLPFC und anderen kortikalen 

Regionen, insbesondere dem medialen PFC, und den bilateralen fronto-polarem PFC. Diese 
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zwei Regionen wurden in früheren Studien mit der flexiblen Enkodierung realer und fiktiver 

Verhaltenskonsequenzen assoziert. Desweiteren war in ADP die durch PE moderierte 

Konnektivität zwischen dem linken DLPFC und dem rechten Hippocampus und 

Parahippocampus verstärkt. Dies legt nahe, dass ADP einen Mangel an kognitiver Flexibilität 

durch den Einsatz von Gedächtnisprozessen ausgleichen. Insgesamt deuten diese Ergebnisse 

darauf hin, dass der DLPFC, der in früheren Studien mit adaptiver Kontrolle von 

Handlungsauswahl assoziiert wurde, den Effekt von Belohnungssignalen auf Entscheidungen 

reduziert und dadurch zu mangelhafter Anpassung von Entscheidungen in 

Alkoholabhängigkeit beiträgt. Da intakte Kommunikation zwischen kortikalen Regionen für 

optimale Entscheidungsfindung notwendig ist, deuten die vorliegenden Ergebnisse auch auf 

einen Zusammenhang zwischen beeinträchtigter Verhaltensanpassung in 

Alkoholabhängigkeit und gestörtem Informationsfluss zwischen medialem und lateralem 

PFC. Insgesamt liefern diese Ergebnisse neue Einsichten in die der Alkoholsucht 

zugrundeliegenden theoretischen und neuronalen Prozesse. Insbesondere zeigen sie mögliche 

Mechanismen auf, welche dazu führen, dass alkoholabhängige Individuen ihre Sucht 

aufrechterhalten, obwohl sie sich der negativen Konsequenzen von Alkoholabhängigkeit 

bewußt sind.  
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1. Background and Introduction 

1.1. Definitions  

 

Definitions of some terms used in reinforcement learning and reward-based decision 

making are summarized below in alphabetical order (Ridderinkhof et al., 2004; Hyman, 2005; 

Daw et al., 2006; Dayan, 2009; Izquierdo and Jentsch, 2012; Lucantonio et al., 2014). The 

first appearances of these terms in the text are italicized: 

 

Action-outcome learning: In action-outcome learning, actions are made with the 

intention of pursuing a goal. The actions in this type of learning are sensitive to ‘reinforcer 

devaluation’. 

Behavioral adaptation: This is a general term for any action an organism takes to 

increase its survival. In the context of reward-based decision making, it is used for any change 

in behavior towards obtaining reward. For instance, in an environment with changing 

reinforcement contingencies, subject’s shifting response can be considered as behavioral 

adaptation. Other terms used in the literature are “cognitive flexibility,” “behavioral 

flexibility,” “cognitive control,” inhibitory control,” “response inhibition,” “behavioral 

inhibition.” 

Blocking effect: If an animal learns that a cue is a reliable predictor of an 

unconditioned stimulus (e.g. food), it will not become conditioned to another cue that predicts 

that unconditioned stimulus. For instance, if a pigeon learns that a tone predicts food delivery, 

then introducing another cue such as light will not induce learning (or conditioning) between 

the light and the food delivery.  

Choice: Final commitment to one option in a decision making task. 

Compulsive behavior: Being compelled to a behavior despite one’s volition.  

Contingency: A steady and temporal relationship between two events: e.g., a situation 

in which a reward always occurs after the choice of a particular stimulus. Contingencies can 

also be deterministic or probabilistic. 

Decision making: Deliberation about the choice alternatives before committing to one 

of them. 

Drug craving: Drug craving is the conscious representation of drug wanting. It has 

been suggested that it is not related to drug liking, as individuals may still seek drugs in the 

absence of pleasure. 

Exploration-exploitation dilemma: A dilemma between an explorative behavior, 

which refers to choosing the option with known expected value based on previous experience; 
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and an exploitative behavior, which refers to choosing the unfamiliar option with unknown 

expected value. Exploration is essential for survival as the alternative action might yield more 

reward and improve future decisions. 

Goal-directed behavior: In this type of behavior, animals choose actions with the 

expectation that they will result in a particular outcome that is desirable and compatible with 

animal’s current motivational state. This behavior is associated with model-based accounts of 

behavior. 

Habitual behavior: Habitual behavior is a form of automatic and routine behavior that 

is often triggered by a cue. This behavior is associated with model-free learning. 

Instrumental (operant) conditioning: In this type of conditioning, positive or negative 

reinforcements induce a conditioning that the probability of a behavior happening in the 

future increases if the behavior leads to a reward, and the probability declined if the behavior 

results in punishment. 

Model-based functional magnetic resonance imaging (model-based fMRI): A method 

that combines computational models with fMRI analysis. In this method, an internal variable 

(e.g. PE), which is thought to represent a specific computation underlying a cognitive 

function (e.g. reward-based learning), is generated using a computational model (e.g. RL 

model) that predicts the observed behavior (e.g. choice). This variable is then regressed 

against the fMRI data. The strength of the regression represents the neurophysiological 

correlation of this variable. 

Model-based reinforcement learning (model-based RL): Subjects are assumed to 

construct state-based models of their environment via probabilities that determine the state 

transitions and outcomes that would arise from taking particular actions. Optimal choice in 

model-based control involves a simple, but a computationally expensive tree search algorithm 

that accesses all possible state-outcome associations to decide on the most profitable action. 

Model-based control is sensitive to the particular outcome of the action; therefore it is 

associated with goal-directed behavior. In this dissertation, model-based learning is modeled 

using hidden Markov models. 

Model-free reinforcement learning (model-free RL): Subjects learn to predict the 

cumulative utilities of all outcomes associated with execution of a particular action, e.g. Q 

values in this dissertation, without building an “internal model” of the environment.  Q values 

are learned by experience in the absence of an internal model, as an action that yields rewards 

acquires a higher Q value; whereas Q value of an action drops if it receives a negative 

feedback. Therefore, subjects select the actions associated with larger rewards more often 

than the actions associated with punishments or no rewards. Model-free RL is not as sensitive 

as the model-based RL to the changes in an environment, or changes in the current 

motivational state of the subject. It has been associated with habitual behavior. 
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Pavlovian (classical) conditioning: After repeated pairings of a neutral stimulus (e.g. 

a visual cue, or a tone) with a compelling stimulus (e.g. food), an instinctive response (e.g. 

salivation) to a compelling stimulus can be elicited by the neutral stimulus. 

Prediction Error (PE): Any inconsistency between expected and achieved outcome 

gives rise to an error that is used to update and correct the predictions about the expected 

value of the action. It is regarded as a teaching signal, as it teaches the subject to make correct 

predictions. 

Punishment: Any event that reduces the probability of a response upon which it is 

contingent. Punishments are different than the negative reinforcers, which, when omitted or 

terminated, increase the probability of the response upon which it is contingent. 

Reinforcement learning: It is a set of theories of learning to predict the future rewards 

and act appropriately to acquire them. It is often associated with instrumental (operant) 

learning with an agent, e.g. animal or human, having an influence on behavior. In the case of 

Pavlovian (classical) conditioning, in which the agent does not have a choice, RL can still be 

used to model the learning of cue-outcome associations. 

  Reward: Any positively reinforcing event that increases the probability of a response 

upon which it is contingent. 

Reversal learning: Any situation in which subjects first learn to choose (or 

discriminate) between different stimuli associated with different reward contingencies 

(probabilities of reward and punishment). Then the contingencies are reversed (previously 

“advantageous” stimulus becomes “disadvantageous,” and vice versa) and subject is expected 

to adapt to the reversal. 

Stimulus-response learning: also known as Habit learning Stimulus-response 

associations are acquired during extensive training through repetitive pairings between stimuli 

and response. Responses in this type of learning are not goal-directed; therefore, they are 

insensitive to ‘reinforcer devaluation’. 

Substance use disorder: It refers to all categories of substance abuse and dependence 

(American Psychiatric Association, 2013). In this thesis substance dependence and substance 

use disorder are used interchangeably.  

1.2. Reinforcement Learning Theory  

 

Reinforcement learning (RL) theory is based on learning to select an action that 

obtains a reward (Sutton and Barto, 1998). In general, these models use expected reward 

values of actions in a given state (the currently recognized situation of the world). As these 

predictions get more accurate via learning, it becomes trivial to take the action which would 

maximize reward. The learning takes place in means of updating the estimated values of 
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actions through an error term, called “prediction error” which is calculated by comparing the 

expected value with the obtained reward. Positive PEs indicate that the reward obtained is 

better than expected, and the estimated value of the action (or the sequence of actions) should 

be increased; whereas negative PEs indicate that obtained reward is worse than expected, and 

the associated expected value should be decreased. This theory has been supported by many 

animal studies which showed a similarity between dopamine signal and the PE (Montague et 

al., 1995, 1996; Schultz, 2002; Bayer and Glimcher, 2005). Furthermore, numerous human 

neuroimaging studies have detected neural correlations of PEs in the brain (McClure et al., 

2003; O’Doherty et al., 2004; Tanaka et al., 2004). 

Choosing the action with the maximum value would be the best strategy if the world 

had deterministic reinforcement contingencies. However, due to the inherent stochasticity of 

the real world, organisms need to develop a balance (also called the ‘exploration–exploitation 

dilemma’), between exploitative and explorative behavior (Gittins and Jones, 1974). 

Exploitative behavior refers to choosing the option with known expected value based on 

previous experience. Explorative behavior, which refers to choosing the unfamiliar option 

with unknown expected value, is essential for survival because it might yield more reward 

and improve the future decisions (Daw et al., 2006).  The “Softmax action rule” models the 

balance between exploitative and explorative behavior (Luce, 2005). This rule transforms the 

expected values associated with the choice options to action probabilities using a sigmoid 

function. Inverse temperature parameter, also known as Softmax temperature, determines the 

slope of the sigmoid function, hence adjusts the level of stochasticity in action selection. A 

small inverse temperature decreases the effect of values on decisions, making action selection 

an almost random process. In contrast, large inverse temperature parameter magnifies the 

small value differences such that even a small difference between expected values creates a 

big difference between action probabilities. It has been suggested that the propensity to 

explore is regulated by the neurotransmitter noradrenaline (norepinephrine), which is thought 

to be captured by the inverse temperature parameter of the softmax rule (Usher et al., 1999; 

Doya, 2002; Daw et al., 2006). 

Computational models of RL have been of great use to understand reward-based 

learning, as the dopamine function seems to have many parallels with the PE term used in the 

RL theory (Schultz et al., 1997; Hollerman and Schultz, 1998; Schultz, 1998). Both RL theory 

and reward-based decision making are based on the idea that the ultimate goal of an agent is 

to maximize future rewards by learning how to act to obtain them (Sutton and Barto, 1998). 

Through these similarities between RL theory and physiological data, the dopaminergic 

phasic activity could be conceptualized as the neural representation of reward PE, which acts 

as a critic and evaluates the actual action of the agent. Predictions are then improved as 

reinforcement learning takes place, and behavior is shaped towards obtaining reward. 
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According to RL theory, an agent cannot maximize the reward by taking an action 

that considers just the immediate reward (Dayan, 2009). Instead, it should take into account 

the cumulative outcomes that would happen in the future depending on the action. RL theory 

offers two solutions to this problem (Daw et al., 2005). In the first, model-based learning 

approach, an agent is assumed to build an internal model of the environment through 

probabilities defining the transitions between states and the outcomes corresponding to each 

state. Chess can be given as an excellent example of model-based learning. A successful 

chess player plays chess by considering the possible moves and the consequences of each 

move by building an internal model of the game. However, this type of searching in the 

internal model is computationally expensive because it requires mental simulation of each 

event and its consequence. Model-based learning can flexibly adapt to the changes in the 

environment that occur due to a reversal of reinforcement contingencies, or a devaluation of 

the reinforcer. The second approach, model-free learning, on the contrary, does not build such 

an internal model. Instead, learning is purely based on experience. In model-free learning, the 

expected values of actions are iteratively updated by PEs, as a new outcome becomes 

available. This type of learning is computationally simple, but inflexible to the changes in the 

environment, as the expected value of an action can only change when it is directly 

experienced. Due to this inflexibility, habitual behavior has also been explained in terms of 

model-free learning. The arbitration between these two systems seems to be defined by the 

uncertainty of the predictions made by each controller (Daw et al., 2005). However, it is not 

yet clear how the uncertainty of the predictions made by these systems are calculated and 

represented in the brain. It has been proposed that acetylcholine and norepinephrine play a 

role in this competition between the model-free and model-based control on drug-related 

behavior (Yu and Dayan, 2005).  

One extension of the RL theory has been made to accommodate learning from fictive, 

also known as hypothetical, or counterfactual outcomes, i.e. outcomes that could have been 

obtained if the decisions had been different (Lohrenz et al., 2007). Based on the idea that 

subjects also consider fictive outcomes while making a decision, fictive PEs have been 

defined as the discrepancy between the experienced outcomes, and the outcomes that could 

have been obtained if the decisions had been different (Lohrenz et al., 2007). Former studies 

using models with fictive PEs have reported strong influences of fictive outcomes on human 

decision making (Lohrenz et al., 2007; Chiu et al., 2008; Tobia et al., 2014). Tobia et al. 

(2014) demonstrated that incorporating fictive error signals into the standard RL improved the 

model’s predictions of the choice behavior and better captured the neural correlates of 

expected values in the ventromedial prefrontal cortex (vmPFC) and the orbitofrontal cortex 

(OFC).  
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More detailed explanations on the RL models used in this thesis can be found in the 

the Chapter 4 of this thesis. 

1.3. Reward-based Decision Making 

 

The principal component of the brain reward circuitry is the dopaminergic projections 

from the midbrain to the nucleus accumbens. In this circuitry, dopamine seems to be the 

“common currency,” as it has been shown that natural reinforcers, as well as addictive drugs 

release dopamine in the nucleus accumbens (Koob and Bloom, 1988; Wise and Rompre, 

1989; Di Chiara, 1998; Kelley and Berridge, 2002; Hyman, 2005). Dopamine has been 

suggested to play a key role in reward-related learning that shapes behavior by forming a link 

between action and its desirable consequences (Berridge and Robinson, 1998). Schultz and 

colleagues, with a serious of experiments involving recordings from the dopaminergic 

neurons of monkey’s midbrain, demonstrated that dopamine neurons show a tonic activity 

(Schultz et al., 1997; Hollerman and Schultz, 1998; Schultz, 1998). However, whenever 

monkey receives an unexpected reward, a brief phasic burst of spiking activity happens at a 

timing determined by monkey’s previous experience. This transient increase is at its 

maximum when the reward is least expected, and gradually diminishes as the monkey learns. 

The timing of the maximum activity also shifts to the cue (a tone or cue) that predicts this 

reward. In the end, as learning is established, phasic activity occurs only in response to 

predictive stimulus; whereas no activity is observed at the time of reward delivery. Moreover, 

if the reward is not delivered despite the usual presentation of the cue that predicts reward, a 

pause is observed in the tonic firing rate of dopamine neurons at the time that reward is 

expected. Based on these experimental findings, it has been hypothesized that phasic activity, 

with bursts and pauses, encode a PE signal. Phasic bursts signal a positive PE when a reward 

exceeds the expectation. On the other hand, pauses in the dopaminergic activity appear to 

signal a negative PE that happens when a reward does not meet the expectation (Montague et 

al., 1996, 2004).  

Recordings from monkeys revealed encoding of rewards and PEs in various brain 

areas including the subthalamic nucleus (Matsumura et al., 1992), ventral and dorsal striatum 

(Hikosaka et al., 1989; Apicella et al., 1991), substantia nigra (Schultz, 1986), lateral 

hypothalamus (Burton et al., 1976), amygdala (Nishijo et al., 1988), ACC (Niki and 

Watanabe, 1976), dorsolateral prefrontal cortex (DLPFC) (Niki and Watanabe, 1979; 

Watanabe, 1989), and OFC (Niki et al., 1972; Tremblay and Schultz, 2000). Moreover, 

neurons sensitive to reward expectation have been found in the striatum (Hikosaka et al., 

1989; Schultz et al., 1992), amygdala (Schoenbaum et al., 1998) and the OFC (Schoenbaum 

et al., 1998). It has been argued that these regions, which seem to have different functions 
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including detection, perception, expectation of the rewards and decision making, cooperate 

for adaptive behavior (Figure 1.1) (Schultz, 2000). It has been proposed that the dopaminergic 

neurons in the midbrain, which have been implicated in the detection of rewards and reward-

predicting stimuli, emit a global PE signal to the striatum and partly to the PFC (Schultz, 

2000). These neurons might get the reward information through reward-detecting brain 

regions such as the basal ganglia, the OFC and the amygdala (Schultz, 1998). Schultz (2010) 

argued that parietal, perirhinal and prefrontal activity underlying behavioral control may be 

modulated by striatal reward activity through the cortical-striatal-cortical loops. Among these 

cortical structures, the DLPFC appears to use the reward-related information for planning, 

preparation and execution of the behavior that would acquire the rewarding goal (Watanabe, 

1996; Leon and Shadlen, 1999; Schultz, 2000). 

Blood oxygen level dependent (BOLD) signals detected in human functional 

magnetic resonance imaging (fMRI) experiments also support the idea that diverse brain areas 

orchestrate for adaptive behavior. For instance, the vmPFC and adjacent medial OFC have 

frequently been associated with value representations of a choice option (Schoenbaum et al., 

1998; O’Doherty et al., 2001; Rushworth et al., 2011). Model-based fMRI studies also support 

these results by demonstrating positive correlations between signals in these areas and the 

reward values expected from the choice alternatives (e.g. Q values in the RL models) (Tanaka 

et al., 2004; Behrens et al., 2008; Glaescher et al., 2009; Wunderlich et al., 2010). The lateral 

OFC, however, is thought to be more involved in credit assignment, i.e. building associations 

between stimuli and reward values (Walton et al., 2010). Noonan et al. (2010) demonstrated 

that the medial OFC lesions create more significant impairment in performance when the 

values of the two options are closer (a harder decision). On the other hand, lateral OFC 

lesions cause more major impairments when the decision is trivial with a distant proximity of 

values (Noonan et al., 2010). Therefore, it can be concluded that while the vmPFC and the 

medial OFC are sensitive to the value representations of the reward outcome (Rushworth et 

al., 2011), the lateral OFC seems to be susceptible to the identity of the reward, i.e. exactly 

which reward is received after making a particular choice. 

It has been argued that subjects compare the values of all different options before 

making a decision. The frontopolar PFC, also known as the anterior PFC seems to encode the 

values of these “counterfactual” choices (Boorman et al., 2009). The activity in this region 

has been found to be positively correlated with the value of the unchosen option, and 

negatively correlated with the value of the chosen option; which is an exactly reverse pattern 

of the activation in the vmPFC and the medial OFC (Boorman et al., 2009). Moreover, the 

activity in the frontopolar PFC seems to reflect the propensity to switch the action in the next 

trial, suggesting that this region plays a role in the representation of alternative actions 

(Koechlin and Hyafil, 2007). Concordant with this view, it has been suggested that the 
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frontopolar PFC is concerned with exploratory decision making, as the optimal decision 

making requires a balance between an explorative decision of choosing the alternative, and an 

exploitative decision of choosing the option with known value (Daw et al., 2006). One should 

remember that, however, the frontopolar PFC may not be the only brain structure sensitive to 

counterfactual values. There is also evidence that the anterior cingulate cortex (ACC) and the 

posterior cingulate cortex may also be implicated (Hayden et al., 2009; Boorman et al., 2011). 

 

Figure 1.1 “Reward processing and the brain. Many reward signals are processed by the brain, including those that 

are responsible for the detection of past rewards, the prediction and expectation of future rewards, and the use of 

information about future rewards to control goal-directed behavior. (SNpr, substantia nigra pars reticulata; GP, 

globus pallidus.)” (The figure and its caption are copied from Figure 1 in Schultz W (2000) Multiple reward 

signals in the brain. Nat Rev Neurosci 1:199–207 with the author’s permission.) 

The ACC is another crucial brain area for reward-based decisions. Although early 

accounts have associated this area with errors (Nieuwenhuis et al., 2004), it is now clear that 

the ACC also responds to rewards (Walton et al., 2004). Given the anatomical connections of 

this area with premotor and motor regions, and fewer connections with areas implicated in 

object recognition (Kennerley et al., 2006; Hayden and Platt, 2010), ACC has been suggested 

to be specialized in action-outcome learning (Rudebeck et al., 2008; Rushworth et al., 2011). 
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Consistent with this proposal, activity in the ACC has been found to be susceptible to 

adaptive changes in behavior (Jocham et al., 2009). It has also been hypothesized that the 

ACC may encode reward rate, i.e. how often a response is rewarded (Rushworth et al., 2011). 

As lesions in the ACC cause animals to fail to determine the response with a higher reward 

rate, it is possible that ACC is implicated in shifting the response to an alternative as the 

reward rate of the current choice changes (Rushworth et al., 2011).  

The DLPFC has been regarded as the cognitive control center of the brain without 

representing any value-based information (Miller and Cohen, 2001). According to this 

account of the DLPFC, valuation of choice options take place in reward-sensitive regions 

such as the vmPFC and the medial OFC, and the DLPFC applies a top-down regulation over 

these areas (Hare et al., 2009). However, recent evidence suggests that this area also encodes 

reward-related information, e.g. outcome (both actual and hypothetical outcomes), expected 

value and prediction error (both positive and negative) (Watanabe, 1996; Leon and Shadlen, 

1999; Kobayashi et al., 2002; Wallis and Miller, 2003; Kobayashi et al., 2006; Sakagami and 

Watanabe, 2007; Abe and Lee, 2011; Asaad and Eskandar, 2011). Moreover, different than 

the other reward-sensitive areas, the DLPFC seems to integrate the reward information into 

response selection (Wallis and Miller, 2003; Sakagami and Watanabe, 2007; Asaad and 

Eskandar, 2011). Anatomical connections of this region with both other cognitive (premotor, 

parietal and temporal cortices) and motivational (OFC, anterior insula, and both anterior and 

middle ACC) areas (Dixon and Christoff, 2014) also support the hypothesis that the DLPFC 

integrates cognitive and motivational information to implement successful learning 

(Sakagami and Watanabe, 2007; Seo and Lee, 2008). 

In human fMRI studies, the lateral PFC activity seems to reflect more complex 

aspects of reward-based decision making (Dixon and Christoff, 2014). For instance, 

activations related to rule learning have frequently been reported in the DLPFC (Miller and 

Cohen, 2001; Toni et al., 2001; Bunge et al., 2004; Dixon and Christoff, 2012).  The DLPFC 

has also been implicated in the integration of different features of reward information, such as 

magnitude, probability, risk, uncertainty, etc. (Dixon and Christoff, 2014). A previous study 

demonstrated increased activation in the lateral PFC when the valuation of the choice 

alternatives was affected by multiple factors (Simmons et al., 2010). The DLPFC has also 

been shown to be critical in delayed gratification task, in which a response conflict happens 

between a choice option that is associated with a large, but long-term reward; and an 

alternative that is associated with a short-term, but small reward (Dixon and Christoff, 2014). 

A similar type of activity in the DLPFC has also been reported in other conflict scenarios 

including abstract beliefs, and morals (Knoch et al., 2006; Baumgartner et al., 2011). It has 

been suggested that in these situations, the DLPFC holds the value of the choice option that 

permits the most reward in the long run. McClure et al. (2004) argued that this may require 
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engaging working memory capacity to maintain an active representation of the future 

rewards, or the norms (McClure et al., 2004). 

 Last but not least, the intraparietal sulcus (IPS) has been identified as a major brain 

region contributing to response selection (Gold and Shadlen, 2001). Neural activity in the IPS 

has been shown to accumulate evidence for a specific choice option until a decision threshold 

is reached (Mazurek et al., 2003). Former animal research has proposed that this region plays 

a role in perceptual decision making. More recently, a similar mechanism has been suggested 

for value-based decision making (Gold and Shadlen, 2007; Basten et al., 2010). Basten et al. 

showed that BOLD activity in the IPS reflects a “difference signal” representing the 

difference between the values of two options. Furthermore, this difference signal was found to 

be positively correlated with the activity in the vmPFC and the left DLPFC (Basten et al., 

2010). While the IPS signal declines as the choices become trivial (the difference between the 

values of options is high); the vmPFC and the medial OFC respond more strongly, suggesting 

that these areas make distinct but collaborative contributions to decision making (Gold and 

Shadlen, 2007; Basten et al., 2010). 

1.4. Reinforcement Learning Theories of Substance Use Disorder 

 

Substance dependence is characterized by continuation of drug use despite its adverse 

consequences. It is a debilitating disorder in which the goals of addicted individual are 

narrowed to obtain and use drugs with constant attempts for recovery which are often 

followed by inevitable relapse (Hyman, 2005). A growing body of literature has investigated 

the molecular, cellular, systems, behavioral and computational mechanisms underlying 

substance dependence. Several theories have converged on the idea that substance use 

disorder can be characterized by “pathological usurpation” of learning and memory processes 

that are typically employed to acquire survival-relevant natural reinforces (Hyman, 2005).  

Individuals tend to repeat the behavior with rewarding outcome. These rewards act as 

“goals” as the person pursues the behavior with the expectation that it will produce a desirable 

outcome. Additionally, motivational state of the individual (e.g. hunger, thirst, etc.) increases 

the incentive value of the outcome and the cues predicting it. If a behavior brings the 

individual to a successful conclusion in recruiting reward, it becomes automatic. Reward-

predicting cues can also initiate this automatic, habitual behavior. Addictive drugs seem to 

create similar patterns of behavior that are elicited by natural rewards, but at more extreme 

levels (Hyman, 2005). For instance, as substance dependence progresses, incentive values of 

drug can get so high that drug seeking becomes the ultimate goal over all others. Moreover, 

withdrawal symptoms, which happen as a result of homeostatic adaptations produced in 
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substance use disorder (Koob and Moal, 2008), can be so severe that it can create distressing 

effects similar to the ones created by hunger or thirst (Hutcheson et al., 2001).    

Numerous pharmacological, genetic, lesion and microanalysis studies have 

demonstrated that addictive drugs exert their rewarding properties via dopamine (Wise and 

Bozarth, 1987; Koob and Bloom, 1988; Di Chiara, 1998). Especially during the initiation 

phase of substance dependence, drugs create their reinforcing effects by increasing 

extracellular concentration of dopamine the nucleus accumbens and the dorsal caudate 

nucleus (Chiara and Imperato, 1988). Given the evidence that phasic activity in dopamine 

cells predicts reward, and dopamine seems to be the common currency for all sorts of rewards 

in brain’s reward circuitry; RL theory has been used to explain aberrant learning caused by 

drug reinforcers (Redish, 2004).  

One of the hallmarks of substance use disorder is the individual’s propensity to 

develop a compulsive behavior despite the evident and often acknowledged adversity 

(Volkow et al., 2011). RL theories sought to explain compulsion in drug abuse, however, 

compared to the initiation phase of substance dependence, this has been found to be rather 

complicated, mainly due to the heterogeneity in the behavioral and neural effects of different 

drugs; as well as the high variation observed between dependent individuals (Dayan, 2009). 

Nevertheless, various hypotheses have been formulated using the RL theory to explain 

compulsive drug-related behavior. According to the first hypothesis, drugs develop 

compulsion by exerting an additive effect on PE that updates the value of a drug-related cue. 

As a result of this effect, its value will always be larger than zero, leading to an endless 

selection of the action associated with that cue (Dayan, 2009). In other words, drug-related 

cues are “overlearned” because they can trigger higher levels of dopamine release, and create 

a longer time of stimulation (Hyman, 2005). Although this hypothesis explains the 

mechanism of compulsive drug-related behavior, it fails to explain its gradual formation, 

which takes place long after this additive effect of drug is established on drug-related 

behavior (Dayan, 2009). 

It has also been proposed that compulsive behavior occurs due to “an irreducible floor 

to prediction error.” This floor provides a substrate for persistence learning by keeping PE 

always greater than zero (Redish, 2004; Dayan, 2009). One prediction of this hypothesis is 

that blocking effect should not occur for drug rewards due to the ever positive PE associated 

with them (Redish, 2004). However, Panlilio et al. provided evidence against this hypothesis 

by demonstrating blocking effect with drug reinforcers (Panlilio et al., 2007). Alternatively, it 

has been hypothesized that compulsive behavior in substance dependence is a result of 

abnormally heightened propensities or advantages for drug-related behavior in action 

selection mechanisms, without a failure in the computation of action values (Dayan, 2009). 

This provides a computational foundation for the hypothesis that drug-related behavior 
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becomes habitual and compulsive as the control over the voluntary drug use is lost. This 

behavioral shift may be explained by a transition at the neural level from prefrontal cortical to 

striatal control; as well as a transition from ventral to more dorsal domains of the striatum 

(Everitt and Robbins, 2005; Everitt et al., 2008).  

It has also been argued that substance dependence may not be explained purely by 

learning behavior. Incentive sensitization theory regards increased saliency of the drug-related 

stimuli and enhanced motivation for pursuit of drug reinforcer as the primary mechanism of 

substance use disorder (Robinson and Berridge, 1993, 2003). According to this theory, as the 

dopaminergic pathway is sensitized by drugs of abuse; drug-related cues, which trigger a 

release of dopamine, capture all attention and lead to habitual and Pavlovian responses to 

seek and obtain drugs. Moreover, decreased dopaminergic response to natural reinforcers may 

also aggravate abnormally enhanced saliency of drug-related cues (Wrase et al., 2007b; 

Deserno et al., 2014). This blunting in the sensitivity for non-drug-related stimuli may render 

dependent individuals fixated to the addictive drug (Heinz et al., 2004; Volkow et al., 2004; 

Heinz, 2005). Moreover, incentive sensitization theory holds that as dependence progresses, 

addicts develop a tolerance that increases the desire to obtain larger doses.  

To adapt to the changes in an environment, it is essential that subjects exert control 

on habitual behavior. More recently, it has been argued that the shift from recreational use to 

compulsive drug use may be explained by the interactions between the habitual, rigid, model-

free control;  and the goal-directed, flexible, model-based control of behavior (Daw et al., 

2005; Everitt and Robbins, 2005; Lucantonio et al., 2012, 2014). It has been argued that the 

former (related to the dorsolateral striatum) has to do with the automated “Pavlovian” 

responses in drug use disorder, and the latter (related to the PFC) predicts the long-term 

adverse effects and exerts control over the habitual behavior (Ainslie, 2001). Accordingly, it 

has been put forward that drugs can disturb the balance between these two systems; even 

more, they can introduce a bias towards habitual control of behavior (Lucantonio et al., 2014). 

A large body of addiction literature on prefrontal and orbitofrontal impairments supports this 

hypothesis (Goldstein et al., 2004; Goldstein and Volkow, 2011; Lucantonio et al., 2014). It is 

important to bear in mind that this hypothesis does not exclude the role of prediction of values 

associated with drug-related cues. Moreover, it is also in line with the incentive sensitization 

theory of substance dependence, which can also contribute to this “imbalance” hypothesis as 

the increased salience of immediate drug-related stimuli would prevent diverting the attention 

towards long-term effects and hinder model-based system’s evaluation of future states 

(Dayan, 2009). 

Last but not least, relapse following a reexposure to drugs or drug-related cues 

(including people, places or feeling related to drug use) is another important phenomenon in 

substance dependence as the vulnerability can persist after years of abstinence (Hyman, 2005; 
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Kalivas and Volkow, 2005). Several attempts have been made to explain relapse using the 

theoretical RL framework (Redish et al., 2007). However, it is difficult to provide a precise 

RL account of relapse due to the complexities of extinction processes taking place during 

abstinence, and effects of external factors, such as stress (Dayan, 2009). 

 In summary, dopamine seems to play a number of roles in the initiation of drug 

taking and development of compulsive drug use. A tremendous effort has been given to 

explain these stages of behavior using the theory of RL. While initiation can be rather easily 

accommodated within this framework, compulsive use is more complicated to explain in the 

context of RL theories. Interactions between Pavlovian vs. instrumental learning and model-

free vs. model-based learning have been emphasized; however, it is possible that many 

different mechanisms, including the ones without the involvement of dopamine, also play a 

part.   

1.5. Reversal Learning in Substance Use Disorder 

 

Adaptation is a skill that is utmost important for survival. Reward-based reversal 

learning tasks have been widely used in cognitive neuroscience to access adaptive behavior in 

response to the feedback that is given by the environment subject lives in (Rolls et al., 1994; 

Dias et al., 1996; O’Doherty et al., 2001; Cools et al., 2002; O’Doherty et al., 2003; Clark et 

al., 2004; Remijnse et al., 2005; Remijnse PL et al., 2006; de Ruiter et al., 2009). These 

paradigms mimic a real-life scenario in which individuals need to adapt their behavior 

according to ever changing contingencies of nature. Moreover, probabilistic versions of these 

tasks mimic the inherent uncertainty of the feedback in nature, as a response can sometimes 

yield a punishment while it mostly results in a reward or vice versa. The reversal learning 

paradigm, which involves sudden and uninformed changes in reward contingencies, has been 

shown to be useful in identifying the difficulties of various neurological or psychiatric groups 

in flexible learning from probabilistic feedback. For instance, several studies demonstrated a 

declined behavioral adaptation in attention-deficit hyperactivity disorder (Itami and Uno, 

2002), schizophrenia (Schlagenhauf et al., 2009), obsessive compulsive disorder (Remijnse 

PL et al., 2006); as well as in patients with brain lesions (Rolls et al., 1994; Fellows and 

Farah, 2003; Tsuchida et al., 2010). 

Reversal learning task has also been used as a measure of cognitive inflexibility in 

substance use disorder research (Izquierdo and Jentsch, 2012). Several studies using different 

versions of this task have demonstrated reduced behavioral adaptation in various substance-

dependent populations (Kodituwakku et al., 2001; Fillmore and Rush, 2006; Ersche et al., 

2008; de Ruiter et al., 2009; Boog et al., 2014; Vanes et al., 2014); as well as in individuals 

with prenatal alcohol exposure (Kodituwakku et al., 2001). It has repeatedly been 
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demonstrated that addiction seems to disrupt inhibition of the previously established 

responses, rather than effecting the acquisition of a new response. Moreover, the disruption 

might be long lasting and can contribute to relapse (Stalnaker et al., 2009; Lucantonio et al., 

2012). 

Performance in reversal learning relies on effective feedback processing, as well as 

flexible response selection; and is subject to various neuromodulatory effects of dopamine, 

serotonin, and noradrenaline (Kehagia et al., 2010). In their seminal paper, Jentsch, Taylor, 

and colleagues were first to show reversal learning impairments in monkeys after cocaine 

exposure (Jentsch et al., 2002). This study has then been replicated in mice, rats, monkeys and 

humans by many others (Schoenbaum et al., 2004; Fillmore and Rush, 2006; Ersche et al., 

2008; Porter et al., 2011). Interestingly, the impairment was found to be limited to adjusting 

behavior to the changes in acquired associations and did not affect the initial acquisition of 

the associations. Since this pattern of impairment has also been observed in animal or human 

subjects with OFC lesions (Fellows and Farah, 2003; Murray et al., 2007; Tsuchida et al., 

2010), it has been hypothesized that drugs can create cognitive inflexibility through long-

lasting alterations in the OFC (Stalnaker et al., 2009; Lucantonio et al., 2012). Moreover, the 

OFC has been proposed as a neural substrate for the hypothesis stating that compulsive 

behavior in substance dependence is an inevitable outcome of the disturbed balance between 

the goal-directed model-based, and habitual model-free control of behavior (Lucantonio et al., 

2012).  

The OFC account of cognitive inflexibility is based on the analogy between observed 

patterns of behavior of substance-dependent individuals and patients with OFC lesions. 

However, it is possible that cognitive inflexibility could also be formed due to additional 

changes in other brain regions implicated in adaptive decision making (Lucantonio et al., 

2012). For instance, the basolateral amygdala, with its substantial anatomical and functional 

connections may also be implicated in maladaptive decision making, as it has been shown that 

OFC lesions cause abnormally inflexible associative encoding in the amygdala (Saddoris et 

al., 2005). More surprisingly, when both of these structures were lesioned, animals displayed 

a typical performance in a reversal learning task (Stalnaker et al., 2007), suggesting that these 

two regions were not required for learning reversals. Indeed, it has been proposed that there 

may be other mechanisms at play in behavioral adaptation, such as the DLPFC, which has 

also been shown to be implicated in alcohol use disorder (Park et al., 2010). 

1.6. Model-based Approaches to Brain Imaging 

 

In recent years, there has been an increasing interest in understanding the neural 

computations underlying reward-based decision making using model-based fMRI designs 
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(Glaescher and O’Doherty, 2010). It is useful to note, particularly for readers who are more 

familiar with the models in the connectivity analyses, that this method is called model-based 

fMRI because it combines fMRI with computational models for learning and decision making 

processes via some internal variables such as PEs, or expected values. These mathematical 

models, usually RL models (Sutton and Barto, 1998) and more recently also Bayesian models 

(Behrens et al., 2007, 2008), have been used to test hypotheses about the computations taking 

place during the task. 

 

Figure 1.2 “Application of the computational model to functional magnetic resonance imaging (fMRI) data. 

Internal variables derived from the model [e.g., PEs (PEs), modeled at the time of the outcome presentation of 

each trial] are converted into a time series and convolved with a hemodynamic response function thus yielding a 

regressor in a single-subject fMRI design matrix. This general linear model is fitted at each voxel in the brain. 

Subsequent statistical contrasts for the parameter estimates of the newly created regressor yield a statistical map 

describing the degree of correlation between activity in a particular BOLD time series voxel and the internal 

variable of interest (in this case the PE). Finally, the goodness of fit of the model-based variable with the time 

series in a particular brain region can be visualized by plotting the event-related averaged time series for a given 

trial or event, separated into bins, which capture different levels of the internal variable (here: low, medium, and 

high PEs).” (The figure and its caption are copied from Figure 2 in Glaescher J, O’Doherty JP (2010) Model-based 

approaches to neuroimaging: combining reinforcement learning theory with fMRI data. Wiley Interdisciplinary 

Reviews: Cognitive Science 1:501–510 with the author’s permission.) 

Experiments taking model-based approach usually start with defining a computational 

model according to an a priori assumption, previous literature, or more often after comparing 

multiple learning models and selecting the model that provides the best prediction of the 
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behavioral data. The chosen model is then used to generate internal variables, which represent 

a trial-by-trial change in the cognitive operation of the subject. These internal variables are 

then used to create predictor variables in the design matrix and regressed against individual 

fMRI data at the first level fMRI analysis (Figure 1.2). The parameter estimates (beta 

parameters) of the regression model for these internal variables indicate the strengths of the 

correlation between BOLD activity and the computational process that are captured by 

internal variables. A significant contribution of this method is that it enables testing of the 

hypothesis related to how the brain carries out given cognitive processes (Glaescher and 

O’Doherty, 2010). This is clearly an advantage over conventional event-related fMRI designs, 

which can only identify the brain regions that change activity in response to specific events of 

the task, but cannot provide information about the distinct role of these brain regions in 

mediating the observable behavior (Glaescher and O’Doherty, 2010). 

Model-based fMRI studies have also confirmed the surprising similarities between 

RL theories and the neurobiology of reward-based learning. RL models are mainly based on 

two variables: PEs and expected reward values, which have also been of particular interest in 

these studies. It has been now established that BOLD activity in the ventral striatum (VS) 

shows high correlation with the reward PE (Pagnoni et al., 2002; McClure et al., 2003). The 

medial PFC and medial OFC, on the other hand, seem to represent the expected value signal 

(O’Doherty et al., 2003; Glaescher et al., 2009). These results suggest that distinct areas of 

brain carry out particular computational processes, which may be conjointly involved in 

value-based decision making.  

1.7. Computational Psychiatry and Substance Use Disorder 

 

Computational psychiatry is an interdisciplinary field that lies at the intersection of 

computational neuroscience and psychiatry (Huys et al., 2011b). The primary objective of the 

field is to understand the neural and cognitive processes underlying various psychiatric 

disorders. Computational psychiatry covers a broad spectrum of models at different levels, 

from neurons to networks and high-level cognitive models, in which the neurobiological 

alterations can be conceptualized. This approach also inspires experiments which are 

designed to capture the computational and neural processes with the help of these models 

(Huys et al., 2016).  

One of the most successful implementations of this approach has been in 

understanding substance use disorders. RL models have been the obvious choice for the 

computational framework since these models provide a principled method to study the 

anomalous decision making (Glaescher and O’Doherty, 2010). Moreover, dopamine, which is 

central to the RL theory’s account of reward-based decision making, has also been shown to 
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play a direct role in substance dependence disorder (Montague et al., 1996; Schultz et al., 

1997; Sutton and Barto, 1998; Volkow et al., 2009). Until this date, four studies combined 

model-based fMRI analysis method with computational behavioral models to explore the 

impaired decision making in substance use disorder (Chiu et al., 2008; Park et al., 2010; 

Tanabe et al., 2013; Deserno et al., 2014). These four studies are briefly summarized below in 

chronological order: 

Chiu et al. (2008): This study investigated fictive learning in nicotine addiction based 

on the idea that behavior is not only guided by gained rewards, but also by ‘fictive’ outcomes, 

which are the outcomes that have not been experienced. Therefore, authors assumed that 

fictive outcomes also have their PE signals. The choice behavior of cigarette smokers and 

nonsmokers during an investment task was used to compute fictive PEs. However, the authors 

did not use RL models, but instead performed a linear mixed-effects multiple regression 

analysis for this computation. The Authors hypothesized that these fictive error signals would 

have diminished influence on investment decisions of nicotine users. The results showed that 

although the fictive error signals were robustly represented at a neural level, they failed to 

influence behavior in nicotine addiction. 

Park et al. (2010): This study analyzed neural substrates of impaired behavioral 

adaptation in alcohol use disorder using the behavioral data of a smaller sample (20 alcohol-

dependent patients, 16 controls) and the same task design of this thesis. PE signals were 

derived using the standard Rescorla-Wagner model. Model-based fMRI analysis revealed no 

significant difference between the groups in PE-related activity. The authors compared the 

striatal connectivity changes due to outcome valence with the assumption that enhanced 

striatal connectivity in the DLPFC during rewarded trials reinforces the associated action; 

whereas diminished connectivity on punished trials decreases the influence of the punishment 

on action selection. They reported abnormal valence-moderated striatum-DLPFC connectivity 

in the patient group. 

Tanabe et al. (2013): This study used a modified version of the IOWA gambling task 

(Bechara et al., 2001), which simulates a risky and uncertain environment for decision 

making. Choice data were modeled, and PEs were computed using an RL model (Stout et al., 

2004). Behavioral modeling results revealed decreased loss sensitivity in polydrug abusers. 

Moreover, model-based fMRI analysis showed decreased PE-related activity in abusers in a 

priori defined regions of interest in the VS and medial OFC. 

Deserno et al. (2014): This multimodal imaging study, using a smaller sample (13 

alcohol-dependent patients, 14 controls) and the same task of this thesis, studied the craving 

dynamics in alcohol use disorder. The study was based on the hypothesis that drug-elicited 

striatal dopamine release impairs the neural processes concerning with flexible reward 

learning from non-drug-related rewards, creating a bias towards drug-related rewards and 
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craving (Wrase et al., 2007b; Beck et al., 2012). The first question of the study was whether 

PE-signaling in the VS would predict the amount of craving for alcohol. The second issue 

was whether dopaminergic regulation of learning signals would be altered in alcohol use 

disorder. The study combined the standard Rescorla-Wagner model with model-based fMRI. 

Ventral striatal dopamine synthesis was assessed with 6-[
18

F]fluoro-DOPA positron emission 

tomography. The study did not show any impairment in PE-related activity. Striatal dopamine 

synthesis capacity also did not differ between the groups. Authors reported an inverse 

correlation in patients between ventral striatal PE coding and craving for alcohol. A negative 

correlation was also present between ventral striatal PE signals and dopamine synthesis 

capacity in the control group, but not in the patient group. Authors suggested a disrupted 

dopaminergic modulation of learning signals in alcohol use disorder, which may contribute to 

the craving for a drug. 

1.8. Introduction 

 

Alcohol remains the most frequently abused (McGinnis and Foege, 1993), yet the 

most harmful psychoactive substance when physical, psychological, and social effects are 

taken together (Nutt et al., 2010). It can create structural and functional changes in a network 

of cortical and subcortical structures, which have been affiliated with executive functions 

such as reward-based learning, flexible decision making and behavioral control of action 

selection (Moriyama et al., 2002; Ratti et al., 2002; Makris et al., 2008b, 2008a). These 

alterations in alcohol dependence gradually reduce cognitive control, deteriorating person’s 

ability to inhibit perseverative responses and adapt to the changes in environmental 

contingencies. Indeed, alcohol use disorder itself can be seen as an inability to adjust the 

responding to stimuli formerly coupled with alcohol (Stalnaker et al., 2009). 

Theories propose that substance dependence develops as the drug hijacks the 

affective system (Hyman, 2005; Schultz, 2011), while cognitive control over behavior is lost 

due to the hypo-functioning prefrontal cortical regions (Jentsch and Taylor, 1999). Such 

changes in judgment and decision making may last long, even after extended periods of 

abstinence (Lucantonio et al., 2012), possibly contributing to the compulsive drug use and 

vulnerability to relapse (Stalnaker et al., 2009; Lucantonio et al., 2012). Probabilistic reversal 

learning paradigm, which demands behavioral flexibility after the abrupt contingency 

changes, has been used as a valuable tool to examine the processes related to learning and 

decision making, which are central to understanding the adaptation deficits in addiction 

(Izquierdo and Jentsch, 2012). Experiments using probabilistic reversal learning tasks (PRLT) 

(Swainson et al., 2000) have demonstrated that various substance-dependent groups including 

alcohol (Park et al., 2010; Deserno et al., 2014), cocaine (Ersche et al., 2008) and stimulant-
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dependent patients (Ersche et al., 2011) have difficulties adapting to reversals. These findings 

suggest that impairments in cognitive flexibility in substance dependence persist during early 

abstinence (Ratti et al., 2002; Zinn et al., 2004). In this thesis, with a larger population than 

the samples studied by Park et al. (2010) and Lorenz et al. (2015), I made an attempt to 

replicate these previous findings on impaired behavioral adaptation. More specifically, based 

on these previous reports, I hypothesized that alcohol-dependent patients (ADP) would 

display slower learning in a reward-based decision making task. Moreover, based on the 

recent reports on perseveration in substance dependence (Jentsch et al., 2002; de Ruiter et al., 

2009; Ersche et al., 2011; Allen and Leri, 2014), I hypothesized that ADP would display 

perseverative behavior. 

Recently, there has been an increasing interest to understand the underlying 

computational mechanisms of reward-based learning impairments in substance use disorder. 

The RL theory has put forward plausible models to explain the trial-by-trial computational 

mechanisms underlying decision making at the level of information processing (Sutton and 

Barto, 1998). These models are based on the idea that organisms tend to repeat the actions 

which give them positive feedback and cease the activities that give them negative feedback. 

They rely on a teaching signal called “prediction error,” which is calculated just after 

receiving the feedback by subtracting the expected value of the chosen option from the actual 

feedback. In these models, reward expectations associated with actions are learned via PEs, 

without building an internal model of the environment. However, in addition to the “model-

free” account of learning (Daw et al., 2005), RL theories (Sutton and Barto, 1998) and dual 

process theories of psychology and economy (Kahneman, 2003) suggest a second type of 

learning that is goal-directed and “model-based.” Bayesian models have gained interest to test 

various hypotheses regarding model-based learning (Hampton et al., 2006; Schlagenhauf et 

al., 2014). These models construct a state-based representation of the environment and use 

outcome information as evidence to update the beliefs of all possible states via Bayes’ rule. 

Recent modeling studies showed that Bayesian models predicted the choices of healthy 

controls (HC) during a PRLT better than the model-free RL models (Hampton et al., 2006; 

Schlagenhauf et al., 2014). One of the goals of this thesis was to capture the differences 

between HC and ADP in underlying computations carried out by subjects. By comparing RL 

and Bayesian models with different assumptions about “model-based” and “model-free” 

learning, I made an attempt to determine the extent of task-related information taken into 

account by the participants. Based on the results of previous studies using a similar design 

(Hampton et al., 2006; Schlagenhauf et al., 2014), I hypothesized that subjects would infer the 

inherent asymmetry in the reward contingencies of the task, which was not explicitly told to 

the subjects before the experiment. 
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The combination of learning models and brain imaging holds promise for testing 

various hypotheses concerning the computational processes in reward-based decision making 

and the brain mechanisms responsible for these computations (Glaescher and O’Doherty, 

2010). Recently, by taking this model-based imaging approach (Montague et al., 2012), 

neural representations of PEs have been compared between addicted and control subjects to 

gain insight into the cognitive rigidity of addictive behavior. Interest has been focused on 

striatal impairments  (Park et al., 2010; Deserno et al., 2014) since addictive drugs seem to 

“hijack” reward-related processes governed by these structures and evoke a pattern of 

behavior similar to those evoked by natural rewards (Hyman, 2005). On the other hand, basal 

ganglia may not be the only component of the circuitry that is responsible for the maladaptive 

behavior in addiction. A collaboration between numerous brain areas is required for a flexible 

behavior (Schultz, 2000; Haber, 2003). For instance, error detection and response inhibition 

mechanisms, which have been affiliated with the ventrolateral, dorsomedial, and dorsolateral 

regions of the PFC, also play a part (Cools et al., 2002; Budhani et al., 2007; Mitchell et al., 

2009; Greening et al., 2011). Last but not least, transforming learned contingencies to 

adaptive decisions is a critical step in cognitive flexibility. This transformation, which has 

been related to the DLPFC and parietal brain regions (Kim and Shadlen, 1999; Gold and 

Shadlen, 2001; Wallis and Miller, 2003; Barraclough et al., 2004; Sugrue et al., 2005; 

Christakou et al., 2009), may be disturbed in addictive disorders. The disturbance may give 

rise to hasty decisions, which do not necessarily track the reward expectancies attached to 

them. This kind of uncoupling between value updating and action selection has previously 

been demonstrated in other substance-dependent groups on behavioral level (Stout et al., 

2004; Bishara et al., 2009; Fridberg et al., 2010; Tanabe et al., 2013; Vassileva et al., 2013; 

Ahn et al., 2014). Therefore, I hypothesized that the decisions of ADP would fail to track the 

reward expectancies, particularly when the decision variables should immediately be updated 

to ensure adaptation to reversals. 

Although decline of cognitive functions associated with the fronto-parietal regions 

has been extensively reported in ADP (Sullivan et al., 2000; Goldstein et al., 2004; Loeber et 

al., 2009; Charlet et al., 2014), relatively little research has been done to assess the role of the 

these regions in reward-based decision making in alcohol use disorder. A previous study 

using a partially overlapping sample of ADP reported intact striatal PE-signaling but 

disrupted functional connectivity between the striatum and the DLPFC (Park et al., 2010). 

However, no group difference was reported for PE-related activity in the prefrontal areas. 

Park et al. (2010) used a simple Rescorla-Wagner type model, which assumes that learning on 

each trial is driven by the most recently observed action-outcome association (Rescorla and 

Wagner, 1972). Although this model reliably predicts striatal PE-related activity, it is not 

associated with the state-based representations of the environment. However, “model-based 



 

21 

 

learning” appears to have neural correlates in the fronto-parietal network (Daw et al., 2005; 

Tanaka et al., 2006; Landmann et al., 2007a; Glaescher et al., 2010; Deserno et al., 2015). In 

this thesis, I sought to capture the PE-related signals in these higher-order brain regions by 

incorporating increasing amounts of task-related information into the behavioral models and 

comparing the model-fits. I hypothesized that impaired behavioral adaptation in ADP would 

have neural substrates in the fronto-parietal network due to its central role in behavioral 

control. Moreover, given the previous evidence on the association between 

neuropsychological impairments in executive functions and severity of addiction (Verdejo-

Garcı́a et al., 2005; Verdejo-García et al., 2006; Glass et al., 2009), I hypothesized that ADP 

with higher clinical severity would show greater impairment. 

There is growing evidence on distinct behavioral adaptation mechanisms in response 

to rewards and punishments (Frank et al., 2004; Yacubian, 2006; Liu et al., 2007; Wrase et 

al., 2007a; Bischoff-Grethe et al., 2009). Moreover, it is possible that these mechanisms have 

different interactions with substance use disorder (Paulus et al., 2008; Rossiter et al., 2012; 

Parvaz et al., 2015). Punishment processing is particularly relevant to adaptive behavior 

because environmental changes are often signaled by negative feedback, which seems to be 

often consciously acknowledged but behaviorally ignored by drug abusers. Previous 

behavioral modeling studies showed decreased punishment sensitivity in various other 

substance-dependent groups (Stout et al., 2004; Bishara et al., 2009; Fridberg et al., 2010; 

Tanabe et al., 2013). Therefore, I hypothesized that punishments in the current experiment 

would also have weak effects on the decisions of ADP. Furthermore, I sought to find distinct 

impairments in the neural correlates of positive and the negative PEs. Negative PE signals 

play a significant role in adapting the behavior to changing reinforcement by mediating the 

extinction of learned responses that are no longer associated with reward. Therefore, I 

hypothesized that changes in ADP would be particularly evident for the BOLD activity 

correlated with negative PEs. 

The mesolimbic circuit (striatum, amygdala, thalamus, and hippocampus) and the 

mesocortical circuit (medial, dorsolateral, and orbital prefrontal cortices) have been 

implicated in a wide range of addictive behavior (Goldstein and Volkow, 2002; Koob and 

Volkow, 2009). As recreational alcohol use progresses to compulsive dependence, alcohol 

seems to deteriorate the interconnections between these diverse brain regions. Hence, it has 

been put forward that an attenuated top-down control of PFC over dopamine-rich limbic areas 

may explain the loss of cognitive control over compulsive drug (Volkow and Fowler, 2000; 

Goldstein and Volkow, 2002). This idea has been confirmed by previous findings on 

decreased resting state functional connectivity (Liu et al., 2009; Gu et al., 2010; Ma et al., 

2010; Camchong et al., 2011) and psychophysiological interactions (PPI) connectivity (Park 

et al., 2010; Forbes et al., 2014) between striatum and cortical areas in various substance-
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dependent individuals. More recently, based on the hypothesis that adaptation occurs via 

surprise minimization throughout the brain (Friston et al., 2006), it has been proposed that PE 

also changes the interactions among brain regions in addition to being encoded in the brain as 

a teaching signal (Ouden et al., 2009; den Ouden et al., 2010). den Ouden et al., with an 

associative learning task, demonstrated a PE-regulated cortical coupling in human subjects, 

who were asked to acquire the affectively neutral relationships between stimuli. Based on 

these findings of den Ouden et al. (2009, 2010), I hypothesized that PE signals would 

modulate the functional connectivity among the components of the decision making circuit 

during the current task (Andersen and Cui, 2009; Phelps et al., 2014). PPI connectivity 

analysis is a method used to find whether psychological contexts modulate the functional 

coupling between two brain areas (Friston et al., 1997; Gitelman et al., 2003). By combining 

RL modeling with a PPI connectivity analysis via the PE as the “psychological context”, I 

investigated the disrupted functional connectivity in ADP between the DLPFC and the rest of 

the brain as a function of the PE.  

The DLPFC, with its anatomical connections to both reward-sensitive regions such as 

basal ganglia, OFC and vmPFC; and cognitive control-related regions such as intraparietal 

and premotor areas (Petrides and Pandya, 1999; Lehéricy et al., 2004), is a strong candidate 

for bridging value processing and action control for adaptive behavior (Dixon and Christoff, 

2014). This “bridging” implies an intact communication between the DLPFC and reward-

sensitive brain regions such as the medial PFC and the striatum (Rudebeck et al., 2013). 

Previous literature examining “self-control” demonstrated that optimal decision making, 

indeed, requires the intactness of the DLPFC-vmPFC connectivity (Hare et al., 2009; 

Hutcherson et al., 2012; Harris et al., 2013). For instance, it has been shown that when there is 

a conflict in decision making, normative decisions are guided by an efficient interplay 

between the DLPFC and the vmPFC (Baumgartner et al., 2011). Although, substance use 

disorder can be seen as a particular case of “sub-optimal” decision making, no research to 

date has been conducted on the functional connectivity of the DLPFC. Given the PE’s role in 

modulating the functional coupling between cortical regions during associative learning 

(Ouden et al., 2009), and the previous report on the abnormal striatum-DLPFC connectivity 

that predicted impaired learning of ADP; I hypothesized that ADP would show alterations in 

the PE-moderated connectivity between the DLPFC and the value encoding brain regions, 

such as the striatum and the vmPFC.  

Brain systems appear to be reorganized in substance dependence. The reorganization 

has been related to the implementation of alternative strategies, or compensation for the 

impaired mechanisms to achieve a normal or a near-normal performance on a 

neuropsychological task (Pfefferbaum et al., 2001; Vollstädt-Klein et al., 2010; Chanraud et 

al., 2011; Charlet et al., 2013). For instance, heightened activation in the left frontal and 
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cerebellar regions (Desmond et al., 2003), and enhanced functional connectivity between 

cingulate and cerebellar regions (Chanraud et al., 2011) have previously been reported in 

alcohol-dependent subjects performing working memory tasks. To inhibit the prepotent 

responses during a go-nogo task, cocaine addicts compensated the diminished activity in the 

ACC and the right prefrontal cortices with increased activity in the left cerebellum (Hester 

and Garavan, 2004). Based on these previous findings, I hypothesized that ADP would 

display increased DLPFC connectivity with posterior brain regions to compensate for the 

impaired DLPFC connectivity with value encoding brain sites. 

The degree of disrupted DLPFC-striatum connectivity has been shown to be 

significantly correlated with craving for alcohol (Park et al., 2010). Another study with young 

alcohol-dependent adults exhibited decreased medial PFC-nucleus accumbens connectivity in 

proportion to the frequency of use (Forbes et al., 2014). Additionally, striatal-DLPFC resting-

state connectivity strength seems to predict the amount of recent cocaine consumption 

(Forbes et al., 2014). Based on these findings, I hypothesized that addictive behavior 

characteristics would relate to the changes in the PPI connectivity, which was tested using an 

exploratory analysis with self-reported clinical questionnaire data. 

1.9. Outline of the Thesis 

 

This dissertation describes the behavioral modeling and neuroimaging analyses used 

to investigate the computational and neural processes underlying the impaired cognitive 

flexibility in alcohol dependence. It has eight chapters.  

In this first chapter, I give background information on RL theory and principles of 

reward-based decision making with a special emphasis on PE.  I continue with RL theories of 

substance dependence and mention the role of reversal learning tasks in research. I also 

provide background information on the model-based brain imaging approaches and its 

application in substance dependence research. I summarize previous studies that adopted the 

model-based imaging approach to examine addictive behavior. In the introduction section, I 

explain the objectives and the main hypotheses of this thesis. 

In chapter 2, I give demographic information about the subject sample. I also describe 

the experimental task design in detail. 

Chapter 3 includes the statistical analyses of behavioral data using standard statistical 

methods. In this chapter, I compare overall performance and learning curves of subject 

groups. I also report the results of the analyses on perseveration errors, probabilistic and 

spontaneous switching. This chapter includes a logistic regression analysis that models win-

stay and lose-shift behavior of the participants. 
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Chapter 4 provides background information about computational modeling approach 

used in cognitive neuroscience. In this chapter, I describe the methodology of model fitting 

and parameter estimation and compare two approaches: maximum likelihood estimation and 

Bayesian hierarchical modeling. This chapter continues with a detailed explanation of the 

behavioral models (RL and Bayesian models) used in this thesis. I report the model fitting 

results and compare the two model-fitting techniques. I also report the findings related to 

between-group comparisons of the fitted parameters. I then show the results of model 

selection analysis. The chapter ends with a validation of the best-fitting model with surrogate 

data. In the end, I relate the best-fitting model’s parameters to clinical questionnaire data. 

In Chapter 5, I provide a background on the methodology of the model-based fMRI 

and PPI connectivity analyses I used in the subsequent chapters. 

Chapter 6 starts with a description of the design I used in the event-based and model-

based fMRI analysis. I demonstrate the reward and punishment representations in the brain 

using an event-related fMRI analysis. Then, I relate punishment-related activity to the 

punishment sensitivity parameter of the best-fitting model. I also show brain activity related 

to behavioral control after rewarding or punishing feedback by modeling stay and switch 

events. In the second half of this chapter, I show the neural correlations of PEs across all 

subjects, and separately in HC and ADP. I report the between-group comparisons of PE-

related brain activations. In the end, I report the results of a regression analysis that relates 

severity of alcohol dependence to reduced PE-related activity. 

Chapter 7 focuses on the differences between the groups in the PE-moderated 

functional connectivity of the DLPFC. It starts with a description of the design of the PPI 

connectivity analysis and then reports its results. The chapter ends with an exploratory 

correlation analysis between the PPI connectivity results and clinical questionnaire data of 

ADP.   

In Chapter 8, I discuss the findings I reported in the previous chapters with the 

limitations of the methodologies. In the future outlook section, I suggest directions for future 

research. In conclusion, I summarize the insights drawn from the chapters. 
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2. Task and Subject Information  

2.1. Experimental Design  

 

Subjects performed a reward-guided decision-making task with dynamically 

changing reinforcement contingencies during functional magnetic resonance imaging data 

acquisition (see in Figure 2.1)  (Park et al., 2010; Schlagenhauf et al., 2013; Deserno et al., 

2014; Schlagenhauf et al., 2014). On each trial, subjects were asked to choose one of the two 

abstract visual stimuli presented on a computer screen for 2 s. Following the response, the 

selected stimulus and its feedback—either a green smiley for reward or a red frowny for 

punishment—stayed on the screen for 1 s. The experiment included two runs of 100 trials 

separated by a short break. Trial timings were jittered by an interval of 1–6.5 s.  

Trials were grouped into blocks with the following reward contingencies: 20% left- 

and 80% right-, (2) 80% left- and 20% right-, and (3) 50% left- and 50% right-hand choices 

leading to a reward, otherwise to punishment. Reward contingencies on the two options were 

fully anti-correlated during the block types (1) and (2), so that when one option led to a 

reward on 80% of occasions, the other option led to a punishment 80% of the time. Subjects 

started the experiment with either the block type (1) or (2). Block type shifted abruptly and 

unpredictably to any of the randomly chosen block types after ten trials (minimum block 

length) when the subject responded correctly (i.e. chose the higher rewarding option) to 70% 

of the trials of the entire block. Regardless of whether this learning criterion was fulfilled, 

maximum block length was 16 trials after which the reward contingencies changed 

automatically. 

Subjects were instructed to adapt their behavior according to the changes in reward 

contingencies and win as often as possible; however, they were not informed about the exact 

timing of reversals or the reward probabilities. Before entering the fMRI scanner, they were 

asked to perform a version without the changes in reward contingencies to become familiar 

with the probabilistic nature of the task. 
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Figure 2.1 The reward-guided decision making task with reversals. Subject selects one of the two abstract visual 

stimuli presented on a computer screen. The selected stimulus is marked with a square following his response. An 

associated feedback—either a green smiley for reward or a red frowny for punishment—is given. After an 

uninformed and sudden change in reward contingencies (denoted with “reversal” in the diagram), the subject 

receives a punishment (incorrect punishment) after selecting an option which was previously associated with a 

reward (correct reward). However, the task has a probabilistic nature and subject sometimes received a punishment 

from a correct action (correct punishment), or a reward from an incorrect action (incorrect reward).  

2.2. Subject Information 

 

34 abstinent, male alcohol-dependent patients and 26 male healthy controls 

participated in the experiment. Subjects had no other neurological or psychiatric disorder and 

no current drug abuse other than nicotine. All ADP were diagnosed according to the 

International Classification of Diseases and Related Health Problems 10th edition (ICD-10, 

World Health Organization, 2004) and Diagnostic and Statistical Manual of Mental Disorders 

4th edition (DSM-IV, American Psychiatric Association, 1994). The severity of dependence 

and craving for alcohol were assessed with the Alcohol Dependence Scale (Skinner and Horn, 

1984) and the Obsessive Compulsive Drinking Scale (Anton, 2000). The total amount of 

alcohol intake (LDH_KG) and the amount of alcohol intake in the past year (LDH_KG_1) 

were evaluated with the Lifetime Drinking History Questionnaire (Skinner and Sheu, 1982). 

During fMRI sessions, ADP had been abstinent and were free of psychopharmacological 

medication for a minimum of 4 half-life periods. Groups did not differ in age, sex, 

handedness (Oldfield, 1971) and verbal intelligence as assessed with a German vocabulary 

test (Schmidt and Metzler, 1992). However, there were significantly more chronic cigarette 

smokers in ADP (see Table 2.1 for sample characteristics). 

The study was approved by the Ethics Committee of Charité - Universitätsmedizin 

Berlin and all subjects signed written consent after all procedures were explained thoroughly.  
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Table 2.1 Subject characteristics. EDI: The Edinburgh inventory  for handedness, OCDS: Obsessive Compulsive 

Drinking Scale, ADS: Alcohol Dependence Scale, LDH_KG_1: lifetime drinking history – intake in the past year 

in kg, LDH_KG: lifetime drinking history – total intake in kg. 

  Alcohol-dependent patients (34) Healthy controls (26) Statistics p 

Age 44.73 ± 8.27, 23‒60 years 41.92 ± 9.59, 28‒61 years t58 = 1.21 0.22 

Sex All male All male 

  Smoking 25 Smokers 11 Smokers χ2 = 4.75 0.02 

EDI Right-handed Right-handed 

  
Verbal IQ 102.85 ± 8.92, 85‒125 103.80 ± 8.93, 90‒125 t58 = 0.41 0.68 

OCDS  Sum 17.48 ± 7.09, 4‒33 2.53 ± 2.56, 0‒11 t58 = -7.51 < 0.001 

ADS 15.48 ± 7.73, 1‒36 - 

  LDH_KG_1 89.10 ± 166.04, 2.10‒999 5.69 ± 13.27, 0.12‒68.88 t58 = -2.55 0.013 

LDH_KG 889.01 ± 757.45, 146.90‒2759 114.01±114.65,0.4‒410.5 t58 = -5.16 < 0.001 

Days of abstinence 17.55 ± 7.92, 7‒46 days  -     
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3. Statistical Analysis of the Behavioral Data  

3.1. Performance Comparison  

 

One hypothesis of this thesis was that alcohol-dependent patients (ADP) would 

perform worse than the age, IQ, and gender-matched healthy controls (HC). In this analysis, I 

compared various performance measures between the groups. The total number of correct 

responses and the number of blocks for which the reversal criterion was met were compared 

between the two groups using two-sample t-tests. Response times after positive (i.e. reward) 

and negative (i.e. punishment) feedback were compared using a group (2) x feedback valence 

(2) ANCOVA. All classical tests in this dissertation were performed in R 3.0.2 (R Core Team, 

2013). Greenhouse–Geiser correction was used whenever the sphericity assumption was 

violated. 

ADP met the reversal criterion (70% correct responses during a maximum block 

length of 16 trials) less often than HC (t58 = 1.99, p = 0.05; HC: 11.15 ± 3.86; ADP: 9.176 ± 

3.76; mean ± standard deviation (SD)). Compared to HC, ADP completed the task with a 

significantly lower number of correct responses (t58 = 2.586, p = 0.012, HC: 136.15 ± 6.14; 

ADP: 131.35 ± 7.78). No difference was found between the two groups in the total number of 

valid responses (t58 = 0.98, p = 0.32, HC: 197.92 ± 3.44; ADP: 196.73 ± 5.37). Furthermore, a 

group x feedback valence ANCOVA with response times as the dependent variable showed 

no significant main effects of group (F(1,58) = 0.002, p = 0.960) or feedback valence (F(1,58) 

= 2.986, p = 0.089); nor a significant group x feedback valence interaction (F(1,58) = 1.031, p 

= 0.314). 

3.2. Learning Curve 

 

I hypothesized that ADP would learn slower than HC. I expected that the slower 

learning would be more prominent during the first block of the experiment. To test these 

hypotheses, I constructed the average learning curves of HC and ADP (Figure 3.1) by plotting 

the mean correct responses (choosing the stimulus with higher reward probability was 

considered as a correct response) as a function of trial number. Learning plots show the 

behavioral adaptation to the changes in reward contingencies during the first ten trials, which 

constitute the minimum length of the blocks. Learning curves of the individuals are also 

shown in Appendix A Figure A.1–Figure A.5. 

To compare the adaptation performance of subject groups, I performed a repeated 

measures ANOVA in R 3.2.0 (R Core Team, 2013) with a between-subjects factor “group” 

and a within-subjects factor “trials.” Group had two levels for HC and ADP; whereas trial had 

ten levels for each trial after the reversals. Mean correct responses of the subjects at each trial 
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after reversals were defined as the dependent variable in the ANOVA. Greenhouse–Geiser 

correction was used whenever the sphericity assumption was violated. 

Results revealed a significant main effect of group (F(1, 58) = 5.546, p = 0.021), and 

trial (F(3.43, 210.53) = 61.719, p < 0.0001). No interaction effect was found between the 

factors group and trial (F(3.43, 210.53) = 1.019, p = 0.422).  

 

 

Figure 3.1 Learning curves of HC and ADP. Correct responses (selection of the stimulus with higher reward 

probability) were averaged over blocks of 10 trials. Shaded regions denote standard errors. 

To test the assumption that the impaired performance of ADP is more obvious during 

the initial phase of the experiment and the group difference in learning curves varies between 

the first and the second sessions of the experiment, I plotted the learning curves of HC and 

ADP for the 1
st
 and the 2

nd
 session (Figure 3.2) and performed a 2 x 2 x 10 repeated measures 

ANOVA with factors group (2 levels for HC and ADP), session (2 levels for the 1
st
 and the 

2
nd

 session), and trial (10 levels for each trial after reversals). I observed significant main 

effects of group (F(1, 58) = 5.546, p = 0.021), and trial (F(3.42, 198.88) = 61.719, p < 

0.0001); however, no significant difference in learning was found between the two sessions 

(F(1, 58) = 0.140, p = 0.708). Additionally, no significant interaction effects was found 

between the factors group x session (F(1, 58) = 0.165, p = 0.685), group x trial (F(3.42, 

198.88) = 1.019, p = 0.422), session x trial (F(5.841, 338.778) = 1.445, p = 0.165), or group x 

session x trial (F(5.841, 338.778) = 0.385, p = 0.942).  
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Figure 3.2 Learning curves of HC and ADP in the 1st session (LEFT) and the 2nd session (RIGHT)of the 

experiment. 

3.3. Perseveration 

 

Inability to switch responses despite the presence of negative feedback or absence of 

reward feedback is defined as perseveration, which is one of the key behavioral measures of 

the performance on probabilistic reversal learning tasks. The number of consecutive incorrect 

responses immediately following the change in reinforcement contingencies has been 

traditionally used as a measure of perseveration (Ersche et al., 2011). One of the hypotheses 

of this thesis was that ADP would show perseveration after reversals, i.e. abrupt shifts 

between reinforcement contingencies. In this analysis, I assessed perseverative responding of 

subjects with the number of errors subjects received before shifting response. I excluded the 

error that immediately followed the reversal, as this error signals the shift in the reinforcement 

contingencies initially. I also excluded the errors made in the blocks with 50% - 50% reward 

probabilities. I then calculated the mean perseverative errors by dividing the total number of 

perseverative errors by the number of reversals experienced by the subjects.  

A nonparametric Mann-Whitney test (a nonparametric test was chosen because of the 

violation of normality assumption) examining the mean perseverative errors revealed no 

significant group difference. However, there was a trend that ADP made more perseverative 

errors than HC (Mann-Whitney U = 331, p = 0.097, HC: 0.645 ± 0.534; ADP: 0.937 ± 0.392, 

median ± median absolute deviation).  
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Figure 3.3 Mean perseverative error rates are shown for each group of subjects. Error bars denote standard 

deviation. 

3.4. Probabilistic and Spontaneous Switching 

 

The task used in this thesis was of probabilistic nature such that participants received 

intermittent negative feedback for a correct response. These are misleading probabilistic 

errors which should be ignored by the participants throughout the task. However, subjects 

sometimes made probabilistic switches and shifted their responses to the nonrewarded 

stimulus following a misleading negative feedback to a correct response. Additionally, 

subjects also made spontaneous switches because of shifting their response to the alternative 

stimulus without having received a misleading negative feedback.  

Total number of switches following the false feedback was divided by the total 

number of misleading, false feedback and plotted as probabilistic switches in Figure 3.4 A. 

Spontaneous switching was calculated by dividing the total number of spontaneous switches 

by the total number of rewarded trials and plotted in Figure 3.4 B. Spontaneous switching 

during the blocks with 50% - 50% reward probabilities (random blocks) was analyzed 

separately.  

Neither probabilistic switching (Mann-Whitney U = 442, p > 0.999, HC: 0.236 ± 

0.236; ADP: 0.236 ± 0.236, median ± median absolute deviation), nor spontaneous switching 

(U = 403.5, p = 0.457, HC: 0.051 ± 0.044, ADP: 0.103 ± 0.067) differed between groups. 

Additionally, no group difference was found in spontaneous switching during random blocks 

(U = 419, p = 0.603, HC: 0.101 ± 0.078; ADP: 0.127 ± 0.102). 



 

33 

 

 

Figure 3.4 A. Probabilistic switches. B. Spontaneous switches. Error bars represent standard deviation. 

3.5. Win-Stay and Lose-Shift Analysis 

 

I hypothesized that ADP would display perseveration in the experiment. The 

perseveration analysis in Section 3.3 did not reveal a significant between-group difference in 

perseverative behavior. However, I propose that ADP would still have adaptation impairment 

despite the fact that they do not necessarily maintain the same response after the reversals. 

The adaptation impairment might then be reflected as a decreased influence of punishments 

on response shifting. To test this proposal, I used a regression analysis similar to the one used 

by den Ouden et al. (den Ouden et al., 2013). I measured the extent to which subjects 

integrated the reward information from the previous four trials into their decisions to stay on 

the same option or switch to the other option. The behavior of choosing the same option upon 

receiving a reward from that option was defined as win-stay behavior; whereas the act of 

choosing the other option instead of the previous one which led to punishment was defined as 

lose-shift behavior. I performed this analysis in two levels. At the first level, I fitted a logistic 

regression model in R version 3.2.0 (R Core Team, 2013) to the win-stay/lose-shift behavior 

of each subject. The dependent variable in these logistic models was a binomial vector with 

[1] vs [0] for the left (L) vs right (R) stimuli. Win-stay and loss trial regressors were defined 

as following: If the outcome of the previous trial was a win on L, it was encoded as [1], and if 

the previous trial was a win on R, it was encoded as [-1] in the “win-stay” regressor. On the 

other hand, if the previous trial was a loss on L, it was encoded as [-1], and if the previous 

trial was a loss on B, it was encoded as [1] in the “lose-shift” regressor. All previous loss 

trials were encoded as [0] in ‘win-stay’ regressors, and all previous win trials were encoded as 

[0] in ‘lose-shift’ regressors. Both the win-stay and lose-shift regressors were included for a 

time lag of 4 trials, representing feedback on 1 to 4 trials back. R automatically included a 

constant regressor to the models. It is important to note that regressors for the win-stay and 

lose-shift behavior influenced by the probabilistic feedback, which is inherent in the task with 

the L: 50% - R: 50% condition, were defined separately. I included these “probabilistic win-
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stay” and “probabilistic lose-shift” in the model as nuisance parameters to reduce the 

confounding effects of the random feedback on the regressors modeling the actual win-stay 

and lose-shift behavior that subjects exhibited while learning a new reward contingency and 

adapt their behavior accordingly.  

At the second level, I analyzed the estimated beta-values of the win-stay regressors, 

and the loss-switch regressors with two independent repeated-measures 2x4 ANOVA. Both 

ANOVAs included a within-subjects factor “lag” with 4 levels for each time lag; and a 

between-subjects factor “subject group” with two levels for each subject group, HC and ADP. 

The first ANOVA had the win-stay regressors as the dependent variable; whereas the second 

ANOVA had the lose-shift regressors as the dependent variable. 

 

Figure 3.5 Parameter estimates of the (A) win-stay and (B) lose-shift regressors of a time lag of 4 trials. 

3.5.1. Win-Stay Behavior 

The parameter estimates for the 4 win-stay regressors are plotted in Figure 3.5 A. 

Comparison of the win-stay regressors with a 2x4 ANOVA revealed no between-group 

difference (F(1, 58) = 1.479, p = 0.229); however the main effect of the factor “lag” was 

found significant (F(3, 174) = 7.679, p < 0.0001). No interaction effect was found between 

the factors “group” and “lag” (F(3, 174) = 0.629, p = 0.597).  

Holm-Bonferroni corrected multiple comparisons tests revealed that it was more 

likely that subjects stayed in the same option after receiving a reward from one previous trial, 

compared to a reward at the 3
rd

 previous trial (t59 = 3.533, p = 0.004), or compared to a reward 

at the 4
th
 previous trial (t59 = 3.848, p ≤ 0.001). The first two previous rewards at time t-1 and 

at time t-2 affected the stay behavior at time t statistically alike (t59 = 2.406, p = 0.057). 

3.5.2. Lose-Shift Behavior 

I estimated the beta parameters of the 4 lose-shift regressors (see Figure 3.5 B) and 

entered them in a 2x4 ANOVA to test for group differences. I found a significant group 

difference between HC and ADP in lose-shift behavior (F(1, 58) = 5.971, p = 0.017).  The 

main effect of the factor “lag” was also found significant (F(3, 174) = 2.694, p < 0.047). No 
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interaction effect was found between the factors “group” and “lag” (F(3, 174) = 0.966, p = 

0.410). Holm-Bonferroni corrected multiple comparison tests showed that subjects integrated 

the negative feedback they received during the three previous trials statistically alike (1
st 

- 2
nd

: 

t59 = -0.406, p = > 0.999; 1
st 

- 3
rd

: t59 = -0.737, p = > 0.999; 2
nd 

- 3
rd

: t59 = -0.247, p = > 0.999), 

and statistically more than the punishment at the 4
th
 previous trial (1

st 
- 4

th
: t59 = 2.691, p = 

0.036). 
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4. Computational Modeling of Behavioral Data 

4.1.  Quantitative Modeling in Cognitive Neuroscience 

 

 A quantitative model is an abstract explanatory device that can describe, predict and 

explain the observable data (Luce, 1995; Lewandowsky and Farrell, 2010). Quantitative 

modeling has particular importance for understanding behavior in cognitive neuroscience 

because data do not speak for themselves, and their patterns or structures can only be 

understood via modeling. Several hypotheses about cognitive processes can be tested using 

computational modeling. For instance, multiple models can be formed to address several 

hypotheses. The model that provides the best explanation for the data set can be selected as 

the best-fitting model after a model comparison. One can then make inferences about the 

psychological processes or representations of interest using the best-fitting model. Here, it is 

import to note that model selection should not only depend on the quantitative evaluation but 

also should include intellectual judgment such that only the models which are biologically or 

physiologically plausible should be considered (Lewandowsky and Farrell, 2010).  

 A ‘good’ model not only describes the existing data but also predicts new 

observations (Lewandowsky and Farrell, 2010). Therefore, by retaining the crucial elements 

and discarding the unnecessary details, models provide a more abstract version of a system. 

For the sake of generalizability, models used in cognitive neuroscience often describe the 

normative behavior, which would be expected from humans when they conform to the rules 

of logic and probability. On the other hand, relatively more complex descriptive models are 

required to capture irrational human behavior (Kahneman, 2003). However, these models 

usually lack the generalizability and are devoid of psychological content. In this thesis, I use 

normative models to explain the reward-based learning and decision making behavior. The 

models in this thesis are ‘explanatory models’ or ‘process models’ as described in Luce et al. 

(Luce, 1995), such that unlike phenomenological models that treat human as a ‘black box’, 

they provide a detailed explanation of the hypothetical cognitive processes. 

4.2.  Model Fitting and Parameter Estimation 

  

 Model parameters are used to fine tune a model, once its structure is specified 

(Lewandowsky and Farrell, 2010). Varying the model parameters determines the performance 

of the model in explaining the behavior. The model parameters, which are called free 

parameters, are adjusted until the predictions of the model are in line with the data the model 

intends to explain. The adjustment process is known as model fitting, or parameter estimation, 

and the parameters which provide the closest prediction of the data by the model, i.e. 

minimize the difference between model’s predictions and data, are known as “the best-fitting” 
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parameter values. In addition to free parameters, models typically have fixed parameters, 

which take some meaningful constant values and do not vary according to data.  

 By adjusting free parameters, the goal of model fitting is to minimize the difference 

between the real data and the predictions of the model, which is quantified by a cost function, 

discrepancy function, error function, or objective function.   

4.2.1. Maximum Likelihood Estimation 

 One statistical approach to minimize the cost function is known as maximum 

likelihood estimation (MLE). The goal is to estimate the parameter value 𝜃, of the model Ϻ, 

which is maximally likely to predict the data D, if an identical (or similar) experiment is 

replicated in the future. The parameter θ that maximizes the probability of θ given the data is 

defined as the maximum a posteriori estimate 𝑃(𝜃|𝐷) and can be written as the following 

using the Bayes' theorem: 

 
𝑃(𝜃|𝐷) =

𝑃(𝐷|𝜃)𝑃(𝜃)

𝑃(𝐷)
 (1) 

In Equation 1, 𝑃(𝐷|𝜃) (also denoted as 𝐿(𝐷|𝜃)) is the likelihood of making the observations 

D given the parameters θ; 𝑃(𝜃) is the prior probabilities of the parameters before observing 

the data D. The probability of observing the data D need to be known and can be derived 

using the Equation 2 using all possible parameter values.  

 

𝑃(𝐷) = ∫ 𝑑𝜃𝑃(𝐷|𝜃) 𝑃(𝜃)

𝜃

 (2) 

Given that no prior assumptions are made about the parameters considered, the 

likelihood 𝐿(𝐷|𝜃) provides enough information to calculate the probability of parameters. 

Therefore, knowing 𝐿(𝐷|𝜃) is sufficient to estimate the most likely parameters given the data, 

i.e. maximum likelihood estimates, and to make inferences in model selection.  

One essential requirement for MLE is that the model should map parameter values to 

probabilities such that each parameter value should assign a probability value that represents 

how likely that parameter predicts the data. It is important to note that the models included in 

this thesis do not have a prespecified probability distribution, i.e. do not follow a probability 

density function, e.g. a Gaussian distribution. Instead, the data specifies the probability 

distribution. Because a number of data points from a number of participants are analyzed, 

given that the data points are independent, the joint likelihood is calculated by multiplying the 

likelihoods of individual points of a data vector D. Eq. 3 shows the joint probability 𝐿(𝐷𝑘|𝜃), 

where k indexes the individual observations.  

 

𝐿(𝑫|𝜃) = ∏ 𝐿(𝐷𝑘|𝜃)

𝐾

𝑘=1

 (3) 
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It is a good practice to take the logarithm of 𝐿(𝑫|𝜃) and use the log-likelihood 𝐿𝐿(𝑫|𝜃) 

instead, because when likelihood values are multiplied together, the results, which are in the 

units of 10
-10

, might create computational overflow problems and the log function keeps them 

in reasonable ranges. Models typically have multiple free parameters; therefore 𝐿𝐿(𝑫|𝜃) 

takes a shape of a multi-dimensional surface (see Figure 4.1). Therefore, model-fitting can be 

reduced to an optimization problem which can be solved using some algorithms such as the 

Simplex (Nelder and Mead, 1965). These algorithms typically approach the problem as a 

minimization problem; hence one adopted convention in model fitting is to reverse the sign of 

the log-likelihood and compute the negative log-likelihoods. It then becomes possible, to sum 

the log-likelihoods from single observations or participants to obtain the joint negative log-

likelihood 𝑁𝐿𝐿(𝑫|𝜃). 

 

𝑁𝐿𝐿(𝑫|𝜃) = −log(𝐿(𝑫|𝜃)) = ∑ ln(𝐿(𝐷𝑘|𝜃)) ,

𝐾

𝑘=1

 (4) 

In Eq. 4, k may index either observations or participants, depending on whether the joint log-

likelihood is calculated for one single participant, or for all participants (Lewandowsky and 

Farrell, 2010). The maximum likelihood estimates can then be rewritten as: 

 𝜃𝑀𝐿 = argmin
θ

𝑁𝐿𝐿(𝑫|𝜃), (5) 

where 𝜃𝑀𝐿 represents the parameter values at which the negative log-likelihood function is 

minimized. 

In addition to multiple data points and multiple parameters, the models in this work 

are fitted to the data of various participants. Although it is possible to compute a joint 

likelihood across participants by treating them as data points on a single data set, this makes a 

strong assumption that there is no variability between participants beyond the sampling 

variability within each participant. Particularly with behavioral data, this might be very 

problematic due to the substantial variance between participants which needs to be accounted 

for to achieve a satisfactory model fitting. Therefore, throughout this thesis, models are fitted 

to the data of each participant individually and best-fitting parameters of each were estimated 

separately.  
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Figure 4.1 The joint likelihood, L(θ1,θ2|y) as a function of two parameters, θ1 and θ2. 

In the next section, I will give brief information about the optimization algorithm I 

used for the MLE of model parameters. 

4.2.1.1. Simplex Method 

I adopted the Simplex method (Nelder and Mead, 1965) for MLE via the fminsearch 

function in MATLAB 8.1.0.604 (R2013a) (Anon, 2013). This algorithm (also-called polytope 

algorithm) is based on a geometrical structure called simplex, which consists of an arbitrary 

number of interconnected points in an arbitrary number of dimensions (Lewandowsky and 

Farrell, 2010). A simplex’ dimensionality corresponds to the dimension of the parameter 

space, and the number of interconnected points which form the simplex corresponds to a 

number one greater than the total number of parameters. For instance, if there are two 

parameters in a model, the simplex becomes a triangle projected in a 2D space, and each 

corner of the triangle corresponds to a conjunction of parameter values. Initial parameter 

values are used to calculate the cost function (the log-likelihood function in this case) at the 

starting point. The simplex then starts moving in the error surface towards the direction that 

gives smaller values of the log-likelihood function. The simplex moves either by flipping to 

the opposite side of the worst fit (highest log-likelihood) or by moving the parameter values 

giving the worst fit to the center of the simplex. This iterative process continues until the 

simplex arrives at the bottom of the error surface, where it reaches the predefined minimum 

step size on the error surface (see Figure 4.2).  
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Figure 4.2 The movement of a triangular simplex traveling towards the minimum of an error space projected in 2D 

space. The simplex comes to rest at the bottom when the minimum of the error space is reached.  

It is important to note that simplex algorithm does not require any prior knowledge 

about the parameter values; it only requires all parameters to be continuous.  At the outset, it 

needs a set of starting parameter values and the computation of the negative log-likelihood 

function.  

Despite the ease of use and high efficiency, the Simplex method has some drawbacks: 

(1) Most model parameters are required to be constrained within some reasonable 

range. However, Simplex method provides an unconstrained optimization. Some 

techniques to overcome this problem exist. One way is to assign very high values 

of negative log-likelihood values to the parameters lying outside an admissible 

range. Simplex then hits the barrier formed by this very high negative likelihood 

value, hence keeps the parameters within the range. One problem with this 

solution is that simplex might prematurely collapse into a local minimum, and 

inappropriate parameter values might then be returned as the solution 

(Lewandowsky and Farrell, 2010).   

An alternative way to overcome the issue of unconstrained parameters is to 

transform the parameters using the parameterization invariance property of 

maximum likelihood estimates. According to this property, if some 

transformation is applied to a parameter, finding the maximum likelihood 

estimate of the transformed variable is equal to finding the estimate of the 

parameter and then applying the transformation (Spanos, 1999).  
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(2) The simplex method becomes inefficient when the number of parameters is large, 

e.g. more than 5 (Lewandowsky and Farrell, 2010) such that the simplex fails to 

converge to the minimum of the error surface. 

(3) Another problem, which applies to all parameter estimation algorithms, arises 

when the shape of the error surface is not convex, but contains peaks, valleys, 

plateaus or ridges (Lewandowsky and Farrell, 2010). Independent of the number 

of parameters in the model, a simplex can collapse into and trapped in a local 

minimum instead of the global minimum.  Although there is no way to eliminate 

this problem completely, it might be alleviated by repeating parameter estimation 

with a number of different starting parameter values and picking the solution with 

the estimates representing the smallest negative log-likelihood value.  

I used the Simplex method for MLE since the number of parameters of the models 

employed in this work does not exceed five, which seems to be the maximum number of 

model parameters limiting the Simplex method’s efficient use. To keep the parameters of the 

models in a reasonable range, exponential and sigmoidal transformations were used whenever 

necessary (see in 4.4 Learning Models for the details). Finally, model fitting was repeated 

with 1000 different starting parameter values, and the parameter estimates giving the 

minimum negative log-likelihood values were selected as the maximum likelihood estimates.  

4.2.1.2. Parameter Uncertainty in Maximum Likelihood 

Estimation 

One feature of the parameters determined using the MLE technique is that they are 

point estimates which are subject to uncertainty. This uncertainty originates from the shape of 

the likelihood function and depending on the characteristics of the likelihood surface (an 

example is shown in Figure 4.1). A peaked likelihood function with higher curvature would 

imply a greater confidence in the estimated parameters because likelihood function would 

drop dramatically if we move away from the maximum likelihood estimate. Therefore, it is 

essential to quantify this variance and use it as a tool to understand the reliability of the best-

fitting parameters and to infer the vicinity of the “true” parameters (Lewandowsky and 

Farrell, 2010). 

The curvature of the likelihood function is quantified using the second partial 

derivatives of the likelihood surface with respect to the model parameters. While first partial 

derivatives measure the degree of the change in the likelihood with respect to the extent of 

change in the parameter values, the second partial derivatives indicate how rapid the change 

on the likelihood surface takes place as the parameter values change. The second partial 

derivatives are represented by a matrix called the Hessian matrix which is symmetric around 

the main diagonal. The components of the Hessian matrix lying on the main diagonal, which 
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are derived by taking the 2
nd

 derivative of the log-likelihood function with respect to the 

parameters (see Eq. 6), provide the curvature information. High values indicate a more peaky 

likelihood surface along that parameter. A standard error or a confidence interval around the 

parameter can then be calculated by taking the inverse of the Hessian matrix (the result is the 

covariance matrix) and taking the square root of the values.  

 𝜕2𝐿𝐿(𝐷|𝜃1, 𝜃2)

𝜕𝜃1𝜕𝜃2
 (6) 

A quadratic log-likelihood function is required to obtain a reasonable estimate of 

parameter uncertainty. Indeed, it has been shown that if this condition is not met, covariance 

matrix derived from the Hessian matrix yields unreliable estimates (Lewandowsky and 

Farrell, 2010; Pawitan, 2013) Additionally, calculating the Hessian matrix requires analytical 

computation of the second derivatives of the log-likelihood function. However, the models 

used in this thesis are highly nonlinear and analytical calculation of the second partial 

derivatives is often problematic. However, it is possible to compute the Hessian matrix by the 

following numerical approximation (Lewandowsky and Farrell, 2010): 

 𝜕2𝐿𝐿(𝐷|𝜃1, 𝜃2)

𝜕𝜃1𝜕𝜃2
≈

𝐶

4𝛿2
 ; (7) 

where,  

 𝐶 = 𝐿𝐿(𝐷|𝜃 + 𝑒𝑖 + 𝑒𝑗) − 𝐿𝐿((𝐷|𝜃 + 𝑒𝑖 − 𝑒𝑗) − 𝐿𝐿((𝐷|𝜃 − 𝑒𝑖 + 𝑒𝑗) +

𝐿𝐿((𝐷|𝜃 − 𝑒𝑖 − 𝑒𝑗). 
(8) 

In this thesis, I evaluated the standard errors of the estimated model parameters with this 

numerical approximation of the Hessian matrix (Eq. 7 and 8). I then used the standard errors 

as a diagnostic measure for assessing the shape of the multidimensional likelihood surface, 

i.e. testing whether it has a convex shape, and evaluating the reliability of the parameter 

estimates. 

4.2.2. Bayesian Hierarchical Modeling 

An alternative method for parameter estimation is to determine the parameters (mean 

and variance) of the posterior distributions of model parameters using Bayesian hierarchical 

modeling. In this approach, a model parameter θi can take any value from a hierarchical 

probability distribution describing the uncertainty around θi, instead of a specific single 

particular value. Hyper prior probabilities are specified by hyperparameters, which are also 

simultaneously estimated in terms of probability distributions. This form of modeling is called 

hierarchical modeling due to the dependence structure between the variables.  

Problems concerning numerical stability and estimations at parameter boundaries are 

typically observed in behavioral modeling (a more detailed explanation on the drawbacks of 

MLE method can be found in 4.2.1.1) (Wagenmakers et al., 2008; Wetzels et al., 2010; Daw, 
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2011). Prior distributions over model parameters provide a principled approach to tackling 

these optimization problems through utilization of the population information for parameter 

estimation. Population parameters impose a soft constraint on individual parameters and keep 

them in an acceptable range (Daw, 2011; den Ouden et al., 2013) by dragging them towards 

the mean values of hyperparameter distributions (Daw, 2011). This method is a viable 

alternative to imposing hard constraints on the parameter values. 

A simple hierarchical modeling scenario is explained below and depicted in Figure 

4.3 (Kruschke, 2010).  

 𝑃(𝑦|𝜃) = 𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖(𝑦|𝜃) = 𝜃𝑦(1 − 𝜃)1−𝑦 (9) 

 

According to a Bernoulli distribution, the bias of a coin θ determines the probability 

of getting head, where y takes 1 for head and 0 for a tail (Eq. 9).  

 

Figure 4.3 “A model of hierarchical dependencies for data from a single coin. At the bottom of the diagram, the 

datum yi for the ith flip depends on the value of the bias parameter θ in a Bernoulli distribution. The arrow has a 

“∼” symbol to indicate that yi ∼ bern(yi|θ). The ellipsis next to the arrow denotes the repeated dependency for 

every flip. Moving up the diagram, we see that the value of θ depends on a beta distribution, which has shape 

parameters a and b. The a, b values are reparameterized in terms of μ and K. The arrows impinging on a and b are 

labeled with “=” signs to indicate that these variables have a deterministic dependency, not a probabilistic one. K 

is a constant set by prior beliefs, expressing how strongly θ depends on μ. The hyperparameter μ expresses the bias 

of the mint that created the coin, and μ depends on a beta distribution with parameters Aμ and Bμ, which are set by 

prior beliefs. We simultaneously estimate the two parameters θ and μ.” The figure and its caption are copied from 

Figure 9.1 in Kruschke J (2010): Doing Bayesian Data Analysis: A Tutorial Introduction with R. New York, NY, 

US: Academic Press. with author’s permission.  

The prior distribution over θ, which is assumed to be a beta distribution is denoted by 

p(θ). The beta distribution has parameters A and B, which are reparameterized in terms of 

mean μ, and sample size K (see Eq. 10).  

 𝐴 =  𝜇𝐾, 𝐵 = (1 − 𝜇)𝐾 (10) 

The prior distribution P(θ), is, therefore, can be written as a function of μ and K: 
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 𝑃(𝜃|𝜇) = 𝑏𝑒𝑡𝑎(𝜃|𝜇𝐾, (1 − 𝜇)𝐾) (11) 

Large values of K indicate that P(θ) is very narrowly dependent on μ; while small K values 

mean that P(θ) is very widely dispersed around μ. To keep the example scenario simple, K is 

assumed to be a constant; whereas μ can vary between 0 and 1. Hence, P(μ) is specified as a 

hyper-level probability distribution over μ to represent this allowable range in the model. P(μ) 

is another beta distribution characterized by the constants Aμ and Bμ: 

 𝑃(𝜇) = 𝑏𝑒𝑡𝑎(𝜇|𝐴𝜇 , 𝐵𝜇) (12) 

An example of a hierarchical learning model used in this thesis with learning models 

is demonstrated in Figure 4.4. It is important to note that this sample model can be adapted 

flexibly to any likelihood function and can be modified to accommodate a higher number of 

parameters or subjects. The model in this example has two free parameters θ = {α, ρ} for 

predicting the behavioral choice data D = actionss, the actions of the subject s, drawn from a 

subject group, healthy controls (HC) or alcohol-dependent patients (ADP). As shown at the 

very bottom of the Figure 4.4, the two free model parameters: αs and ρs rely on group 

parameter distributions, 𝐵𝑒𝑡𝑎(𝛼𝑠|𝜇𝛼
𝐻𝐶 , 𝐾𝛼

𝐻𝐶) and 𝐵𝑒𝑡𝑎(𝜌𝑠|𝜇𝜌
𝐻𝐶 , 𝐾𝜌

𝐻𝐶), or 

𝐵𝑒𝑡𝑎(𝛼𝑠|𝜇𝛼
𝐴𝐷𝑃 , 𝐾𝛼

𝐴𝐷𝑃) and 𝐵𝑒𝑡𝑎(𝜌𝑠|𝜇𝜌
𝐴𝐷𝑃 , 𝐾𝜌

𝐴𝐷𝑃) depending on whether subject s belongs to 

HC or ADP. Definition of group parameter distributions make the assumption that the 

individuals of a particular group behave somewhat similarly; therefore the estimated 

parameters of different subjects should inform each other mutually (Daw, 2011; Huys et al., 

2011a). Like the simple Bernoulli example above, μα and μρ parameters also depend on a 

hyperprior uniform distribution which allows μα and μρ to vary between [0,1] and [0,20]. 

These values are arbitrarily set to yield plausible parameter values and can vary according to 

the model and parameter of interest. κα and κρ values depend on a hyperprior gamma 

distribution with parameters (1, 0.1). Please note the reparameterization of the beta 

distribution parameters (A, B) using (μ, κ) according to the Eq. 10. 

For each model in this thesis, I used the hierarchical Bayesian inference method to 

estimate the model parameters at the subject- and the group-level. I constructed a Bayesian 

graphical model for each candidate learning model in JAGS (Plummer, 2003) and applied a 

Markov Chain Monte Carlo (MCMC) algorithm with three chains of 50,000 Gibbs samples 

for evaluation. Only every 3
rd

 sample was retained to reduce autocorrelation. The first 3,000 

samples from each chain were discarded for burn-in, leaving 13,667 samples per chain 

(Gelman and Rubin, 1992a). For models with more than two free parameters, I used three 

chains of 100,000 Gibbs samples to ensure convergence. In this case, I discarded 5000 

samples for burn-in, which left a total of 28,333 samples per chain.  

Group prior distributions were only weakly informed to keep the estimated 

parameters in a reasonable range. For the parameters taking values between 0 and 1, I used a 
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Uniform(0, 1); whereas I used a group prior of Uniform(0, 20) for the parameters that can 

vary within a greater range, e.g. inverse temperature, reward sensitivity, and punishment 

sensitivity parameters. 

 



 

 

 

 
 

Figure 4.4 Hierarchical Bayesian graphical model with three levels and two parameters. The dependencies between the levels are shown as an arrow and a tilde sign next to an arrow indicates 

that the parameter pointed by the arrow is drawn from the above distribution. The learning model shown predicts the actions of a subject s drawn from a group (HC or ADP) using two free 

parameters: α and ρ. These parameters are drawn from two independent group parameter distributions which are defined as beta distributions with mean μ and sample size κ. Group parameter 

distributions of ADP are shown in blue. μ parameters depend on a hyperprior beta distribution. κ values depend on a hyperprior gamma distribution. Hyperpriors allow the parameters to vary 

between plausible values. Reparameterization of the beta distribution parameters, A and B, using μ and κ is also shown in ellipses with shade (gray for HC, blue for ADP). Adapted from the 

Figure 9.17 in Kruschke J (2010): Doing Bayesian Data Analysis: A Tutorial Introduction with R. New York, NY, US: Academic Press. with author’s permission. 
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4.2.2.1. Bayesian Inference with MCMC Sampling 

MLE yields point estimates of the parameters at the maximum probability of 

obtaining the data given the specified model and the model parameters. However, these 

values are subject to uncertainty due to a various source of variability, e.g. stochastic nature 

of the models, or the variability in the data source such that the subject behavior also has a 

stochastic nature (Lewandowsky and Farrell, 2010). Therefore, instead of point estimation, a 

more informative approach is to estimate the posterior distributions of the model parameters 

P(θ|D). Posterior probabilities of the parameters provide a complete knowledge of the 

parameter values. They can be calculated by multiplying the likelihood with the prior 

distributions according to the Equation 1. For highly nonlinear models, like the computational 

behavioral models used in this thesis, it is not possible to determine the posterior distributions 

analytically. Therefore, a sampling method, called MCMC sampling, must be used to 

approximate the posterior distributions of the parameters. MCMC methods rely on sampling a 

larger number of representative points, i.e. samples, which are used to construct the 

descriptive statistics, i.e. mean, variance, etc. of the posterior distributions.  

4.2.2.2. Gibbs Sampling 

Markov chains move stochastically through the parameter space in several ways, 

which are determined by algorithms such as Gibbs sampling. Gibbs sampling algorithm is 

based on a random walk process through the parameter space which starts at some arbitrary 

point. Each step of the walk is Markovian, such that the sample value depends only on the 

sample value at the previous step.  At each step, a new value of the component parameter θi is 

sampled from the conditional posterior distribution p(θi | θ!i, D), by keeping the all the other 

parameters θ!i, unchanged except the component parameter θi, which is typically selected in 

order, eg. θ1, θ2, θ3, …, θi, θ1, θ2, θ3…, θi. The sampling process repeats itself until a very high 

number of samples, which are typically formed into chains, converge in a certain posterior 

distribution.  

4.2.2.3. MCMC Diagnostics 

The principle behind the MCMC algorithm is to create a Markov process that would 

create a distribution the same as the posterior distribution of interest. MCMC algorithm 

should be run for a large number of iterations to make sure that a close approximation of 

posterior distributions is achieved. However, a major pitfall of MCMC methods is the 

difficulty to detect the convergence of the algorithm and determine the required number of 

samples and chains that would guarantee the accuracy of the estimated posterior distributions 

(Sinharay, 2003). Various diagnostic tools exist for assessing the convergence; however none 
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of them provides a sufficient measure for convergence. Therefore it is usually a good practice 

to apply more than one tool to increase the chances of assessing the convergence correctly 

(Sinharay, 2003). 

In this thesis, all parameters of a learning model are simultaneously monitored for 

convergence (Gelman and Rubin, 1992a). Instead of one long chain, several long chains were 

used with different starting values. These chains were then visually analyzed for each 

parameter whether they stabilized at the same region of the sample space (Gelman and Rubin, 

1992a, 1992b). This stabilization is shown using a time-series plot of running mean, the 

average of all values sampled up to a given iteration, of each parameter in each chain 

(Sinharay, 2003). In the case of convergence, the running mean of a parameter stabilizes at 

the posterior mean of that parameter.  

Another diagnostic tool for assessing convergence is called Gelman-Rubin 

Convergence Measure (Gelman and Rubin, 1992a), which is implemented in JAGS toolbox 

(Plummer, 2003). Gelman-Rubin Convergence Measure compares the dispersion between the 

chains against the dispersion within the chains. A potential scale reduction factor is computed 

at the end of the algorithm which is given by the formula: 

 

𝑃𝑆𝑅𝐹 = √
𝑛 − 1

𝑚
+

1

𝑛

𝐵

𝑊
 (13) 

, where B is the variance between the means of the m chains, W is the average of the m 

within-chain variances, and n is the number of iterations of the chains. PSRF takes the value 1 

in the case of convergence, and it is typically acceptable for PSRF to take values less than 1.1 

or 1.2.  This level of PSRF would mean that the chains traversed the sample space, and the 

posterior distributions are not affected by the starting values. In this thesis, I report the 

multivariate PSRF of each model.  

Correlated model parameters issue a major problem in MCMC (Sinharay, 2003). In 

Gibbs sampling, the change in one parameter is conditional on the other parameters of the 

model. In the case of highly correlated model parameters, the change occurring at each step of 

the chain can, therefore, be too small to transverse the parameter space. As a result, sampling 

may be stalled, and chains may not converge, yielding inaccurately estimated posterior 

distributions. A large number of samples may then be needed to traverse the whole sample 

space of the parameters. Therefore, autocorrelation functions therefore provide an indirect 

measure to assess convergence. Correlated parameters in MCMC can usually be diagnosed by 

plotting the autocorrelation of parameters through samples. The autocorrelation converges to 

zero as the lag between samples increases, if model parameters are not highly correlated. 

High autocorrelation in the chain is usually an indicator that the model tends to linger at one 

value (gets stuck) due to interdependency between the model parameters. This malingering 
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requires longer multiple chains with a larger thinning constant to ensure a good estimate of 

distributions. In this thesis, for each model fitting in JAGS (Plummer, 2003), I showed 

autocorrelation plots for each model parameter.  

4.2.2.4. Group Parameter Comparison with MCMC Samples 

One of the main objectives of this thesis was to understand the computational 

processing underlying the cognitive flexibility of the participants through computational 

learning models with various free parameters. The main goal of this analysis was to compare 

the parameters of the models between the subject groups with the assumption that the 

differences between subjects groups in these computations can be captured by model 

parameters that are estimated by the model-fitting techniques as explained above. Due to the 

fact that MLL estimated parameters can yield inaccurate results, I adopted a Bayesian 

approach to compare the parameter distributions. This approach allowed me to compare the 

group distributions of the parameters. The analysis is based on the idea that if MCMC 

samples approximate the group distributions, subtraction of these samples can estimate the 

“difference distributions.” 

I computed the differences between the samples of the two groups (HC > ADP) for 

each parameter at each step in the MCMC chains. These sample differences were then plotted 

in a histogram for each model parameter. The null hypothesis (H0) was rejected when the 

value zero—indicating no significant group difference—fell outside the 95% high density 

interval (HDI) which spanned 95% of the histograms (Kruschke, 2010). 

4.3. Model Comparison 

 

One of the primary goals of this thesis was to test several hypotheses about the 

reward-based learning and decision making via multiple computational models that are 

designed to address these hypotheses. Therefore, I aimed to make inferences about the 

psychological processes underlying these cognitive functions by selecting the model that 

provides the best explanation for the behavioral data set. In model selection, multiple models 

were compared according to 𝑃(𝑀|𝐷), which is the posterior probability of a model M, given 

the data D (Eq. 14) (Daw, 2011). 

 𝑃(𝑀|𝐷) = 𝑃(𝐷|𝑀)𝑃(𝑀) (14) 

Assuming that the prior probabilities 𝑃(𝑀) attached to the models are equal, 𝑃(𝑀|𝐷) 

is proportional to a quantity called the model evidence 𝑃(𝐷|𝑀), which denotes the probability 

of the data D, under the model M. 𝑃(𝐷|𝑀) can be calculated by integrating over all possible 

model parameters 𝜃𝑀: 
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𝑃(𝐷|𝑀) = ∫ 𝑑𝜃𝑀𝑃(𝐷|𝑀, 𝜃𝑀)𝑃(𝜃𝑀|𝑀)

∀𝜃𝑀

 (15) 

One essential feature of a ‘good’ model is its generalizability and its ability to predict 

new data, as more complicated and more flexible models, e.g. with a higher number of model 

parameters, can always fit the data better than a simpler model at the expense of overfitting. 

Therefore, the goal of the model selection is to select the best-fitting “simplest” model 

(Lewandowsky and Farrell, 2010). This idea is based on the principle called Occam’s razor, 

i.e. law of parsimony, which states that “among competing hypotheses, the one with the 

fewest assumptions should be selected.” Integration of likelihood over the parameter space 

(Eq. 15) brings an inherent penalty for more complicated models. Hence, comparing models 

according to model evidence provides a measure which takes overfitting into account.  

4.3.1. Bayesian Information Criterion 

Several methods exist for determining the most likely model that generates observed 

data among a set of competing learning and decision making models. All these methods rely 

on “model evidence” (see the intractable integral in Eq. 15). Although model evidence cannot 

be calculated analytically, it can be approximated by a simpler approximation, called 

Bayesian Information Criterion (BIC) (Schwarz, 1978): 

 log(𝑃(𝐷|𝑀)) ≈ BIC =  2 ∗ log (P(D|M, 𝜃𝑀)) − 𝑛 ∗ log (𝑚), (16) 

where, 𝑃(𝐷|𝑀, 𝜃𝑀) is the maximum value of the likelihood function (evaluated using the 

parameters 𝜃𝑀 that maximize the likelihood function), m is the number of data points (e.g., 

choices), and n is the number of free parameters. 

4.3.2. Deviance Information Criterion 

In Bayesian hierarchical modeling, model parameters are estimated in probabilistic 

distributions which regularize the parameters while still allowing them to vary. BIC 

approximation explained in 4.3.1 is based on point estimates of the model parameters and 

cannot be used in the MCMC framework. BIC penalizes complex models with a penalty 

factor which is calculated by multiplying the total number of subjects with the total number of 

parameters. This penalty term is no longer appropriate in the MCMC algorithm because 

samples are drawn from prior group distributions which create interdependencies between the 

estimated parameters of subjects. Instead, MCMC has its own information criterion called 

Deviance information criterion (DIC), which is a hierarchical Bayesian modeling 

generalization of the BIC and it accounts for the shared information between subjects in the 

model. 

 DIC = 𝐷(�̅�) + 2𝑝𝐷 (17) 
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DIC consists of two parts, “deviance” and “penalty” (Eq. 17). The first part 

“deviance” 𝐷(�̅�) is based on the posterior distribution of the log-likelihood of the model 

P(y│θ) at the mean values of the parameters. The second part “penalty” pD is the effective 

number of parameters which is less than the nominal number of the parameters due to the 

additional distributional assumptions for the random effects. pD is approximated as the 

variance of the deviance in the chain (Gelman et al., 2003).  

In this thesis, I used Deviance Information Criterion (DIC) to select the best-fitting 

model in Bayesian hierarchical modeling. DIC computation considers all subject data and 

yields a single number for each model with the smallest value representing the best model. I 

calculated DIC scores of the models using the JAGS toolbox (Plummer, 2003). However, I 

also report fixed-effect BIC scores. Model comparison was also applied separately to the 

choice data of HC and ADP. 

4.3.3. Comparison to Null Model 

I computed individual pseudo-R-squared values (Camerer and Ho, 1999) to assess the 

level of improvement provided by the best-fitting model over the null model in predicting 

subject’s choices. Pseudo-R-squared value is defined as “1 - L/R”, where R is the log-

likelihood under chance, and L is the log-likelihood under the fit model (Daw, 2011). I used 

pseudo-R-squared values to single out subjects whose behavior could not be predicted by the 

best-fitting model significantly better than chance. I set the threshold to p = 0.55, which 

corresponds to a pseudo-R-squared value of 0.1375 (Schlagenhauf et al., 2014). To confirm 

that differences in model fitting did not confound the results of the model selection and 

parameter comparison, I repeated both analyses after excluding the poorly-fitted subjects. 

4.4.  Learning Models 

 

 I adopted a behavioral modeling approach to understand the computational processes 

underlying the reward-based choices of the subjects and to explore the differences between 

ADP and HC in these computational processes. I tested the following computational learning 

models which differ in the assumptions they make about the amount of task-related 

information subjects may have inferred during the experiment (Schlagenhauf et al., 2014).  

4.4.1. Reinforcement Learning Models 

Reinforcement learning (RL) models are based on the idea that organisms tend to 

repeat the actions which give them positive feedback and cease the actions which give them 

negative feedback. According to the Rescorla-Wagner models (see the model diagram in 

Figure 4.5), subjects assign an expected value to each of the options displayed on the left and 

the right side of the display: 𝑄𝑡(𝑎𝑡 = 𝐿);  and 𝑄𝑡(𝑎𝑡 = 𝑅). These values are initialized to zero 
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with the assumption that subjects have no preferences at the beginning of the experiment. 

Therefore, first choice is made randomly and a prediction error (PE), δt, is calculated just after 

receiving the feedback, by subtracting the expected value of the chosen option 𝑄𝑡(𝑎𝑡) from 

the actual feedback Rt: 

 𝛿𝑡 =  𝜌𝑅𝑡 − 𝑄𝑡(𝑎𝑡);  𝑤ℎ𝑒𝑟𝑒 𝑅𝑡 = {−1, 1} (18) 

 The δt  acts as a teaching signal to recursively update the value of the chosen option at 

with a free parameter called learning rate α, which determines the extent to which δt  updates 

the expected value (an α = 0 means no learning, while α = 1 means subject considers only the 

most recent feedback) (Eq. 19). If an action receives a rewarding feedback, δt becomes a 

positive number, and the expected value of that option gets increased during the update (Eq. 

19), which makes it likely to be chosen in the future. If an action receives a punishing 

feedback, δt becomes a negative number and the expected value of that option decays which 

makes it less likely to be chosen in the future. The effect of an outcome on the subsequent 

decision is represented by a sensitivity parameter ρ (Ito and Doya, 2009) (see in Eq. 18).  

 𝑄𝑡+1(𝑎𝑡) = 𝑄𝑡(𝑎𝑡) + 𝛼𝛿𝑡 (19) 

In RL models, action probability, p(at), is calculated from the expected reward values 

of the options using the softmax action selection rule (Luce, 2005) (Eq. 20 and 21). 

 𝑝(𝑎𝑡 =  𝐿) = [1 + 𝑒𝛽(𝛾−(𝑄𝐿−𝑄𝑅))]
−1

 (20) 

 𝑝(𝑎𝑡 =  𝑅) = 1 − 𝑝(𝑎𝑡 =  𝐿) (21) 

The inverse temperature parameter of the softmax rule, β, is the slope of the sigmoid which 

determines the degree of stochasticity, i.e. “exploration–exploitation trade-off”. While high β 

values promote exploring one action over the alternatives, low β values make the subject 

insensitive to the information gained from examining other actions and encourage choosing 

the action with the higher expected value (Badre et al., 2012). The “indecision point”, γ, 

determines the middle point of the sigmoid, at which both options are equally likely to be 

selected. The indecision point was fixed at 0, with the assumption that actions are equally 

likely to be selected when the values of the choice options are equal, i.e. no bias towards 

choosing one of the options when the values are equal. 
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Figure 4.5 Reinforcement Learning (RL) diagram. The model assigns expected reward values, θ(at), to the stimuli 

showing choice options (at = L, the stimulus on the left and at = R, the stimulus on the right.) The expected values 

are used to calculate the action probabilities, i.e. how likely the action to be selected. After the action, the outcome 

(Rt) is received.  A prediction error, δt, is calculated by comparing Rt to the expected value of the action θ(at). δt is 

then used to recursively (trial-by-trial) update the expected values.  

The negative log-likelihood 𝑁𝐿𝐿(𝒚|𝜃), is the sum of the log-likelihoods from trial-

by-trial action probabilities calculated at each trial t using the model parameters θ: 

 

𝑁𝐿𝐿(𝒚|𝜃) = ∏ 𝑝(𝑎𝑡|𝜃) = ∑ ln(𝑝(𝑎𝑡|𝜃)) ,

𝑇

𝑡=1

𝑇

𝑡=1

 

(22) 

 Parameters of the RL models used in this work have some admissible ranges. For 

instance, the learning rate, α, in Eq. 19 is a fractional step size and varies between zero and 

one. For the inverse temperature parameter, β, while negative values are not sensible, very 

large values of β lead to very large exponential numbers in negative log-likelihood 

computation and might create arithmetic overflow (Daw, 2011). Reinforcement sensitivity 

parameter, ρ, by definition, takes values according to the valence of the outcome (reward or 

punishment) and extreme values of ρ can also create arithmetic overflow. In the MLE, I 

applied exponential transformation for β and ρ; and sigmoid transformation for α to keep 

them in an admissible range. Additionally, β and ρ were not allowed to take values higher 
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than 20. In MCMC estimation, I set the prior group distributions as Uniform(0,20) for β and 

ρ, and Uniform(0,1) for α to limit the posterior parameter distributions to a sensible range. 

4.4.1.1. Single Update Reinforcement Learning Models 

The single update (SU) model, which is analogous to the standard Rescorla-Wagner 

model assumes that, at the end of each trial, when outcome is revealed, subjects update the 

expected value of the chosen option according to Eq. 19. The model does not revise the value 

of the unchosen option 𝑎′𝑡 (Eq. 23).  

 𝑄𝑡+1(𝑎′𝑡) = 𝑄𝑡(𝑎′𝑡)  (23) 

 The following versions of the SU model were implemented in the current study (see 

Table 4.1 for a summary): 

Table 4.1 Versions of the single update (SU) model used in the study with combinations of the free parameters: α: 

learning rate, ρ: the effective size of the outcome and Φ: decay rate of learning rate. Parameters that change 

according to the type of the outcome are marked with subscripts r for reward and p for punishment. The total 

number of free parameters is also denoted in the last column. 

SU Models 

   Code  Free parameters # Parameters 

SU1  α, ρ 2 

SU2  α, ρR, ρP 3 

SU3  αR, αP, ρ 3 

SU4  αR, αP, ρR, ρP 4 

Decreasing learning rate   

SU5  α, φ, ρ 3 

SU6  α, φ, ρR, ρP 4 

 

 SU1: This model is the simplest version of the Rescorla-Wagner models with free 

parameters: learning rate α, which determines the extent of the value update, i.e. 

learning, and the sensitivity parameter ρ, which determines the effective size of the 

feedback. The inverse temperature parameter (noise parameter) β is set to 1 to avoid 

overparameterization because both ρ and β control the slope of the softmax function, 

hence the level of stochasticity in action selection. 

 SU2: This model uses two distinct sensitivity parameters for rewards and 

punishments (Ito and Doya, 2009; Schlagenhauf et al., 2013) to test the hypothesis 

concerning the ineffective learning from punishments in alcohol dependence 

(Bechara and Damasio, 2002; Garavan and Stout, 2005). 

 
𝜌 = {

𝜌𝑟 , 𝑅𝑡 = +1
𝜌𝑝, 𝑅𝑡 = −1 

(24) 

Noise parameter β is set to 1 to avoid overparameterization. 
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 SU3: In addition to the sensitivity parameter ρ, this model has two distinct learning 

rates for rewards or punishments (αR, αP) to test the hypothesis that degree of learning 

(updating the values) changes according to the valence of the outcome. Noise 

parameter β is set to 1 to avoid overparameterization 

 SU4: In addition to two separate learning rates, SU4 also has two distinct sensitivity 

parameters for rewards and punishments. Inverse temperature β is set to 1 to avoid 

overparameterization. 

 SU5: This model uses a learning rate which decreases with experience, hence 

reducing the influence of the feedback on the value update of the selected action (see 

Eq. 25).  

 𝑄𝑡+1(𝑎𝑡) = 𝑄𝑡(𝑎𝑡) +
𝛼

1 + 𝑁𝑡(𝑎𝑡)𝜑
𝛿𝑡 

(25) 

Nt(at) denotes the number of consecutive choices of at up to and including trial t, after 

the action is switched to at. For instance, if the left stimulus is selected three times in 

a row, Nt(at = L) becomes 3. The decay parameter φ determines the effect of 

experience on the learning rate. If φ = 0, learning rate does not change with 

experience, however, if φ > 0, learning rate decays with experience. SU5 has an 

additional free parameter for the sensitivity parameter ρ, whereas the inverse 

temperate β is fixed to 1. 

 SU6: This model is a version of SU5 with an additional sensitivity parameter which 

takes distinct values depending on whether the outcome is a reward or punishment 

(ρR, ρP). The noise parameter β is fixed to 1 to avoid overparameterization.   

4.4.1.2. Double Update Reversal Learning Models 

The double update (DU) model is a variant of the standard RL model which assumes 

that subjects infer and utilize the knowledge that reward contingencies on the two options are 

entirely anti-correlated. It suggests that subjects do not only take into account the received 

feedback, but also the counterfactual feedback that could have been received from the 

alternative action (Lohrenz et al., 2007; Boorman et al., 2009; Li and Daw, 2011; Boorman et 

al., 2013; Tobia et al., 2014). The DU models mathematically capture this assumption with a 

“double update rule”, which is applied to both the selected action, at (Eq. 26) and the 

unselected action, a′t (Eq. 27). This update rule renders the “good” action more likely to be 

repeated and the “bad” action more probable to be ceased on the next trial.  

 𝑄𝑡+1(𝑎𝑡) = 𝑄𝑡(𝑎𝑡) + 𝛼(𝜌𝑅𝑡 − 𝑄𝑡(𝑎𝑡)) (26) 

 𝑄𝑡+1(𝑎′𝑡) = 𝑄𝑡(𝑎′𝑡) + 𝛼(−𝜌𝑅𝑡 − 𝑄𝑡(𝑎′
𝑡
)) (27) 
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The free parameters of the DU model are identical to those of the SU model. 

Analogous to the SU model family, I used various versions of the DU model (summarized in 

Table 4.2): 

Table 4.2 Versions of the double update (DU) model used in the study with combinations of the free parameters: α: 

learning rate, ρ: the effective size of the outcome. i: experience weight, ρ: the effective size of the outcome and Φ: 

decay rate of learning rate. Parameters that change according to the type of the outcome are marked with subscripts 

r for reward and p for punishment. The total number of free parameters is also denoted in the last column. 

DU Models   

 Code  Free parameters # Parameters 

DU1  α, ρ 2 

DU2  α, ρR, ρP 3 

DU3  αR, αP, ρ 3 

DU4  αR, αP, ρR, ρP 4 

Fictive learning rate     

DU5  α, i, ρ 3 

DU6  α, i, ρR, ρP 4 

 

 DU1: This model is the simplest version of the DU models with free parameters: a 

learning rate α, which determines the extent of the value update, i.e. learning, and the 

sensitivity parameter ρ, which determines the effective size of the feedback. 

Analogous to the SU1, the inverse temperature parameter β in DU1 is also set to 1 to 

avoid overparameterization, because both ρ and β control the slope of the softmax 

function. 

 DU2: This model uses two distinct sensitivity parameters for rewards and 

punishments (Ito and Doya, 2009; Schlagenhauf et al., 2013) to test the hypothesis 

concerning the ineffective learning from punishments in alcohol dependence 

(Bechara and Damasio, 2002; Garavan and Stout, 2005). Noise parameter β is set to 1 

to avoid overparameterization. 

 DU3: This model has a sensitivity parameter ρ; and two distinct learning rates for 

rewards or punishments (αR, αP). Noise parameter β is set to 1 to avoid 

overparameterization.  

 DU4: In addition to two distinct learning rates, DU4 also has two distinct sensitivity 

parameters for rewards and punishments. Inverse temperature β is set to 1 to avoid 

overparameterization. 

 DU5: This model has a free sensitivity parameter ρ and a learning rate α. This model 

is still based on the assumption that subjects also consider the fictive outcome in 

decision making. Additionally, this model tests the idea that subjects may learn from 
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the fictive outcomes less effectively than they learn from the actual outcomes 

(Matsumoto et al., 2007). To test this hypothesis, the learning rate used in the value 

update of the unselected action, 𝑎′𝑡 is multiplied by a weighting factor, the fictive 

weight factor i, which varies between 0 and 1 (see Eq. 29). 

 𝑄𝑡+1(𝑎𝑡) = 𝑄𝑡(𝑎𝑡) + 𝛼(𝜌𝑅𝑡 − 𝑄𝑡(𝑎𝑡)) (28) 

 𝑄𝑡+1(𝑎′𝑡) = 𝑄𝑡(𝑎′𝑡) + 𝑖𝛼(−𝜌𝑅𝑡 − 𝑄𝑡(𝑎′
𝑡
)) (29) 

Inverse temperature β is set to 1 to avoid overparameterization. 

 DU6: This model is an extended version of DU5 with two separate sensitivity 

parameters for rewards and punishments (ρR and ρP) in addition to the learning rate 

and the fictive weight parameter used to scale the rate of the fictive learning. 

4.4.2. Hidden Markov Models 

I implemented the Hidden Markov model (HMM) in a similar fashion to the state-

based model previously used in Hampton et al. (2006) and Schlagenhauf et al. (2014). 

According to this model structure, in each trial, subjects need to infer the hidden belief 

probability of each action, St, which quantifies the chance of a state being correct (associated 

with higher reward contingency) (Hampton et al., 2006; Schlagenhauf et al., 2014). The 

model assumes that subjects use previous choice and outcome history to infer belief states, 

which are updated via Bayes’ rule at the end of each trial when the feedback information is 

revealed (see Figure 4.6) (Jordan, 1998). This update rule constitutes the major difference 

between HMMs and RL models such that updating of the posterior belief probabilities in 

HMMs does not involve computations of PEs. Alternatively, outcome information is used as 

evidence to update the beliefs of all possible actions. The amount of change in prior belief 

made by the outcome can be mathematically captured by a surprise measure so-called 

“Bayesian surprise” (Itti and Baldi, 2005). However, Bayesian surprise can only be computed 

after the updating of posterior beliefs; whereas PEs in RL models are calculated at the time of 

the outcome and directly used in value updating (Barto et al., 2013). 
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Figure 4.6 Hidden Markov model diagram.  Subjects infer the correctness of the state, St, and use this prior belief 

to select the action, At. The outcome information, Rt, is then used to update the belief (posterior update). 

The model assigns equal probabilities of 0.5 to the hidden states at t = 1.  

 𝑃𝑟𝑖𝑜𝑟(𝑆𝑡=1) = 0.5 (30) 

HMM predicts the action probability according to the prior belief the subject holds 

for the option: if a subject believes the option is correct, he tends to continue choosing that 

option (stays); if not, he tends to switch his behavior and start choosing the other option. 

HMM uses a sigmoid function to estimate the action probabilities (Eq. 31).  

 P(At|St = correct) = [1 + exp(−β ∗ (P(St = correct) − γ))]−1 (31) 

The parameter “γ” indicates the indecision point at which both actions are equally 

likely to be selected. The inverse temperature parameter of the softmax equation, β, 

determines the level of stochasticity in selecting the action, i.e., the exploration/exploitation 

parameter (Schlagenhauf et al., 2014). The indecision parameter “γ” was fixed at 0.5 with the 

assumption that no choice bias exists towards a choice option. Hence, the alternatives are 

equally likely to be selected, when the belief probabilities are equal, i.e. P(L = correct) = P(R 

= correct).  

After observing the feedback of the action at the end of the trial t, the model updates 

the posterior probabilities, Posterior(St = correct) and Posterior(St = incorrect) according 

to Bayes rule: 

 
Posterior(St = correct) =

P(Rt|St = correct)Prior(St = correct)

∑ P(Rt|St)Prior(St)St states
 

(32) 

 

 
Posterior(St = incorrect) =

P(Rt|St = incorrect)Prior(St = incorrect)

∑ P(Rt|St)Prior(St)St states
 

(33) 
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The feedback (reward or punishment) received by the subjects at each trial t is denoted by Rt,. 

The outcome probability P(Rt|St) is determined by a free parameter ο according to whether 

Rt is a reward or a punishment, given the belief state 𝑃𝑟𝑖𝑜𝑟(𝑆𝑡) is a correct or an incorrect 

state: 

 
P(Rt|St = correct) = 0.5 + 0.5 ∗ {

+ο if         Rt = reward
−ο if Rt = punishment

 
(34) 

 

 
P(Rt|St = incorrect) = 0.5 + 0.5 ∗ {

−ο if          Rt = reward
+ο if Rt = punishment

 
(35) 

Prior belief probabilities 𝑃𝑟𝑖𝑜𝑟(𝑆𝑡) are updated at the beginning of the next trial t by 

multiplying the posterior belief probabilities of the previous trial 𝑃𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟(𝑆𝑡−1) with the 

transition probability 𝑃(𝑆𝑡 = 𝑐𝑜𝑟𝑟𝑒𝑐𝑡|𝑆𝑡−1, 𝐴𝑡): 

 𝑃𝑟𝑖𝑜𝑟(𝑆𝑡 = 𝑐𝑜𝑟𝑟𝑒𝑐𝑡)

= ∑ 𝑃(𝑆𝑡 = 𝑐𝑜𝑟𝑟𝑒𝑐𝑡|𝑆𝑡−1, 𝐴𝑡)𝑃𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟(𝑆𝑡−1)

𝑆𝑡−1 𝑠𝑡𝑎𝑡𝑒𝑠

 

(36) 

, where At denotes whether subjects stayed or switched their action selection between time t-1 

and t. The first term in Eq. 36 is the transition probability, also known as the reversal 

probability, quantifies the probability of a change in the belief state as the subject moves from 

t-1 to t. It is represented by a free parameter τ. The transition probability matrices used in 

calculating prior belief probabilities are conditional on the probability of choosing the same 

option that is selected at trial t-1, i.e. stay probability, or choosing the option that is not 

selected at trial t-1, i.e. switch probability (see Eq. 37 and 38). 

 𝑃(𝑆𝑡 = 𝑐𝑜𝑟𝑟𝑒𝑐𝑡|𝑆𝑡−1 , 𝐴𝑡 = 𝑠𝑡𝑎𝑦) = [
1 − 𝜏 𝜏

𝜏 1 − 𝜏
] 

 

(37) 

 𝑃(𝑆𝑡 = 𝑐𝑜𝑟𝑟𝑒𝑐𝑡|𝑆𝑡−1 , 𝐴𝑡 = 𝑠𝑤𝑖𝑡𝑐ℎ) = [
𝜏 1 − 𝜏

1 − 𝜏 𝜏
] (38) 

Parameters used in HMM have some admissible ranges. For instance, transition and 

outcome probabilities (τ and ο) by definition take values between 0 and 1. β takes positive 

values only, and very large values of β lead to enormous exponential numbers in negative log-

likelihood computation and might create arithmetic overflow (Daw, 2011). Therefore, in the 

MLE, an exponential transformation was used for β, and it was not allowed to take values 

larger than 20. Sigmoid transformations were used for transition and outcome probabilities (τ 

and ο parameters) to keep the values between 0 and 1. Similarly, in MCMC estimation, prior 

group distributions were set to Uniform(0,20) for β, and Uniform(0,1) for τ, and ο parameters 

to limit the posterior parameter distributions to a sensible range. 

I implemented the following versions of HMM (see Table 4.3 for a summary): 
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Table 4.3 Versions of the hidden Markov model (HMM) used in the study with combinations of the free 

parameters: τ: transition probability, ο: outcome probability, β: inverse temperature. Parameters that change 

according to the type of the outcome are marked with subscripts r for reward and p for punishment. The total 

number of free parameters is also denoted in the last column. 

Hidden Markov Models 

  

 

Code  Free parameters # Parameters 

HMM1  τ, ο, β 3 

HMM2  τ, οR, οP, β 4 
 

 HMM1: This model has the following free parameters: (1) a transition (reversal) 

probability, τ, which quantifies the probability of a switch in the belief state as the 

subject moves from state t to state t+1; (2) an outcome probability, ο, which 

quantifies the probability of receiving a reward from a correct state. This model 

assumes that the chance of receiving a reward from a ‘correct’ belief state equals to 

the chance of receiving a punishment an ‘incorrect’ belief state. Therefore, outcome 

probabilities for positive and negative feedback are equal. The model also has an 

inverse temperature parameter (noise parameter), β, which controls the level of 

stochasticity in action selection.  

 HMM2: This model is a version of HMM1 with a transition (reversal) probability τ, 

and an inverse temperature parameter β, which controls the level of stochasticity in 

action selection. Unlike HMM1, this model allows outcome probabilities for rewards 

and punishments to take different values with two distinct parameters ο𝑟 and ο𝑝 (See 

Eq.39 and 40).  

 
P(Rt|St = correct) = 0.5 + 0.5 ∗ {

+ο𝑟 if         Rt = reward
−ο𝑝 if Rt = punishment

 
(39) 

 

 
P(Rt|St = incorrect) = 0.5 + 0.5 ∗ {

−ο𝑟 if          Rt = reward
+ο𝑝 if Rt = punishment

 
(40) 

Therefore, this model tests the hypothesis that the reward expectation from a correct 

belief state is not symmetrical to the punishment expectation from an incorrect belief state. 

4.5. Model Fitting Results 

4.5.1. Single Update Reinforcement Learning Models 

4.5.1.1. The SU1 Model 

4.5.1.1.1. MLE Results 

 I estimated the free parameters of the SU1 model, the learning rate α, and the 

sensitivity parameter ρ, using the MLE method. I report the results in a summary table (see 
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Table 4.4). Additionally, individual parameter estimates are reported with confidence 

intervals in Table B.1 in Appendix B. 

Table 4.4 Summary table of the SU1 parameters estimated using the MLE. Median and MAD (median absolute 

deviation) values, as well the non-parametric test (Mann–Whitney U test) statistics are reported. α: learning rate, ρ: 

sensitivity parameter.  

 
HC (26) ADP (34) Non-parametric test 

 

Median MAD Median MAD Mann Whitney U P  

α 0.560 0.235 0.448 0.318 410 0.637 

ρ 2.058 1.049 1.503 0.891 380 0.358 

4.5.1.1.2. MCMC Results 

Using Gibbs sampling, I sampled from the posterior parameter distributions based on 

the construction of three Markov chains that have the desired distribution as their equilibrium 

distributions (Mossel and Sly, 2008). I employed several diagnostic tools simultaneously to 

make sure that a close approximation of posterior distribution is achieved. First, time-series 

plots of running mean of three chains showed that the chains stabilized at the same region of 

the sample space (see Figure A.6 in Appendix A). Additionally, I calculated the Gelman-

Rubin Convergence Measure, which compares the dispersion between the chains against the 

dispersion between the chains. The potential scale reduction factor (PSRF) was found to be 

1.03. Finally, the autocorrelation plots showed that the autocorrelation between samples of the 

group parameters dropped to zero (see Figure A.7 in Appendix A). 

The posterior group parameter distributions of HC and ADP approximated using the 

converged MCMC samples are shown in Figure 4.7. The mean values and standard deviations 

of individual parameter distributions are also reported in Table B.2 in Appendix B. 

4.5.1.1.3. Parameter Comparison 

Differences between the sampled parameter values of the two groups (HC - ADP) 

were computed for each parameter of the SU1 model and plotted as histograms as shown in 

Figure 4.8. The null hypothesis H0 of “no group difference (HC - ADP = 0)” is rejected only 

for the κ parameters of the group parameter distributions, as the value zero fell outside the 

95% HDI of the difference histograms. The positive mean differences “HC - ADP = 1.87” for 

κα ; and “HC - ADP = 11” for κρ indicate that compared to HC, ADP had significantly higher 

variance in their group parameter distributions, as the variance of a Beta distribution is 

inversely proportional to κ (see Eq. 41). 

  

𝑉𝑎𝑟 =
𝜇(1 − 𝜇)

𝜅 + 1
 

(41) 
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Figure 4.7 Group parameter distributions of the SU1 model. The mean and 95% high density interval values are 

indicated for each mu (mean) and kappa (sample size) parameters of group distributions of HC and ADP. ADP 

distributions are shown with a gray shade. α: learning rate, ρ: outcome sensitivity.  

 

 

Figure 4.8 Histograms of parameter differences (HC - ADP) are plotted for the SU1 group parameters. The null 

hypothesis (H0, no group difference) is rejected for the κ parameters of learning rate and sensitivity distributions. 

μ: mean. κ: sample size. HDI: High density interval. α: learning rate, ρ: outcome sensitivity. 

4.5.1.2. The SU2 Model 

4.5.1.2.1. MLE Results 

 I estimated the free parameters of the SU2 model, the learning rate α, the reward 

sensitivity parameter ρR, and the punishment sensitivity parameter ρP, using the MLE method. 

I report the results in a summary table (see Table 4.5). Additionally, individual parameter 

estimates are reported with confidence intervals in Table B.3 in Appendix B.  

Table 4.5 Summary table of the SU2 parameters estimated using the MLE. Median and MAD (median absolute 

deviation) values, as well the non-parametric test (Mann–Whitney U test) statistics are reported. α: learning rate, 

ρR: reward sensitivity, ρP: punishment sensitivity. 

 
HC (26) ADP (34) Non-parametric test 

 

Median MAD Median MAD Mann Whitney U P  

α 0.584 0.230 0.447 0.343 397.0 0.506 

ρR 2.448 1.648 2.722 1.756 435 0.920 

ρP 0.644 0.643 0.526 0.525 424.5 0.792 
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4.5.1.2.2. MCMC Results 

 The MCMC chains converged as the time-series plots of running means stabilized at 

the same region of the sample space (see Figure A.8 in Appendix A). The potential scale 

reduction factor (PSRF) was found to be 1.01. The autocorrelation plots showed that the 

autocorrelation between samples of the group parameters dropped to zero (see Figure A.9 in 

Appendix A). 

The posterior group parameter distributions of HC and ADP approximated using the 

converged MCMC samples are shown in Figure 4.9. The mean values and standard deviations 

of individual parameter distributions are also reported in Table B.4 in Appendix B. 

 

Figure 4.9 Group parameter distributions of the SU2 model. The mean and 95% high density interval values are 

indicated for each mu (mean) and kappa (sample size) parameters of group distributions of HC and ADP. ADP 

distributions are shown with a gray shade. α: learning rate, ρR: reward sensitivity, ρP: punishment sensitivity. 

4.5.1.2.3. Parameter Comparison 

Differences between the sampled parameter values of the two groups (HC - ADP) 

were computed for each parameter of the SU2 model and plotted as histograms as shown in 

Figure 4.10. The null hypothesis H0 of “no group difference (HC - ADP = 0)” is rejected only 

for the κ parameter of the group learning rate distribution, as the value zero fell outside the 

95% HDI of the difference histogram. The positive mean difference “HC - ADP = 1.45” for 
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κα indicates that relative to HC, ADP had significantly higher variance in their learning rate 

distribution. 

 

Figure 4.10 Histograms of parameter differences (HC - ADP) are plotted for the SU2 group parameters. The null 

hypothesis (H0, no group difference) is rejected for the κ parameter of learning rate. μ: mean. κ: sample size. HDI: 

High density interval. α: learning rate, ρR: reward sensitivity, ρP: punishment sensitivity. 

4.5.1.3. The SU3 Model 

4.5.1.3.1. MLE Results 

I estimated the free parameters of the SU3 model, the reward learning rate αR, the 

punishment learning rate αP, and the sensitivity parameter ρ, using the MLE method. I report 

the results in a summary table (Table 4.6). Additionally, individual parameter estimates are 

reported with confidence intervals in Table B.5 in Appendix B. 

Table 4.6 Summary table of the SU3 parameters estimated using the MLE. Median and MAD (median absolute 

deviation) values, as well the non-parametric test (Mann–Whitney U test) statistics are reported. αR: reward 

learning rate, αP: punishment learning rate, ρ: sensitivity parameter. 

 
HC (26) ADP (34) Non-parametric test 

 

Median MAD Median MAD Mann Whitney U P  

αR 0.724 0.276 0.612 0.387 428 0.836 

αP 0.336 0.253 0.185 0.169 366 0.257 

ρ 2.903 1.106 2.853 1.654 412 0.716 

4.5.1.3.2. MCMC Results 

Time-series plots of running mean of three chains showed that while chains of HC 

parameters stabilized at the same region of the sample space, the chains of ADP parameters 

stabilized not at the same, but adjacent regions (see Figure A.10 in Appendix A). Increasing 

the samples did not change the result. The potential scale reduction factor (PSRF) was found 
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to be 1.26. Finally, the autocorrelation plots showed that the autocorrelation between the 

samples of the group parameters dropped to zero except the κ parameters of the ADP’s 

distributions, indicating an interdependency between the free parameters of the SU3 model, 

particularly for ADP (see Figure A.11 in Appendix A). 

 The posterior group parameter distributions of HC and ADP approximated using the 

MCMC samples are shown in Figure 4.11. The mean values and standard deviations of 

individual parameter distributions are also reported in Table B.6 in Appendix B. 

 

Figure 4.11 Group parameter distributions of the SU3 model. The mean and 95% high density interval values are 

indicated for each mu (mean) and kappa (sample size) parameters of group distributions of HC and ADP. ADP 

distributions are shown with a gray shade. αR: reward learning rate, αP: punishment learning rate, ρ: outcome 

sensitivity. 

4.5.1.3.3. Parameter Comparison 

Differences between the sampled parameter values of the two groups (HC - ADP) 

were computed for each parameter of the SU3 model and plotted as histograms, which 

showed no significant group difference (see Figure 4.12). 



 

67 

 

 

Figure 4.12 Histograms of parameter differences (HC - ADP) are plotted for the SU3 group parameters. No 

significant group difference was found. μ: mean. κ: sample size. HDI: High density interval. αR: reward learning 

rate, αP: punishment learning rate, ρ: outcome sensitivity. 

 

4.5.1.4. The SU4 Model 

4.5.1.4.1. MLE Results 

I estimated the free parameters of the SU4 model, the reward learning rate αR, the 

punishment learning rate αP, the reward sensitivity parameter ρR, and the punishment 

sensitivity parameter ρP, using the MLE method. I report the results in a summary table 

(Table 4.7). Additionally, individual parameter estimates are reported with confidence 

intervals in Table B.7 in Appendix B. 

Table 4.7 Summary table of the SU4 parameters estimated using the MLE. Median and MAD (median absolute 

deviation) values, as well the non-parametric test (Mann–Whitney U test) statistics are reported. αR: reward 

learning rate, αP: punishment learning rate, ρR: reward sensitivity, ρP: punishment sensitivity. 

 
HC (26) ADP (34) Non-parametric test 

 

Median MAD Median MAD Mann Whitney U P  

αR 0.714 0.285 0.554 0.445 428 0.830 

αP 0.497 0.274 0.444 0.370 391 0.451 

ρR 3.309 1.356 2.749 1.807 396 0.491 

ρP 1.870 1.869 1.158 1.157 433 0.889 

4.5.1.4.2. MCMC Results 

Time-series plots of running mean of three chains showed that while chains of HC 

parameters stabilized at the same region of the sample space, the chains used for the μ and κ 

parameters of sensitivity parameters of the SU4 model stabilized not at the same, but adjacent 
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regions in ADP (see Figure A.12 in Appendix A). The potential scale reduction factor (PSRF) 

was found to be 1.62, which signals a problem in convergence. Finally, the autocorrelation 

plots showed that the autocorrelation between samples of the group parameters dropped to 

zero except the μ and κ parameters of punishment sensitivity distributions of HC and ADP 

(see Figure A.13 in Appendix A). High autocorrelation between samples signals 

interdependency between the free parameters of the SU4 model, which may be due to 

overparameterization. 

The posterior group parameter distributions of HC and ADP approximated using the 

MCMC samples are shown in Figure 4.13. The mean values and standard deviations of 

individual parameter distributions are also reported in Table B.8 in Appendix B. 

 

 

Figure 4.13 Group parameter distributions of the SU4 model. The mean and 95% high density interval values are 

indicated for each mu (mean) and kappa (sample size) parameters of group distributions of HC and ADP. ADP 

distributions are shown with a gray shade. αR: reward learning rate, αP: punishment learning rate, ρR: reward 

sensitivity, ρP: punishment sensitivity. 
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4.5.1.4.3. Parameter Comparison 

Differences between the sampled parameter values of the two groups (HC - ADP) 

were computed for each parameter of the SU4 model and plotted as histograms, which 

showed no significant group difference (see Figure 4.14). 

 

Figure 4.14 Histograms of parameter differences (HC - ADP) are plotted for the SU4 group parameters. No 

significant group difference was found. μ: mean. κ: sample size. HDI: High density interval. αR: reward learning 

rate, αP: punishment learning rate, ρR: reward sensitivity, ρP: punishment sensitivity. 

4.5.1.5. The SU5 Model 

4.5.1.5.1. MLE Results 

I estimated the free parameters of the SU5 model, the learning rate α, the sensitivity 

parameter ρ, and the decay parameter φ, using the MLE method. I report the results in a 

summary table (Table 4.8). Additionally, individual parameter estimates are reported with 

confidence intervals in Table B.9 in Appendix B. 

Table 4.8 Summary table of the SU5 parameters estimated using the MLE. Median and MAD (median absolute 

deviation) values, as well the non-parametric test (Mann–Whitney U test) statistics are reported. α: learning rate, ρ: 

sensitivity parameter, φ: decay parameter. 

 
HC (26) ADP (34) Non-parametric test 

 

Median MAD Median MAD Mann Whitney U P 

α 0.838 0.161 0.724 0.275 390 0.431 

ρ 2.122 0.979 1.542 0.948 390 0.442 

φ 0.001 0.000 0.001 0.000 420 0.628 

4.5.1.5.2. MCMC Results 

The MCMC chains converged, as the time-series plots of running means stabilized at 

the same region of the sample space (see Figure A.14 in Appendix A). The potential scale 

reduction factor (PSRF) was found to be 1.03. Finally, the autocorrelation plots showed that 
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the autocorrelation between samples of the group parameters dropped to zero except the κ 

parameter of learning rate distribution of HC (see Figure A.15 in Appendix A). 

The posterior group parameter distributions of HC and ADP approximated using the 

converged MCMC samples are shown in Figure 4.15. The mean values and standard 

deviations of individual parameter distributions are also reported in Table B.10 in Appendix 

B. 

 

Figure 4.15 Group parameter distributions of the SU5 model. The mean and 95% high density interval values are 

indicated for each mu (mean) and kappa (sample size) parameters of group distributions of HC and ADP. ADP 

distributions are shown with a gray shade. α: learning rate, ρ: sensitivity parameter, φ: decay parameter. 

4.5.1.5.3. Parameter Comparison 

Differences between the sampled parameter values of the two groups (HC - ADP) 

were computed for each parameter of the SU5 model and plotted as histograms as shown in 

Figure 4.16. The null hypothesis H0 of “no group difference (HC - ADP = 0)” is rejected only 

for the κ parameter of the group sensitivity distribution, as the value zero fell outside the 95% 

HDI of the difference histogram. The positive mean difference “HC - ADP = 8.08” for κρ 

indicates that relative to HC, ADP had significantly higher variance in their sensitivity 

distribution. 
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Figure 4.16 Histograms of parameter differences (HC - ADP) are plotted for the SU5 group parameters. The null 

hypothesis (H0, no group difference) is rejected for the κ parameter of sensitivity distribution. μ: mean. κ: sample 

size. HDI: High density interval. α: learning rate, ρ: sensitivity parameter, φ: decay parameter. 

4.5.1.6. The SU6 Model 

4.5.1.6.1. MLE Results 

I estimated the free parameters of the SU6 model, the learning rate α, the reward 

sensitivity parameter ρR, the punishment sensitivity parameter ρP, and the decay parameter φ, 

using the MLE method. I report the results in a summary table (Table 4.9). Additionally, 

individual parameter estimates are reported with confidence intervals in Table B.11 in 

Appendix B. 

Table 4.9 Summary table of the SU6 parameters estimated using the MLE. Median and MAD (median absolute 

deviation) values, as well the non-parametric test (Mann–Whitney U test) statistics are reported. α: learning rate, 

ρR: reward sensitivity, ρP: punishment sensitivity, φ: decay parameter. 

 
HC (26) ADP (34) Non-parametric test 

 

Median MAD Median MAD Mann Whitney U P  

α 0.787 0.212 0.796 0.203 400 0.525 

ρR 2.696 1.369 2.486 1.733 430 0.861 

ρP 1.078 1.077 0.283 0.282 380 0.354 

φ 0.001 0.000 0.001 0.000 435 0.930 

4.5.1.6.2. MCMC Results 

The MCMC chains converged, as the time-series plots of running means stabilized at 

the same region of the sample space (see Figure A.16 in Appendix A). The potential scale 

reduction factor (PSRF) was found to be 1.02. Finally, the autocorrelation plots showed that 
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the autocorrelation between samples of the group parameters dropped to zero (see Figure 

A.17 in Appendix A). 

The posterior group parameter distributions of HC and ADP approximated using the 

converged MCMC samples are shown in Figure 4.17. The mean values and standard 

deviations of individual parameter distributions are also reported in Table B.12 in Appendix 

B. 

 

Figure 4.17 Group parameter distributions of the SU6 model. The mean and 95% high density interval values are 

indicated for each mu (mean) and kappa (sample size) parameters of group distributions of HC and ADP. ADP 

distributions are shown with a gray shade. α: learning rate, ρR: reward sensitivity, ρP: punishment sensitivity, φ: 

decay parameter. 

4.5.1.6.3. Parameter Comparison 

Differences between the sampled parameter values of the two groups (HC - ADP) 

were computed for each parameter of the SU6 model and plotted as histograms, which 

showed no significant group difference (see Figure 4.18). 
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Figure 4.18 Histograms of parameter differences (HC - ADP) are plotted for the SU6 group parameters. No 

significant group difference was found. μ: mean. κ: sample size. HDI: High density interval. α: learning rate, ρR: 

reward sensitivity, ρP: punishment sensitivity, φ: decay parameter. 

4.5.2. Double Update Reinforcement Learning Models 

4.5.2.1. The DU1 Model 

4.5.2.1.1. MLE Results 

I estimated the free parameters of the DU1 model, the learning rate α, and the 

sensitivity parameter ρ, using the MLE method. I report the results in a summary table (see 

Table 4.10). Additionally, individual parameter estimates are reported with confidence 

intervals in Table B.13 in Appendix B. 

Table 4.10 Summary table of the DU1 parameters estimated using the MLE. Median and MAD (median absolute 

deviation) values, as well the non-parametric test (Mann–Whitney U test) statistics are reported. α: learning rate, ρ: 

sensitivity parameter.  

 
HC (26) ADP (34) Non-parametric test 

 

Median MAD Median MAD Mann Whitney U P  

α 0.335 0.155 0.260 0.158 377 0.336 

ρ 1.741 1.025 1.567 0.854 421 0.758 

4.5.2.1.2. MCMC Results 

 The MCMC chains converged, as the time-series plots of running means stabilized at 

the same region of the sample space (see Figure A.18 in Appendix A). The potential scale 

reduction factor (PSRF) was found to be 1.05. Finally, the autocorrelation plots showed that 

the autocorrelation between samples of the group parameters dropped to zero (Figure A.19 in 

Appendix A). 
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 The posterior group parameter distributions of HC and ADP approximated using the 

converged MCMC samples are shown in Figure 4.19. The mean and standard deviation of 

individual parameters are also reported in Table B.14 in Appendix B. 

 

Figure 4.19 Group parameter distributions of the DU1 model. The mean and 95% high density interval values are 

indicated for each mu (mean) and kappa (sample size) parameters of group distributions of HC and ADP. ADP 

distributions are shown with a gray shade. α: learning rate, ρ: sensitivity parameter. 

4.5.2.1.3. Parameter Comparison 

Differences between the sampled parameter values of the two groups (HC - ADP) 

were computed for each parameter of the DU1 model and plotted as histograms, which 

showed no significant group difference (see Figure 4.20). 

 

Figure 4.20 Histograms of parameter differences (HC - ADP) are plotted for the DU1 group parameters. No 

significant group difference was found. μ: mean. κ: sample size. HDI: High density interval. α: learning rate, ρ: 

sensitivity parameter. 

4.5.2.2. The DU2 Model 

4.5.2.2.1. MLE Results 

 I estimated the free parameters of the DU2 model, the learning rate α, the reward 

sensitivity parameter ρR, and the punishment sensitivity parameter ρP, using the MLE method. 

I report the results in a summary table (see Table 4.11). Additionally, individual parameter 

estimates are reported with confidence intervals in Table B.15 in Appendix B. 
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Table 4.11 Summary table of the DU2 parameters estimated using the MLE. Median and MAD (median absolute 

deviation) values, as well the non-parametric test (Mann–Whitney U test) statistics are reported. α: learning rate, 

ρR: reward sensitivity, ρP: punishment sensitivity. 

 

HC (26) ADP (34) Non-parametric test 

 

Median MAD Median MAD Mann Whitney U P  

α 0.503 0.198 0.465 0.227 409 0.627 

ρR 1.592 0.962 1.583 0.772 440 0.973 

ρP 1.410 0.692 0.699 0.522 325 0.082 

4.5.2.2.2. MCMC Results 

The MCMC chains converged, as the time-series plots of running means stabilized at 

the same region of the sample space (see Figure A.20 in Appendix A). The potential scale 

reduction factor (PSRF) was found to be 1.04. Finally, the autocorrelation plots showed that 

the autocorrelation between samples of the group parameters dropped to zero (see Figure 

A.21 in Appendix A). 

 The posterior group parameter distributions of HC and ADP approximated using the 

converged MCMC samples are shown in Figure 4.21. The mean and standard deviation of 

individual parameters are also reported in Table B.16 in Appendix B. 

 

Figure 4.21 Group parameter distributions of the DU2 model. The mean and 95% high density interval values are 

indicated for each mu (mean) and kappa (sample size) parameters of group distributions of HC and ADP. ADP 

distributions are shown with a gray shade. α: learning rate, ρR: reward sensitivity, ρP: punishment sensitivity. 
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4.5.2.2.3. Parameter Comparison 

Differences between the sampled parameter values of the two groups (HC - ADP) 

were computed for each parameter of the DU2 model and plotted as histograms as shown in 

Figure 4.22. The null hypothesis H0 of “no group difference (HC - ADP = 0)” is rejected for 

the μ parameter of the group punishment sensitivity distribution, as the value zero fell outside 

the 95% HDI of the difference histogram. The positive mean difference “HC - ADP = 0.705” 

for μρ_P indicates that ADP had significantly lower punishment sensitivity. Additionally, H0 

was also rejected for the κ parameter of group learning rate. The mean difference value, “HC 

- ADP = 3.74” for κα indicates that relative to HC, ADP had significantly higher variance in 

their group learning rate distribution. 

 

Figure 4.22 Histograms of parameter differences (HC - ADP) are plotted for the DU2 group parameters. The null 

hypothesis (H0, no group difference) is rejected for the μ parameter of the group punishment sensitivity 

distribution, and κ parameter of learning rate distribution. These indicate that ADP’s group punishment sensitivity 

distribution has a significantly lower mean value, and ADP’s group learning rate distribution has a significantly 

higher variance. μ: mean. κ: sample size. HDI: High density interval. α: learning rate, ρR: reward sensitivity, ρP: 

punishment sensitivity. 

4.5.2.3. The DU3 Model 

4.5.2.3.1. MLE Results 

I estimated the free parameters of the DU3 model, the reward learning rate αR, the 

punishment learning rate αP, and the sensitivity parameter ρ, using the MLE method. I report 

the results in a summary table (see Table 4.12). Additionally, individual parameter estimates 

are reported with confidence intervals in Table B.17 in Appendix B. 
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Table 4.12 Summary table of the DU3 parameters estimated using the MLE. Median and MAD (median absolute 

deviation) values, as well the non-parametric test (Mann–Whitney U test) statistics are reported. αR: reward 

learning rate, αP: punishment learning rate, ρ: sensitivity parameter. 

 
HC (26) ADP (34) Non-parametric test 

 

Median MAD Median MAD Mann Whitney U P  

αR 0.597 0.217 0.525 0.239 399 0.525 

αP 0.342 0.123 0.270 0.162 354 0.191 

ρ 1.459 0.713 1.344 0.568 436 0.931 

4.5.2.3.2. MCMC Results 

The MCMC chains converged, as the time-series plots of running means stabilized at 

the same region of the sample space (see Figure A.22 in Appendix A). The potential scale 

reduction factor (PSRF) was found to be 1.02. Finally, the autocorrelation plots showed that 

the autocorrelation between samples of the group parameters dropped to zero (see Figure 

A.23 in Appendix A). 

 The posterior group parameter distributions of HC and ADP approximated using the 

converged MCMC samples are shown in Figure 4.23. The mean and standard deviation of 

individual parameters are also reported in Table B.18 in Appendix B. 

 

Figure 4.23 Group parameter distributions of the DU3 model. The mean and 95% high density interval values are 

indicated for each mu (mean) and kappa (sample size) parameters of group distributions of HC and ADP. ADP 
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distributions are shown with a gray shade. αR: reward learning rate, αP: punishment learning rate, ρ: sensitivity 

parameter. 

4.5.2.3.3. Parameter Comparison 

Differences between the sampled parameter values of the two groups (HC - ADP) 

were computed for each parameter of the DU3 model and plotted as histograms, which 

showed no significant group difference (see Figure 4.24). 

 

Figure 4.24 Histograms of parameter differences (HC - ADP) are plotted for the DU3 group parameters. No 

significant group difference was found. μ: mean. κ: sample size. HDI: High density interval. αR: reward learning 

rate, αP: punishment learning rate, ρ: sensitivity parameter. 

4.5.2.4. The DU4 Model 

4.5.2.4.1. MLE Results 

I estimated the free parameters of the DU4 model, the reward learning rate αR, the 

punishment learning rate αP, and the reward sensitivity parameter, ρR, and the punishment 

sensitivity parameter ρP, using the MLE method. I report the results in a summary table (see 

Table 4.13). Additionally, individual parameter estimates are reported with confidence 

intervals in Table B.19 in Appendix B. 

Table 4.13 Summary table of the DU4 parameters estimated using the MLE. Median and MAD (median absolute 

deviation) values, as well the non-parametric test (Mann–Whitney U test) statistics are reported. αR: reward 

learning rate, αP: punishment learning rate, ρR: reward sensitivity, ρP: punishment sensitivity. 

 
HC (26) ADP (34) Non-parametric test 

 

Median MAD Median MAD Mann Whitney U P  

αR 0.583 0.217 0.480 0.310 381 0.370 

αP 0.425 0.216 0.519 0.371 438 0.958 
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ρR 1.835 1.084 1.326 0.659 420 0.747 

ρP 1.283 1.141 0.704 0.702 362 0.234 

4.5.2.4.2. MCMC Results 

The MCMC chains converged, as the time-series plots of running means stabilized at 

the same region of the sample space (see Figure A.24 in Appendix A). The potential scale 

reduction factor (PSRF) was found to be 1.06. Finally, the autocorrelation plots showed that 

the autocorrelation between samples of the group parameters dropped to zero (see Figure 

A.25 in Appendix A). 

 The posterior group parameter distributions of HC and ADP approximated using the 

converged MCMC samples are shown in Figure 4.25. The mean and standard deviation of 

individual parameters are also reported in Table B.20 in Appendix B. 

 

Figure 4.25 Group parameter distributions of the DU4 model. The mean and 95% high density interval values are 

indicated for each mu (mean) and kappa (sample size) parameters of group distributions of HC and ADP. ADP 

distributions are shown with a gray shade. αR: reward learning rate, αP: punishment learning rate, ρR: reward 

sensitivity, ρP: punishment sensitivity. 
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4.5.2.4.3. Parameter Comparison 

Differences between the sampled parameter values of the two groups (HC - ADP) 

were computed for each parameter of the DU4 model and plotted as histograms as shown in 

Figure 4.26. The null hypothesis H0 of “no group difference (HC - ADP = 0)” is rejected for 

the μ parameter of the group punishment sensitivity distribution, as the value zero fell outside 

the 95% HDI of the difference histogram. The positive mean difference “HC - ADP = 0.961” 

for μρ_P indicates that ADP had significantly lower punishment sensitivity. Additionally, H0 

was also rejected for the κ parameter of group punishment learning rate. The mean difference 

value, “HC - ADP = 9.53” for κα_P indicates that relative to HC, ADP had significantly higher 

variance in their group punishment learning rate distribution. 

 

Figure 4.26 Histograms of parameter differences (HC - ADP) are plotted for the DU4 group parameters. The null 

hypothesis (H0, no group difference) is rejected for the μ parameter of the group punishment sensitivity 

distribution, and κ parameter of punishment learning rate distribution. These indicate that ADP’s group 

punishment sensitivity distribution has a significantly lower mean value, and ADP’s group punishment learning 

rate distribution has a significantly higher variance. μ: mean. κ: sample size. HDI: High density interval. αR: 

reward learning rate, αP: punishment learning rate, ρR: reward sensitivity, ρP: punishment sensitivity. 

4.5.2.5. The DU5 Model 

4.5.2.5.1. MLE Results 

I estimated the free parameters of the DU5 model, the learning rate α, the fictive 

weight parameter i, and the sensitivity parameter ρ, using the MLE method. I report the 

results in a summary table (see Table 4.14). 
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Table 4.14 Summary table of the DU5 parameters estimated using the MLE. Median and MAD (median absolute 

deviation) values, as well the non-parametric test (Mann–Whitney U test) statistics are reported. α: learning rate, i: 

fictive weight parameter, ρ: sensitivity parameter. 

 

HC (26) ADP (34) Non-parametric test 

 

Median MAD Median MAD Mann Whitney U P  

α 0.456 0.234 0.345 0.238 386 0.407 

i 0.644 0.355 0.748 0.251 388 0.411 

ρ 1.872 0.986 1.542 0.819 382 0.375 

4.5.2.5.2. MCMC Results 

The MCMC chains converged, as the time-series plots of running means stabilized at 

the same region of the sample space (see Figure A.25 in Appendix A). The potential scale 

reduction factor (PSRF) was found to be 1.01. However, the autocorrelation plots showed that 

the autocorrelation between samples of the group parameters dropped to zero, except the 

autocorrelation in the samples of μ and κ parameters of ADP’s fictive weight distribution. The 

autocorrelation between these samples did not diminish even after very long lags (see Figure 

A.27 in Appendix A). This indicates an overparameterization in the model. Therefore, to 

correctly identify the learning rate and sensitivity parameters of the model, I modified the 

DU5 model and fixed the fictive weight parameter to a constant value. To determine this 

value, I ran the analysis across all subjects considering them as a single group and calculated 

the mean value of the fictive weight parameter, which was found as 0.737. I then repeated the 

estimation with a fictive weight parameter fixed to 0.737. Setting the fictive weight parameter 

to a constant value resolved the high autocorrelation problem and yielded accurate parameter 

estimates for the remaining parameters (see Figure A.28 and Figure A.29 in Appendix A for 

model diagnostics). The potential scale reduction factor (PSRF) was found to be 1.01. The 

posterior group parameter distributions of HC and ADP are shown in Figure 4.27. The mean 

and standard deviation of individual parameter distributions are also reported in Table B.21 in 

Appendix B. 

 

Figure 4.27 Parameter distributions of the DU5 model. Fictive weight parameter is fixed to 0.737. The mean and 

95% high density interval values are indicated for each mu (mean) and kappa (sample size) parameters of group 

distributions of HC and ADP. ADP distributions are shown with a gray shade. α: learning rate, i: fictive weight 

parameter, ρ: sensitivity parameter. 
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4.5.2.5.3. Parameter Comparison 

After setting the fictive weight parameter to a fixed value, differences between the 

sampled parameter values of the two groups (HC - ADP) were computed for each of the 

remaining parameters of the DU5 model and plotted as histograms, which showed no 

significant group difference (see Figure 4.28) 

 

 

Figure 4.28 Histograms of parameter differences (HC - ADP) are plotted for the group parameters of the DU5 

model. No significant group difference was found. μ: mean. κ: sample size. HDI: High density interval. α: learning 

rate, i: fictive weight parameter, ρ: sensitivity parameter. 

4.5.2.6. The DU6 Model 

4.5.2.6.1. MLE Results 

As the DU6 model is an extension of the DU5 model with free reward and 

punishment sensitivity parameters, it also suffers from the problem of coupling between the 

fictive parameter and the sensitivity parameters. I used a strategy analogous to the one 

adopted to tackle the problem in the parameter estimation of the DU5 model. However, when 

the DU6 model parameters were estimated using the MLE method, the median fictive weight 

parameter across all subjects was found to be 1 (Table 4.15). This result reduces the DU6 

model to the DU2 model.  

Table 4.15 Summary table of the DU6 parameters estimated using the MLE. Median and MAD (median absolute 

deviation) values, as well the non-parametric test (Mann–Whitney U test) statistics are reported. α: learning rate, i: 

fictive weight parameter, ρR: reward sensitivity, ρP: punishment sensitivity. 

 
HC (26) ADP (34) Non-parametric test 

 

Median MAD Median MAD Mann Whitney U P  

α 0.555 0.267 0.578 0.313 428 0.843 

i 0.999 0.000 0.999 0.000 424 0.771 

ρR 2.019 1.133 1.592 0.842 407 0.606 

ρP 1.363 0.837 0.602 0.601 344 0.145 

4.5.2.6.2. MCMC Results 

When the posterior parameter distributions of the DU6 model were sampled using 

Gibbs sampling, the autocorrelation between samples of the μ and κ parameters of fictive 

weight distributions did not diminish even after a very long lag, indicating a trade-off between 

the parameter estimates (see the Figure A.30 in Appendix A). This problem prevents the 

model to converge (see the Figure A.31 in Appendix A) and the model parameters to be 

accurately identified. To correctly identify the learning rate and sensitivity parameters of the 
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model, I reduced the DU6 model by setting the fictive weight parameter to a fixed value of 

0.900, which was found to be the mean value of the μ distribution of the fictive weight, when 

the DU6 model parameters were estimated across all subjects (HC and ADP were treated as a 

single group).  

After overcoming the autocorrelation problem, the convergence was achieved in the 

model (see the convergence diagnostics of the reduced model in the Figure A.32 and the 

Figure A.33 in Appendix A). The potential scale reduction factor (PSRF) of the reduced 

model was found to be 1.01. The posterior group parameter distributions of HC and ADP 

approximated using the converged MCMC samples are shown in Figure 4.29. The mean and 

standard deviation of individual parameters are also reported in Table B.22 in Appendix B. 

 

Figure 4.29 Parameter distributions of the reduced DU6 model. Fictive weight parameter is fixed to 0.900. The 

mean and 95% high density interval values are indicated for each mu (mean) and kappa (sample size) parameters 

of group distributions of HC and ADP. ADP distributions are shown with a gray shade. α: learning rate, i: fictive 

weight parameter, ρR: reward sensitivity, ρP: punishment sensitivity. 

4.5.2.6.3. Parameter Comparison 

After setting the fictive weight parameter to a fixed value, differences between the 

sampled parameter values of the two groups (HC - ADP) were computed for each of the 

remaining parameters of the reduced DU6 model and plotted as histograms as shown in 
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Figure 4.30. The null hypothesis H0 of “no group difference (HC - ADP = 0)” is rejected for 

the μ parameter of the group punishment sensitivity distribution, as the value zero fell outside 

the 95% HDI of the difference histogram. The positive mean difference “HC - ADP = 0.704” 

for μρ_P indicates that ADP had significantly lower punishment sensitivity. Additionally, H0 

was also rejected for the κ parameter of group learning rate. The mean difference value, “HC 

- ADP = 3.38” for κα indicates that relative to HC, ADP had significantly higher variance in 

their group learning rate distribution. 

 

Figure 4.30 Histograms of parameter differences (HC - ADP) are plotted for the reduced DU6 group parameters. 

The null hypothesis (H0, no group difference) is rejected for the μ parameter of the group punishment sensitivity 

distribution, and κ parameter of learning rate distribution. These indicate that ADP’s group punishment sensitivity 

distribution has a significantly lower mean value, and ADP’s group learning rate distribution has a significantly 

higher variance. μ: mean. κ: sample size. HDI: High density interval. α: learning rate, i: fictive weight parameter, 

ρR: reward sensitivity, ρP: punishment sensitivity. 

4.5.3. Hidden Markov Models 

4.5.3.1. The HMM1 

4.5.3.1.1. MLE Results 

I estimated the free parameters of the HMM1 model, the transition probability τ, the 

outcome probability ο, and the inverse temperature parameter β, using the MLE method. I 

report the results in a summary table (see Table 4.16). 

Table 4.16 Summary table of the HMM1 parameters estimated using the MLE. Median and MAD (median 

absolute deviation) values, as well the non-parametric test (Mann–Whitney U test) statistics are reported. τ: 

transition probability, ο: observation probability, β: inverse temperature. 

 

HC (26) ADP (34) Non-parametric test 

 

Median MAD Median MAD Mann Whitney U P  

τ 0.099 0.098 0.097 0.084 412 0.657 

ο 0.859 0.140 0.699 0.152 344 0.145 

β 16.844 3.041 19.885 0.001 408 0.605 
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4.5.3.1.2. MCMC Results 

The MCMC chains converged except for the outcome probability parameter of HC, 

as the time-series plots of running means stabilized at the same region of the sample space 

except for this parameter (see Figure A.34 in Appendix A). The potential scale reduction 

factor (PSRF) was found to be 1.04. However, the autocorrelation plots showed that the 

autocorrelation between samples of the group parameters did not drop to zero even after long 

lags, indicating a trade-off between the model’s free parameters (see Figure A.35 in Appendix 

A). Therefore, to correctly identify the transition probability and outcome probability 

parameters of the model, I modified the HMM1 and fixed the inverse temperature parameter 

to a constant value. 

I reran the MCMC sampling to estimate the posterior distributions of the HMM1 

model with an inverse temperature parameter fixed to 7.79. This value was found to be the 

mean value of the μ distribution of the inverse temperature distribution when it was estimated 

across all subjects (ADP and HC groups were treated as a single group; see Figure 4.31). 

Setting the inverse temperature parameter to 7.79 resolved the high autocorrelation problem 

and yielded accurate parameter estimates for the remaining parameters (see Figure A.36 in 

Appendix A for model diagnostics). The potential scale reduction factor (PSRF) was found to 

be 1.01.  

 

Figure 4.31 HMM1 model parameters estimated across all subjects. The mean value of the μ parameter of the 

inverse temperature (β) distribution, 7.79, is selected as the fixed value for β in the reduced HMM1 model to 

identify the other free parameters of the model. κ: sample size, τ: transition probability, ο: observation probability, 

β: inverse temperature. 

The posterior group parameter distributions of HC and ADP approximated using the 

converged MCMC samples are shown in Figure 4.32. The mean and standard deviation of 

individual parameter distributions are also reported in Table B.23 in Appendix B. 
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Figure 4.32 Group parameter distributions of the reduced HMM1 model. The mean and 95% high density interval 

values are indicated for each mu (mean) and kappa (sample size) parameters of group distributions of HC and 

ADP. ADP distributions are shown with a gray shade. τ: transition probability, ο: observation probability. 

4.5.3.1.3. Parameter Comparison 

Differences between the sampled parameter values of the two groups (HC - ADP) 

were computed for each parameter of the reduced HMM1 model and plotted as histograms, 

which showed no significant group difference (see Figure 4.33). 

 

 

Figure 4.33 Histograms of parameter differences (HC - ADP) are plotted for the reduced HMM1 group 

parameters. No significant group difference was found. μ: mean. κ: sample size. HDI: High density interval. τ: 

transition probability, ο: observation probability. τ: transition probability, ο: observation probability. 

 

4.5.3.2. The HMM2 

As the HMM2 model is an extension of the HMM1 with free reward and punishment 

probability parameters, it also suffers from the problem of coupling between the inverse 

temperature parameter and the HMM’s probability parameters. I used a strategy analogous to 

the one adopted to tackle the problem in the parameter estimation of the HMM1 model.  

According to this strategy, the inverse temperature parameter was fixed to the median value 

of the individual parameter estimates when the parameter was defined in the model as a free 

parameter. That value was found to be 14.933.  
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4.5.3.2.1. MLE Results 

After setting the inverse temperature to 14.933, I estimated the remaining free 

parameters the transition probability τ, the reward probability οR, and the punishment 

probability οP, using the MLE method. I report the results in a summary table (see Table 

4.17). Additionally, individual parameter estimates are reported with confidence intervals in 

Table B.24 in Appendix B. 

Table 4.17 Summary table of the reduced HMM2 parameters estimated using the MLE. Median and MAD 

(median absolute deviation) values, as well the non-parametric test (Mann–Whitney U test) statistics are reported. 

τ: transition probability, οR: reward probability, οP: reward probability. 

 
HC (26) ADP (34) Non-parametric test 

 

Median MAD Median MAD Mann Whitney U P  

τ 0.172 0.071 0.236 0.112 367 0.270 

οR 0.737 0.116 0.767 0.125 421 0.763 

οP 0.631 0.078 0.585 0.073 319 0.067 

4.5.3.2.2. MCMC Results 

When the posterior parameter distributions of the HMM2 were sampled using Gibbs 

sampling, the autocorrelation between samples of the μ and κ parameters of model parameter 

distributions did not diminish even after very long lags (see Figure A.37 in Appendix A). This 

indicates a trade-off between the parameter estimates, which prevents the model to converge 

and the model parameters to be accurately identified (see Figure A.38 in Appendix A). To 

correctly identify the parameter estimates of the model, I reduced the HMM2 model by 

setting the inverse temperature parameter to a fixed value of 8.96. This value was found to be 

the mean value of the μ distribution of the inverse temperature parameter, when the HMM2 

model parameters were estimated across all subjects (HC and ADP were treated as a single 

group, see Figure 4.34).  

I reran the MCMC sampling to estimate the posterior distributions of the HMM2 with 

an inverse temperature parameter fixed to 8.96. Setting the inverse temperature parameter to 

8.96 resolved the high autocorrelation problem and yielded accurate parameter estimates for 

the remaining parameters (see Figure A.39 and Figure A.40 in Appendix A for model 

diagnostics). The potential scale reduction factor (PSRF) of the reduced model was found to 

be 1.01.  

The posterior group parameter distributions of HC and ADP approximated using the 

converged MCMC samples are shown in Figure 4.35. The mean and standard deviation of 

individual parameter distributions are also reported in Table B.25 in Appendix B. 
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Figure 4.34 HMM2 model parameters estimated across all subjects. The mean value of the μ parameter of the 

inverse temperature (β) distribution, 8.96, is selected as the fixed value for β in the reduced HMM2 model to 

identify the other free parameters of the model. κ: sample size, τ: transition probability, οR: reward probability, οP: 

reward probability, β: inverse temperature. 

4.5.3.2.3. Parameter Comparison 

Differences between the sampled parameter values of the two groups (HC - ADP) 

were computed for each parameter of the reduced HMM2 model and plotted as histograms, 

which showed no significant group difference (see Figure 4.36), but a clear trend for lower 

punishment probability and higher reversal probability in ADP. 

4.6. Model Comparison Results 

 

4.6.1. Model Comparison with Bayesian Information Criterion 

I calculated the BIC score of each model for each subject at the parameters yielding 

the maximum likelihood using the Eq. 16. Figure 4.37 shows the fixed-effects BIC scores 

which were calculated by adding up individual BIC scores of all subjects. The same figure 

also shows the fixed-effects BIC scores of HC and ADP separately. 

The best-fitting model was the DU2 model, as it yielded the minimum BIC score 

relative to the other candidate models. When analyzed separately for groups, the DU2 model 

provided the best fit for both HC and ADP. Individual BIC scores were also plotted for HC 

and ADP separately (see Figure 4.38). 
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Figure 4.35 Group parameter distributions of the reduced HMM2 model. The mean and 95% high density interval 

values are indicated for each mu (mean) and kappa (sample size) parameters of group distributions of HC and 

ADP. ADP distributions are shown with a gray shade. τ: transition probability, οR: reward probability, οP: reward 

probability. 
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Figure 4.36 Histograms of parameter differences (HC - ADP) are plotted for the reduced HMM2 group 

parameters. No significant group difference was found. μ: mean. κ: sample size. HDI: High density interval. τ: 

transition probability, οR: reward probability, οP: reward probability. 

4.6.2. Comparison to Null Model 

Model comparison analysis represents the relative improvement on model-fitting, i.e. how 

well one model predicts the data compared to the other candidate models, but does not draw 

inferences about whether a model is able to predict the data better than the null model. 

To measure the improvement provided by the computational models over the null 

model in explaining the behavioral data, I calculated the pseudo-R-squared values of each 

subject at the maximum likelihood parameter estimates (see Figure 4.38 and Table B.26 in 

Appendix B). Poorly-fitted subjects were selected using a pseudo-R-squared threshold of 

0.1375 (corresponds to p = 0.55) which indicates that the learning model provides a better 

model-fit to behavioral data compared to the fit provided by a null model that predicts the 

actions of the subjects with a probability less than 0.55. There were 11 subjects (5 HC and 6 

ADP) with pseudo-R-squared values smaller than 0.1375. A chi-squared showed no 

difference between HC and ADP in the number of poorly-fitted subjects.  

To test the effect of the poorly-fitted subjects on BIC model comparison, I repeated 

the analyses with the remaining 49 subjects whose behavioral data were fitted better than 

chance. The results of the fixed-effects analysis remained the same after excluding the 11 

poorly-fitted subjects from the analysis, and the DU2 model stayed as the best-fitting model 

among the candidates, for all subjects, as well as for HC and ADP separately (see Figure A.41 

in Appendix A). For poorly-fitted subjects, differences between model-fits diminished and 
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model fitting performances of the SU models became comparable to those of the DU models 

and the HMMs (see Figure A.42 in Appendix A). 

 

 

Figure 4.37 BIC scores of the candidate learning models. BIC scores are summed up across all subjects, also 

across HC and ADP, separately. The summed BIC scores are written next to the bars. The best-fitting model, DU2, 

has the minimum BIC score.  The models are listed with corresponding update rules, parameters and the number of 

parameters. 

 

Figure 4.38 BIC scores of the models are shown for each participant of HC and ADP groups. 
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4.6.3. Model Comparison with Deviance Information Criterion 

Deviance information criterion (DIC), which is a hierarchical Bayesian modeling 

generalization of the BIC (Spiegelhalter et al., 2002). It accounts for the shared information 

between subjects in the model, is calculated for all subjects, as well as for HC and ADP 

separately. DIC scores reported in Figure 4.39 consider all subject data and generate a single 

value for each model with the smallest amount representing the best model. When models 

were compared across all subjects, the DU2 model, DU4 model, and DU6 model yielded 

similar DIC scores. Among these models, the DU2 model, with the minimum number of 

parameters (three free parameters compared to four), provides the most parsimonious 

explanation for the data. Moreover, the DU4 model can be reduced to the DU2 model, as the 

learning rates for rewards and punishments, which were defined as distinct free parameters in 

the DU4 model, were highly correlated (Spearman’s rs = 0.556, p < 0.0001). The DU6 model 

can also be approximated by the DU2 model, because the fictive weight parameter, which is 

used to scale the rate of learning from fictive outcomes, was 0.9, a value very close to 1, 

which would result in a redundancy of the fictive weight parameter. 

When the analysis was repeated with separate groups (bottom plots in Figure 4.39), 

the DU2 model provided a parsimonious fit for HC; whereas, when only ADP were 

considered, the HMM2 provided a slightly better fit relative to the DU2 model. Indeed, for 

this task design, the DU2 model provides a close approximation of the HMM2, as it 

simultaneously updates the expected reward values of both options similar to HMM2’s 

updating of posterior belief probabilities of both options after each outcome presentation. This 

“double” update takes into account the anti-correlated choice values; therefore an important 

information about the task structure that when choosing one option yields a reward, it is 

highly likely that the other option would have yielded a punishment, and vice versa (Hampton 

and O’Doherty, 2007; Glaescher et al., 2009). For more details, please refer to the section 

4.6.4, where I compared the performances of the DU2 model and the HMM2 in predicting 

behavioral data. 

Finally, to confirm that model comparison was not confounded by the data which 

could not be predicted by any of the candidate models at a level higher than the chance level, 

I repeated the DIC comparison after excluding the poorly-fitted subjects, who were specified 

in 4.6.2. This analysis indicates that the DU2 model provides the most parsimonious 

explanation for the well-fitted subjects, as well as for the well-fitted HC and ADP (see Figure 

A.43 in Appendix A). 
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Figure 4.39 DIC scores of the candidate learning models for all subjects (above) and HC and ADP, separately 

(below). The total DIC scores are written next to the bars. The models are listed with corresponding update rules, 

parameters and the number of parameters. 

  

4.6.4. Learning Curves and Simulation of New Data 

Here, I repeated the analysis in Chapter 3 Section 3.2 after specifying the participants 

whose behavior could not be predicted by any model better than the chance level. Similar to 

this analysis reported above, learning curves were constructed by plotting the mean correct 

responses of HC, ADP and the poorly-fitted subjects as a function of trial number (bold 

curves in the Figure 4.40) and taken to a group (3) x trial (10) ANCOVA. 

A group (3) x trial (10) ANCOVA comparing the learning curves showed a 

significant main effect of group (F(2,57) = 6.27, p = 0.003), a significant main effect of trial 

(F(3.90,222.64) = 46.46, p ≤ 0.001, Greenhouse–Geiser corrected) and a significant group x 

trial interaction (F(7.81,222.64) = 6.351, p ≤ 0.001, Greenhouse–Geiser corrected). When I 

repeated the analysis for the well-fitted HC and ADP only, the main effects of group (F(1,47) 

= 5.378, p = 0.002) and trial remained significant (F(3.21,151.01) = 82.707, p ≤ 0.001, 

Greenhouse–Geiser corrected), whereas the significant group x trial interaction effect 
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disappeared (F(3.21,151.01) = 1.042, p = 0.404, Greenhouse–Geiser corrected). Post hoc two-

sample t-tests revealed a significant difference between the mean correct responses of HC and 

ADP at the 5
th

 trial after reversal, at which both groups reached their highest performance (t47 

= 2.894, p = 0.028, Holm–Bonferroni corrected, HC: 92.09 ± 9.27%, 66.67‒100%; ADP: 

81.53 ± 14.64%, 55‒100%).  

 

 

Figure 4.40 Learning curves of HC, ADP, and poorly-fitted subjects. Correct responses (selection of the stimulus 

with higher reward probability) were averaged over blocks of 10 trials for actual (solid lines) and simulated data 

(dashed lines). The DU2 model was used for simulation. Shaded regions denote standard errors. 

Next, I tested whether surrogate learning curves generated by the DU2 model 

matched the actual learning curves of the subjects. Specifically, I was interested whether the 

group difference in the punishment sensitivities of the DU2 model (when fitted to the ADP 

and HC) translated into a group difference in learning curves. First, I generated surrogate 

choice data. DU2 models with parameters fitted to the individual subjects performed the task 

(100 times per model). Second, I averaged the correct responses and constructed the surrogate 

learning curves for HC, ADP and poorly-fitted subjects (dashed curves in Figure 4.40). 

Finally, I compared the surrogate learning curves using a group (2) x trial (10) ANCOVA. 

Poorly-fitted data, as well as the data recorded during blocks with 50% - 50% reward 

probabilities, were excluded from this analysis. ANCOVA showed a significant main effect 

of group (F(1, 47) = 6.95, p = 0.011) and a significant main effect of trial (F(2.26, 106.59) = 

139.19, p ≤ 0.001, Greenhouse–Geiser corrected). Group x trial interaction was found to be 

insignificant (F(2.26, 106.59) = 1.81, p = 0.064). Post hoc t-tests revealed a significant group 

difference in the mean correct responses at the 4
th
 trial after the reversal (t47 = 3.244, p = 0.01, 

Holm–Bonferroni corrected, HC: 87.62 ± 7.99%, 75.30‒100%; ADP: 78.37 ± 11.06%, 48.30‒

95.70%) in addition to the 5
th
 trial after the reversal (t47 = 3.273, p = 0.01, Holm–Bonferroni 
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corrected, HC: 91.43 ± 5.88%, 81.10‒99.79%; ADP: 83.18 ± 10.35%, 52.35‒99.19%). Hence, 

replication of the between-group difference in learning curves using simulated data confirmed 

a significant association between reduced punishment sensitivity and impaired behavioral 

adaptation of ADP. 

4.6.4.1. DU2 Model – HMM2 Comparison 

To show how closely the DU2 model approximates the HMM2 model, I constructed 

surrogate learning curves using data simulated by the DU2 model and the HMM2 with mean 

values of individual posterior parameter distributions (Figure 4.41). I then performed a 2 x 2 x 

10 repeated measures ANOVA with a between-subjects factor group with 2 levels for HC and 

ADP, a within-subjects factor model with 2 levels for the DU2 model and the HMM2, and 

another within-subjects factor trial with 10 levels for the each trial after the reversal (t = 0 is 

the time when the reversal happens). The parameter estimates of poorly-fitted data were 

excluded from this analysis to eliminate a possible confound of parameters that could not be 

accurately estimated due to a model-fit at or below the chance level.  

The 2 x 2 x 10 ANOVA showed no significant difference between predictions of the 

behavioral data provided by the DU2 model, or the HMM2 (F(1, 47) = 0.106, p = 0.745). 

Additionally, no interaction was found between the model and the group (F(1, 47) = 0.308, p 

= 0.581), indicating that both models predicted the data of both groups statistically alike.   

 

Figure 4.41 Surrogate learning curves generated using the DU2 model and HMM2. Both models yield very close 

predictions of HC and ADP data. 

4.6.4.2. Parameter Comparison with Well-fitted Subjects  

Comparison of the best-fitting DU2 model’s parameters between HC and ADP 

revealed that ADP had reduced punishment sensitivities (Figure 4.22). To confirm that this 

result was not confounded by model-fit differences of subjects, I repeated the Bayesian 

parameter estimation for the DU2 model with 49 well-fitted subjects (21 HC and 28 ADP). 
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These subjects were selected according to their pseudo-R-squared values in Section 4.6.2 and 

were listed in Table B.26 in Appendix B. Differences between the sampled parameter values 

of the two groups (HC - ADP) were once again computed for each parameter of the DU2 

model and plotted as histograms as shown in Figure 4.42. The null hypothesis H0 of “no 

group difference (HC - ADP = 0)” is rejected for the μ parameter of the group punishment 

sensitivity distribution. The positive mean difference “HC - ADP = 0.906” for μρ_P indicates 

that poorly-fitted subjects did not confound the finding on significantly lower punishment 

sensitivity in ADP. Other parameters of the DU2 model (learning rate and reward sensitivity) 

did not show any difference between HC and ADP. 

 

 

Figure 4.42 Histograms of parameter differences (HC - ADP) are plotted for the DU2 group parameters. The null 

hypothesis (H0, no group difference) is rejected for the μ parameter of the group punishment sensitivity (ρP) 

distribution, indicating that ADP’s group punishment sensitivity distribution still has a significantly lower mean 

value after the exclusion of the poorly-fitted subjects. α: learning rate, ρR: reward sensitivity, ρP: punishment 

sensitivity. 

I also carried out an analogous analysis with the model parameters of the HMM2, 

which provided a very close fitting performance to the DU2 to the behavioral data (please 

refer to 4.6.4.1 for details). Differences between the sampled parameter values of the well-

fitted subjects of HC and ADP were computed for each parameter of the HMM2 and plotted 

as histograms in Figure 4.43. After removing the poorly-fitted subjects from the analysis, I 

found that the punishment probability parameter was significantly lower in ADP. No group 

parameters were found in the other two parameters of the HMM2 (reversal probability and 

reward probability). 

 

 

Figure 4.43 Histograms of parameter differences (HC - ADP) are plotted for the HMM2 group parameters. The 

null hypothesis (H0, no group difference) is rejected for the μ parameter of the group punishment probability (οP) 

distribution, indicating that ADP’s group punishment probability distribution still has a significantly lower mean 
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value after the exclusion of the poorly-fitted subjects. τ: transition probability, οR: reward probability, οP: reward 

probability. 

4.6.5. Parameter Correlations with Clinical Self-

Report Questionnaires 

I also described the relation between best-fitting model parameters and self-report 

clinical questionnaires of the patients. Dependence severity (Alcohol dependence scale, 

ADS), mean craving (Obsessive compulsive drinking scale, OCDScraving), and the amount of 

alcohol intake in the past year (Lifetime drinking history, LDH) scores were used to divide 

ADP into two subgroups at median values. In the first analysis, model parameters of “highly 

severe” (18 subjects, ADS: 15–36 ≥ 15) and “less severe” (16 subjects, ADS: 1–14 < 15) 

ADP were estimated and the differences between parameter samples were computed. 

Similarly, using the median value of mean craving, ADP were split into “high craving” (19 

ADP, OCDScraving: 10–100 ≥ 10) and “low craving” (15 subjects, OCDScraving: 0–5 < 10) ADP. 

Finally, taking the same approach, I compared the group parameters of “high consumers” (17 

ADP, 58.56–999 l ≥ 57 l) and “low consumers” (17 ADP, 2.10–55.44 l < 57 l), which were 

specified according to the median value of LDH. 

The posterior parameter distributions of less severe and highly severe ADP were 

approximated using MCMC samples. Difference distributions, which were computed by 

subtracting the parameter distributions of highly severe ADP from those of less severe ADP, 

were plotted as difference histograms (Figure 4.44). Reward sensitivity parameter was found 

significantly different between these subgroups as the value zero indicating no difference was 

outside the 95% HDI (-2.31– -0.147) of the histogram. The negative mean difference (highly 

severe - less severe = -1.21) indicates that highly severe ADP had significantly greater reward 

sensitivities relative to less severe ADP (less severe: 1.419 ± 0.828; highly severe: 2.633 ± 

1.672; mean ± SD).  

Comparison of group parameter distributions revealed no significant difference 

between low craving and high craving ADP; or between low consumers and high consumers.

 

Figure 4.44 Parameter comparison between less severe (LO) and highly severe (HI) ADP. Histograms of 

parameter differences indicate greater reward sensitivity in highly severe ADP. α: learning rate, ρR: reward 

sensitivity, ρP: punishment sensitivity. 
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A similar analysis was also performed with free parameters of the HMM2. Difference 

distributions of the HMM2 parameters, which were computed by subtracting the parameter 

distributions of highly severe ADP from those of less severe ADP, were plotted as difference 

histograms (Figure 4.45). Transition probability parameter was found significantly different 

between these subgroups as the value zero indicating no difference was outside the 95% HDI 

(0.013–0.2) of the histogram. The positive mean difference (highly severe - less severe = 

0.106) indicates that highly severe ADP had significantly lower transition probability 

parameters relative to less severe ADP (less severe: 0.257 ± 0.145; highly severe: 0.151 ± 

0.099; mean ± SD). 

 

Figure 4.45 Parameter comparison between less severe (LO) and highly severe (HI) ADP. Histograms of 

parameter differences indicate lower reversal probability in highly severe ADP. τ: transition probability, οR: reward 

probability, οP: reward probability. 

Comparison of group parameter distributions revealed no significant difference 

between low craving and high craving ADP; or between low consumers and high consumers. 
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5. Methods for Functional Magnetic Resonance Imaging Data 

Analysis  
 

5.1. What is Functional Magnetic Resonance (FMRI) Imaging?  

 

Functional magnetic resonance imaging (fMRI) provides the opportunity to study the 

structure and function of the brain by measuring the differences in the magnetic properties of 

molecules (Ashby, 2011). This method is based on the fact that various brain structures such 

as white matter, gray matter, and blood vessels have different magnetic properties due to the 

differences in the density of water molecules. 

 

Figure 5.1 Theoretical blood oxygen level dependent (BOLD) hemodynamic response (Case courtesy of A.Prof 

Frank Gaillard, Radiopaedia.org, rID: 35991.) 

The goal of fMRI is to observe the neural activity of brain noninvasively, in real-time 

and with a high spatial resolution (Ashby, 2011). However, with the current technology, this 

is achieved with a temporal resolution of 1–3 seconds and a spatial resolution of 3–5 mm
3
. 

The main reason for this temporal resolution is that fMRI provides an indirect measurement 

of the neural activity via the blood oxygen level dependent (BOLD) signal (Ogawa et al., 

1990a, 1990b), which lags the neural activation that is assumed to drive it. Hemoglobin is the 

blood molecule that carries oxygen from lungs to tissues and its magnetic property greatly 

depends on its binding sites for oxygen molecules (Pauling and Coryell, 1936). It has been 

hypothesized that when neural activity increases in a brain region, the density of oxygenated 

hemoglobin increases in that area due to heightened metabolic demand and this rush of 

oxygenated hemoglobin leads to a rise in the ratio of oxygenated to deoxygenated 
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hemoglobin, i.e. BOLD signal. Immediately after the neural activity, an initial dip occurs 

possibly due to a transient depletion of oxygen. Then a peak in BOLD response happens at 

around 6 seconds after the neural activity that elicited the response (Figure 5.1). When the 

neural activity ceases, BOLD signal drops below the baseline level (undershoot) and it 

gradually recovers back to baseline level over a period of 20-25 s.  

 The physics of MRI and the complex BOLD process are beyond the scope of this 

dissertation. Hashemi, Bradley, and Lisanti (2004) (1999) (Hashemi et al., 2004) and Haacke, 

Brown, Thompson, and Venkatesan (Haacke et al., 1999) are recommended for interested 

readers. 

 Subjects are usually given a task to perform in a typical fMRI experiment, which 

consists of either a long run of 20–30 min or multiple short runs with short breaks in between. 

Two parameter choices are important for the subsequent fMRI analysis: (1) repetition time 

(TR), which is the time between two consecutive whole-brain scans, (2) voxel size, which 

determines the spatial resolution of the fMRI data. Subjects see the visual stimuli via a mirror 

reflecting the task information and respond to the stimuli by pressing a button on a hand-held 

device (Ashby, 2011).  

FMRI experiments typically either use a block design or an event-related design: 

 Block design: In this type of design, subjects are instructed to perform a task 

(perceptual, motor or cognitive) from the beginning until the end of a series of blocks 

which usually last between 30 seconds to a few minutes.  In some “rest” blocks, 

subjects usually just lay inside the scanner do not perform the task. This design 

assumes that the activation in task-sensitive regions stays constant during the block 

and decays back to baseline when the block ends. The neural network that mediates 

the task is then studied by subtracting the BOLD signal during the rest blocks from 

the BOLD signal during the task blocks. 

 Event-related design: In this type of design, the experiment is divided into discrete 

trials which are repeated multiple times. Trials are often presented randomly, and it 

is, therefore, important to know the exact timing of stimulus presentation with respect 

to TR onset. Another important requirement for this type of design is introducing 

delays of random duration in between successive trials, i.e. jittering, to get unique 

estimates of the parameters of the statistical models used in fMRI data analysis 

(Ashby, 2011). 

The research aims to distinguish the brain regions activated by the task under study. 

However, acquired raw data from the MRI scanner are not suited for this goal. The analysis of 
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fMRI data is therefore required, which consists of preprocessing and postprocessing. These 

steps will be explained below in more detail. 

5.2. Preprocessing of FMRI Data 

 

FMRI data is big and noisy. Additionally, high temporal and spatial correlations pose 

a considerable challenge to the analysis by increasing the unexplained variability in the 

statistical model. Therefore, data are prepared for task-related analyses with the following 

preprocessing steps, which aim to reduce the error variance to detect the task-related 

activation (Ashby, 2011). 

5.2.1. Slice-timing Correction 

A scan of the whole brain, which takes one TR to acquire, usually consists of 33 or 

more slices. Therefore, the BOLD signal in different brain regions is sampled at different time 

points. This poses a problem in rapidly changing event-related designs because the goal is to 

get the BOLD signal of the whole brain from the same point in time. Temporal interpolation 

is employed to account for this time difference between the slices. What temporal 

interpolation does is that sampled time course of each voxel is shifted by a small amount in 

time, and these points are interpolated (using a linear, a spline or a sinc interpolation) to 

construct the signal that would have been acquired if each voxel had been sampled at the 

same time.  

5.2.2. Head Motion Correction 

Even a small head movement can corrupt fMRI data, particularly when a brain rich in 

blood supply moves to another location that consists of bone or air (Huettel et al., 2014). 

Although head movements are better prevented during the experiment, it is possible to correct 

the small head movements with “rigid body registration”.  

Each voxel of an fMRI image occupies a point in space which can be characterized 

by a set of coordinates (x, y, z) and its possible movement can be defined by six parameters:  

1. translation along the x-axis,  

2. translation along the y-axis,  

3. translation along the z-axis,  

4. a rotation about the x-axis,  

5. a rotation about the y-axis,  

6. a rotation about the z-axis.  

The movement is estimated with respect to one reference volume (usually the volume 

acquired at the first TR or the middle TR). The estimated movement parameters (three 
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translation parameters in mm and three rotation parameters: pitch, roll, yaw in degrees) are 

then used to realign the time series of other volumes to the reference volume.  

5.2.3. Coregistration of the Functional and Structural Data 

One of the aims of fMRI analysis is to localize some significant task-related 

activation in the brain. Therefore, functional activations need to be overlaid to individual's 

anatomy. In this step, within each subject, functional images which have typically poor spatial 

resolution are coregistered (spatially aligned) to the structural images which have a relatively 

higher spatial resolution. 

5.2.4. Normalization 

To draw general inferences about the localizations of task-related activations, one 

must account for the variations in brain anatomy between individuals. This problem is 

addressed by normalization, which is the coregistration of the structural scan of each single 

subject to some standard brain in which the major brain areas have already been identified 

and labeled. Recently, Montreal Neurological Institute (MNI) atlas, which was created by 

averaging the structural scans of 152 brains, has been used in normalization. The most general 

linear transformation used in normalization step is affine transformation.   

5.2.5. Spatial Smoothing 

Noise in fMRI data is a major problem in its analysis. The effect size is usually very 

small in a fMRI analysis, and typically only the 2%–3% of the total BOLD response can be 

assessed. The primary source of noise is the thermal motion of the molecules in the scanning 

environment (including the scanner and the brain). Physiological noise, head motion, scanner 

drift and uncontrolled cognitive activity are other reasons for the low signal-to-noise ratio. 

Spatial smoothing alleviates this problem by replacing the BOLD value of each voxel with a 

weighted average of the BOLD response in neighboring voxels (Ashby, 2011). Spatial 

smoothing is applied via a three-dimensional filter (kernel). The statistical models used to 

analyze fMRI data assumes that noise is normally distributed. It is, therefore, common to 

choose a Gaussian function as a smoothing kernel which is characterized by its full width at 

half maximum (FWHM). 

5.2.6. Temporal Filtering 

Another preprocessing step to increase the signal-to-noise ratio is temporal filtering. 

Analogous to spatial smoothing, the data at each voxel gets smoothed by the data across 

neighboring TRs. 
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5.3. Modeling the Blood oxygen level dependent (BOLD) Response 

 

A general linear model (GLM) analysis is applied to preprocessed fMRI data to 

identify the brain areas showing task-related activity. Here, I explain the univariate statistical 

techniques used in this dissertation, since parameter estimation and statistical inference 

methods are applied to one voxel at a time.  

The basic idea behind GLM is to predict the hemodynamic BOLD response evoked 

by experimental manipulation. This is done by creating GLM predictors that can model the 

BOLD signal as precisely as possible. Therefore, in addition to task-related events, baseline 

activation and non-task-related variation in the BOLD signal should also be taken into 

account to estimate the parameters accurately.  

The GLM has the following form: 

𝑌 = 𝑋𝛽 + 𝜖 

, where Y is the BOLD time series, X is the design matrix, β is the vector of parameter 

estimates, and 𝜖 is the error variance, which is assumed to be normally distributed with a 

mean of 0 and σ
2 
(Poldrack et al., 2011). In an event-related fMRI study (as the current study), 

design matrix consists of regressors which represent different event types occurring during 

the experiment. Specifically, columns of the design matrix represent the events with stick 

functions of unit length, whereas the functional scans constitute the rows of the design matrix. 

The regressors are then convolved with the theoretical hemodynamic response function 

(HRF) to model the underlying BOLD signal. Non-task-related events (e.g. control trials, 

trials with no response, etc.) should also be included in the analysis. It is a typical practice to 

include the translation and rotation parameters (obtained from the head motion correction 

preprocessing step) as nuisance variables in the design matrix to improve the quality of the 

parameter estimation.  

Once the design matrix is constructed, the parameters, β, which minimize the error 

variance 𝜖, are estimated using the least squares method. The regressors should also be 

orthogonal to each other to achieve unique parameter estimations. It is also essential to add 

jitter to the task design to achieve stable parameter estimates. This step (will be referred as the 

1
st
 level analysis) creates beta images (one beta image per column of the design matrix) of 

regressors of interest, as well as the nuisance variables and the constant (baseline level) in the 

model.  

Various hypotheses can then be tested after estimating the β parameters. The 

hypotheses can be written in matrix form as 

𝑐′𝛽 = 0 
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where 𝑐′is a row vector of constants (Ashby, 2011). This step yields contrast images, which 

correspond to weighted sums of the beta weights. Contrast images are then used to construct a 

statistical map of t-values (or z-values) used for statistical testing.   

5.3.1. Group Analysis 

One of the goals of fMRI is to test group hypotheses and draw more general 

inferences. In the 2
nd

 level of the fMRI analysis, single subject results are combined to obtain 

group results. It is important to note that subjects are treated as random effects in the model. 

Particularly when the goal of the research is to study whether task-related activations are 

different between subject groups, e.g. patients versus controls, a random effects modeling 

approach needs to be adopted. After modeling the data of each subject separately in the 1
st
 

level analysis, subject-specific contrast images are carried to a 2
nd

 level analysis. A wide 

variety of models including linear regression, one-sample t -tests, two-sample t -tests, paired t 

-tests, ANOVA, ANCOVA, and repeated measures ANOVA can then be performed with the 

subject-specific contrast images. 

5.4. Statistical Inference 

 

The main approach used for statistical inference in an fMRI analysis is classical 

hypothesis testing. H1 corresponds to the scientific hypothesis of interest, whereas H0 is the 

null hypothesis that proposes “no effect.” The chance of observing a test statistic equal to or 

larger than a prespecified value is the p-value that represents the evidence against H0 for any 

test statistic (T, F or χ2). One can make two types of errors in null hypothesis testing: 

1. Type I or false positive error is detecting an effect (rejecting H0) that is not 

present,  

2. Type II or false negative error is failing to reject H0 when there truly is an 

effect. 

5.4.1. Voxel-level Inference vs. Cluster-level Inference 

In voxel-level inference, each and every voxel of an image of V voxels is tested 

individually for a significant task-related activation. However, activations in the brain regions 

are often much larger than a single voxel. Due to spatial smoothing step applied to fMRI data 

in preprocessing, the activations are often observed in clusters rather than single voxels. 

Spatial information of the voxels is taken into account in cluster-level inference, by testing the 

significant task-related activation in clusters of activated voxel, hence increasing the power of 

the inference. However, this comes at the expense of spatial specificity, whereas voxel-by-

voxel inferences allow us to make very specific inferences (Poldrack et al., 2011). 
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5.4.2. Multiple Comparisons Problem 

A statistical map includes a statistic e.g. a z-value, in every voxel of the brain, or the 

region of interest (ROI). Hence, multiple comparisons pose a critical problem for the fMRI 

analysis because approximately 100,000 tests, which correspond to the approximate number 

of voxels of the brain, are performed simultaneously. For instance, if the probability of a false 

positive for each test is 0.05, 5000 false positives are expected with 100,000 separate tests 

(Ashby, 2011). False positive risk (Type I error) is measured in two ways:  

5.4.2.1. Familywise Error Rate (FWER or FWE) 

FWER or FWE is the chance of one or more false positives anywhere in the statistical 

map. With the following correction methods, αFWE = 0.05 indicates that there is at most a 5% 

chance of any false positives (at least one) anywhere on the map. 

 Bonferroni correction: Bonferroni corrected threshold of α is calculated by αFWE/V, 

where V is the number of tests. This is a very conservative correction method, 

particularly when strong correlation exists between tests as in a typical fMRI analysis.  

 Random field theory: This method is based on the idea that an intrinsic smoothness is 

present in the fMRI data even before applying spatial smoothing. It is proposed 

increased smoothness alleviates multiple testing problems and reduces the need for 

stringent corrections. However, the nature of the spatial correlations that exists among 

the activated voxels has not been characterized, and it is not clear how to construct a 

suitable Gaussian random field. 

 Parametric simulations: Monte Carlo simulation is a less stringent approach for 

correction of multiple testing. This method also relies on the intrinsic smoothness of 

the data. 

 Nonparametric approaches: In contrast to parametric approaches, nonparametric 

approaches use the data themselves to acquire the empirical distributions of the test 

statistics. The most common method is permutation tests which provide a useful 

alternative to random field methods for small samples with an intrinsic control of 

false positive error.  

5.4.2.2. False Discovery Rate (FDR) 

This method is based on controlling the fraction of detected voxels (or clusters) that 

are false positive (0 when there is no detected voxel). For instance, pFDR = 0.05 produces 

results that are 95% correct, and the fraction of false positive results is not more than 5%. 

Intuitively, while FWE controls the probability of even one single false positive error, which 

may be too stringent in an fMRI analysis, where a large number of hypotheses are tested; 
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FDR controls the fraction of errors that is made. However, FDR’s greater sensitivity comes at 

the cost of greater risk of false positive errors.  

5.5. Principles of Model-based FMRI Analysis 

 

The aim of the model-based fMRI analysis is to find the brain areas whose BOLD 

activity show significant correlation with a time-series signal derived from a computational 

model that is thought to capture a specific cognitive process (O’Doherty et al., 2007; 

Glaescher and O’Doherty, 2010; Doya, 2011). Instead of a mere localization a task-related 

activation, which is provided by conventional neuroimaging approaches, the model-based 

fMRI approach enables researchers to study the neural correlations of a particular cognitive 

process which is not directly accessible to the researcher. The internal (latent) variables, e.g. 

prediction error time series in reinforcement learning models, are derived from computational 

models on trial-by-trial basis using the parameters that can best predict the observed data, i.e. 

minimize the error between the observed data and model predictions. They are then included 

in the design matrix as additional regressors (called parametric regressors) in addition to the 

events that are assumed to be modulated. Since an event is modeled by a stick function of unit 

length at the time of onset, parametric modulator determines the height of that response. All 

regressors are then convolved with HRF (see Figure 5.2 for the steps of a model-based fMRI 

analysis). 

It is important to note that both the unmodulated and modulated regressors should be 

included in the design matrix, and the parametric regressor should be orthogonalized with 

respect to the unmodulated (event) regressor. Orthogonalization ensures that the parametric 

regressor is not correlated with the unmodulated regressor and any activation observed for the 

parametric modulator can be attributed to the modulation, as it could also reflect the overall 

effect of the main event regressor (Poldrack et al., 2011).  
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Figure 5.2 Steps of model-based fMRI approach. Behavioral data of each individual is passed to the model, and the 

parameters which provide the best model fitting (which minimize the difference between the model predictions 

and observed behavioral data) are estimated. These parameters are used to generate a time series for each trial in 

the fMRI, which are then convolved with HRF and then regressed against the fMRI data. Adapted from 

“O’Doherty JP, Hampton A, Kim H (2007): Model-Based fMRI and Its Application to Reward Learning and 

Decision Making. Annals of the New York Academy of Sciences. 1104: 35–53.” 
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5.6. Functional Connectivity 

 

One of the most current discussions in neuroscience is whether mental functions rely 

on specific brain regions, as proposed by functional localization hypothesis (Finger, 2001), or 

whether they rely diffusely upon the entire brain (Poldrack et al., 2011). It has been now well 

accepted that there are some specific brain regions which are responsible for some specific 

mental functions. However, it has been argued that a functional integration, i.e. interaction 

and cooperation of spatially distant brain regions, is also required to create coherent mental 

function and behavior (Friston, 1994; Poldrack et al., 2011). The functional interaction 

between brain areas can modeled using the “functional connectivity analysis” (Friston, 1994). 

According to this approach, functional connectivity between spatially distant areas can exist 

in many ways: 

1. one region can directly influence another possibly via efferent connections (left panel 

in Figure 5.3), which is the only case a causal relation can be inferred; 

2. the influence of one region on another region can be mediated by a third region 

(middle panel in Figure 5.3); 

3. a common input from a third region can project to both regions (right panel in Figure 

5.3). 

 

Figure 5.3 Functional connectivity between two regions A and B can arise, either through direct influence (left 

panel), indirect influence via another region (center panel), or shared influence of a common input region (right 

panel). The image is taken from “Poldrack RA, Mumford JA, Nichols TE (2011): Handbook of Functional MRI 

Data Analysis. Cambridge University Press.” 

5.6.1. Modeling Psychophysiological Interaction Analysis 

Previous correlation-based approaches have been used by researchers to study 

connectivity in the whole brain that stayed the same during the experiment. Recent 

developments in analysis methods of functional connectivity have led to a renewed interest in 

task effects on functional connectivity between brain regions. For instance, monitoring how 

the interaction between spatially distant brain regions changes according to some task-related 

factor has been an increasing interest in neuroimaging. A systematic approach called 

psychophysiological interaction (PPI) approach was introduced by Friston et al. (Friston et al., 

1997), which seeks to find how connectivity with an a priori defined “seed” region is 

modulated by a psychological (usually a task-related) factor. In PPI analysis, in addition to 
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the event-related regressors used in the standard 1
st
 level analysis, the time course of the seed 

region and the interaction (PPI) regressor, as well as the task-related factors are also included 

in the GLM (Poldrack et al., 2011). For instance, if the standard GLM is: 

𝑌 = 𝛽0 + 𝛽1𝑋 + 𝜖 

The model for the PPI analysis with the signal from the seed region 𝑅, and the PPI regressor 

(interaction between the seed region and the task, 𝑅 ∗ 𝑋 ) will then be: 

𝑌 = 𝛽0 + 𝛽1𝑋 + 𝛽2𝑅 + 𝛽3(𝑅 ∗ 𝑋) + 𝜖 

A positive 𝛽3 indicates that the task-related factor used to create the PPI regressor induces an 

increase in the functional coupling of the voxel with the seed region. If the psychological 

variable in the PPI is a continuous time-series that is derived from a computational model 

capturing a cognitive process, then a significant  β3 would reflect an effect of that 

psychological variable on the strength (and direction) of the functional connectivity between 

the two regions. 

 PPI regressors are created by an element-by-element multiplication of the BOLD time 

course of the seed ROI and the task regressor (or parametric modulator) of interest. It is 

assumed that the interaction takes place at the neuronal activity level. Hence, before creating 

the PPI regressor, the underlying neuronal signal is recovered from the observed fMRI signal 

by deconvolution (Gitelman et al., 2003), which takes into account the nature of the HRF 

(Glover, 1999).  

Because of the fact that PPI regressor is created by multiplying the BOLD time 

course of the ROI with the task regressor, it is highly likely that a correlation exists between 

the PPI regressor and the factors of that multiplication. This correlation can lead to confounds 

in the analysis such that brain areas which show activity for the interaction term may indeed 

be just correlated with the seed region regardless of the task, or they may show a mere task-

related activity regardless of the seed region (O’Reilly et al., 2012). The main concern of the 

PPI analysis is to limit the variance explained by the PPI regressor to the change in functional 

connectivity due to a task-related manipulation, i.e. “only that over and above what is 

explained by the main effects of task and physiological correlation” (O’Reilly et al., 2012). 

Hence, both the psychological and physiological time courses from which the interaction term 

is derived must be included in the PPI model as the covariates of no interest. Additionally, 

like any other GLM analysis, it is recommended that any regressor which can explain some 

variance in the data, e.g. other task regressors, motion regressors, etc. should also be included 

in the model to lower the error variance and increase the sensitivity (O’Reilly et al., 2012).  
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6. FMRI Analyses  

6.1. Methods  

6.1.1. FMRI Data Acquisition and Preprocessing  

Imaging was performed using a 3 Tesla GE Signa scanner with a T2*-weighted 

sequence (29 slices with 4 mm thickness; repetition time, 2.3 s; echo time, 27 ms; flip, 90°; 

matrix size, 128 x 128; field of view, 256 x 256 mm²; in-plane voxel resolution of 2 x 2 mm²) 

and a T1-weighted structural scan (repetition time, 7.8 ms; echo time, 3.2 ms; flip, 20°; matrix 

size 256 x 256; 1 mm slice thickness; voxel size of 1 mm³).   

Functional imaging data were analyzed using SPM8 

(http://www.fil.ion.ucl.ac.uk/spm/software/spm8/). The first three volumes of each session 

were discarded. Volumes were corrected for the delay of slice time acquisition and motion, 

were spatially normalized into MNI (Montreal Neurological Institute) space, and were 

spatially filtered with a Gaussian kernel (8 mm full width at half maximum). Imaging data of 

six subjects (three alcohol-dependent patients due to motion artifacts and three healthy 

controls due to susceptibility artifacts) were discarded.  

6.1.2. Event-related FMRI Analysis 

6.1.2.1. Reward and Punishment Representations in the Brain 

One hypothesis of this thesis was that punishments would have reduced effects on the 

decisions of alcohol-dependent patients (ADP). In Chapter 4, in Section 4.5.2.2.3, and Section 

4.6.4.2, behavioral modeling results confirmed this hypothesis by demonstrating that ADP 

had significantly lower punishment sensitivities compared to HC. The objective of this event-

related fMRI analysis was to test this hypothesis on a neural level by comparing the 

punishment representations in the brain between the groups. To find the reward and 

punishment representations in the brain, I analyzed the fMRI data in an event-related manner 

using a general linear model (GLM) approach with two levels. At the first level, I modeled 

the reward and punishment events separately, using delta functions at the onset of the 

feedback events and generated the contrast images, “reward > punishment” and “punishment 

> reward” for each subject. I then took these contrast images to a random-effects group-level 

analysis with a one-sample t-test across the entire sample and a two-sample t-test to compare 

groups. I report the FMRI results as significant at p ≤ 0.05 family wise error (FWE) whole-

brain corrected at the voxel level. Additionally, I applied small volume correction (SVC) to 

the bilateral ventral striatum (VS). Small volume was defined as two spheres in the left and 

the right VS with a radius of 6mm, centered at MNI coordinates [-10 8 -4] and [10 8 -4], 

which represent the center of nucleus accumbens and the close vicinity of VS (Delgado et al., 

2000; Breiter et al., 2001; Knutson et al., 2001; Cools et al., 2002). 
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One important point to realize is that reward and punishment representations assessed 

with this analysis may be confounded by the activations related to response selection. For 

instance, while some punished trials led to a response that was different than the previous 

response (pun_switch), others did not cause such a switch (pun_stay). Different from 

punishment trials, reward trials were almost always led to response maintenance. Therefore, 

all reward trials were considered as reward_stay trials. I used the contrasts “reward – 

pun_stay” and “pun_stay – reward” to test the valence-related activations while controlling 

for confounding effects of response selection.  Similar to the previous analysis, I report the 

FMRI results as significant at p ≤ 0.05 FWE whole-brain corrected at the voxel level, as well 

as significant at p ≤ 0.05 FDR corrected at the cluster level with an initial threshold of p ≤ 

0.001 uncorrected. I applied SVC to the bilateral VS. 

6.1.2.2. Neural Correlates of Reward and Punishment Sensitivities 

In this analysis, I investigated how sensitivity parameters estimated in behavioral 

modeling were correlated with reward- and punishment-related blood oxygen level dependent 

(BOLD) responses. Specifically, I tested whether the punishment sensitivity parameter, which 

showed a reduction in ADP, would have a “neural signature” in the brain. I ran two regression 

analyses at the second level of the fMRI analysis. The first regression analysis, which tested 

the correlation between reward sensitivities and the BOLD signal change in “reward > 

punishment” contrast across subjects, included reward sensitivity as a covariate. Likewise, in 

the second regression analysis, punishment sensitivity was entered as a covariate to test the 

relation between punishment sensitivities and “punishment > reward” activity.  

Results were reported significant at p < 0.05 small volume (SV) corrected within the 

areas showing a main effect of “reward > punishment”, and a main effect of “punishment > 

reward” activity for groups taken together at p < 0.05 FWE whole brain corrected.   

6.1.2.3. Response Selection Activity in the Brain 

One hypothesis of this dissertation was that ADP would display perseveration in their 

responses. In other words, they would have impairments in shifting responding to the 

alternative after having received a punishment. Therefore, the primary objective of this 

analysis was to analyze brain activity related to behavioral control after rewarding or 

punishing feedback. I carried out a statistical analysis using a GLM, in which stay and switch 

events were modeled as delta functions at the time of feedback representation. To detect the 

areas with increased activity for response maintenance, I tested for the effects of response 

selection by contrasting all (both rewarded and punished) trials preceding a stay in responses 

to those that were followed by punished trials preceding a switch in responses (reward_stay + 

pun_stay > pun_switch). Brain activity related to response shifting was examined using a 
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contrast that compares the punished trials preceding a switch, with those that preceded the 

trials where stimulus choices were maintained (pun_switch > reward_stay + pun_stay).  

I report the FMRI results as significant at p ≤ 0.05 FWE whole-brain corrected at the 

voxel level, as well as significant at p ≤ 0.05 FDR corrected at the cluster level with an initial 

threshold of p ≤ 0.001 uncorrected. 

6.1.3. Model-based FMRI Analysis 

6.1.3.1. Neural Correlates of Prediction Error 

In Chapter 5, I performed a model comparison analysis and tested various 

assumptions about the amount of task-related information that may have taken into account to 

solve the current decision making task. The best-fitting model, the DU2 model, is an RL 

model that assumes subjects use a prediction error (PE) signal that is recursively calculated on 

each trial. This PE signal is then used as a “teaching signal” to update the expected values of 

the choice options. The primary goal of this analysis was to find the brain areas whose BOLD 

activity is correlated with the PE signal. Comparison of the “neural correlates” of PE signal 

between HC and ADP was then used to test the hypothesis that impaired behavioral 

adaptation in ADP would have a neural signature in the brain. This analysis also examined 

whether ADP had distinct impairments in the neural correlates of positive PEs ([+]PEs) and 

negative PEs ([-]PEs) as rewards and punishments may interact with cognitive flexibility 

differently. [-]PEs may play a particularly essential role in behavioral adaptation by mediating 

extinction of a learned response, which may convey information about the underlying 

mechanism of perseverative behavior in substance dependence. Hence, with this model-based 

fMRI analysis, I tested the hypothesis that changes in ADP would be particularly evident for 

the BOLD activity correlated with [-]PEs. 

I performed a parametric model-based fMRI analysis with the trial-by-trial PE time-

series derived from the DU2 model. Analogous to feedback events, I also categorized the PE 

signals into [+]PE and [-]PE, and included them in the GLM as parametric modulators for 

reward and punishment conditions. I modeled the trials without a response separately. All 

regressors were convolved with the canonical hemodynamic response function (HRF) as 

provided by SPM8. I also added the movement parameters from the realignment process as 

regressors of no interest (see the design matrix in Figure 6.1). All the regressors in the design 

matrix were orthogonalized to ensure that the PE regressors were not correlated with the 

valence-related activity. This orthogonalization procedure made sure that any activation 

observed for these parametric modulators can only be attributed to the PE-related activity 

(Erdeniz et al., 2013). 

At the second level, I generated single subject contrast images of the parametric 

modulators [+]PE and [-]PE. I then took these images to a 2 x 2 repeated-measures ANCOVA 
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(flexible factorial design in SPM8) with a between-subjects factor group (HC vs. ADP) and a 

within-subjects factor PE type (positive vs. negative). I also included the factor, subjects to 

model subject constants. I tested the following contrasts:  

1. PE-related activity: 

a) across all subjects,  

b) across HC, 

c) across ADP, 

2. [+]PE-related activity  

a) across all subjects, 

b) across HC, 

c) across ADP, 

3. [-]PE-related activity 

a) across all subjects, 

b) across HC, 

c) across ADP, 

4. Between-group differences (HC > ADP) in  

a) PE-related activity (positive and negative combined), 

b) [+]PE-related activity, 

c) [-]PE-related activity. 

I report the results as significant at p ≤ 0.05 familywise error (FWE) whole-brain 

corrected at the voxel level. Additionally, I report the results concerning the [+]PE and [-]PE-

related activity at the group level (contrasts 2b, 2c, 3b, 3c) statistically significant at p < 0.05 

false discovery rate (FDR) cluster level corrected, with a cluster-defining threshold of p ≤ 

0.001. Due to abundant evidence on the involvement of VS in reversal learning (Cools et al., 

2002; Clark et al., 2004; Remijnse et al., 2005; Watanabe and Hikosaka, 2005; Takahashi et 

al., 2007; Schlagenhauf et al., 2009; Robinson et al., 2010; D’Cruz et al., 2011; Klanker et al., 

2013; Schlagenhauf et al., 2013; Deserno et al., 2014), I applied SVC to the bilateral VS. 

Due to the significant difference between the numbers of smokers in subject groups, I 

corrected the between-group difference results for smoking status. 
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Figure 6.1 Design matrix for the model-based fMRI analysis. 

6.1.3.2. Neural correlates of PE vs. Clinical Questionnaire Data 

To test the hypothesis that highly severe ADP would have greater impairment in the 

neural substrates of cognitive flexibility, I examined whether the model-based fMRI findings 

were associated with the clinical questionnaire data. I considered the level of clinical severity 

of alcohol dependence, the amount of alcohol intake during the past year, and the mean level 

of craving for alcohol, as assessed with the Alcohol Dependence Scale (ADS), the Lifetime 

drinking history (LDH) and Obsessive Compulsive Drinking Scale mean craving 

(OCDScraving) scores.  Due to the correlation between the OCDS and the other two scales 

(Spearman’s rADS- OCDS_craving = 0.388, p = 0.023; rLDH- OCDS_craving = 0.424, p ≤ 0.001; rADS-LDH = 

0.180, p = 0.310), I performed an independent univariate multiple linear regression analysis 

for each of these measures. Regression models included the ADS, LDH and OCDScraving 

scores as dependent variables. Independent variables in the analyses were the mean parameter 

estimates of the parametric modulators which were extracted from the voxels showing a 
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significant group difference in PE-related activity. All the variables were z-transformed to 

calculate standardized regression coefficients. 

6.2. Results 

6.2.1. Reward and Punishment Representations in the Brain 

Across all subjects, a significant BOLD activity was observed in the posterior 

cingulate cortex (PCC) and the precuneus bilaterally, as well as in the left middle/superior 

PFC, the right putamen and the medial orbitofrontal cortex (OFC) in response to reward trials 

compared to punishment trials. When I applied SVC to the bilateral VS, the right VS also 

showed significant activation. For “punishment > reward” contrast, fMRI activity was found 

significant in the anterior insula bilaterally, as well as in a cluster of voxels encompassing the 

SMA, the superior medial PFC and dorsal part of the anterior cingulate cortex (ACC) 

bilaterally (See Figure 6.2 A and Table 6.1 for a summary table).  

When groups were analyzed separately using two independent one-sample t-tests, I 

observed “reward > punishment” activity in HC in the L middle PFC, which showed no 

activation in ADP (Figure 6.2 B). Similarly, insular activity for “punishment > reward” was 

only present in HC, but not in ADP (See Figure 6.2 B C, also see Table 6.2 for a statistical 

summary table of the results). However, two-sample t-tests revealed no significant difference 

between HC and ADP in these “reward > punishment”, or “punishment > reward” activities.  
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Figure 6.2 Reward > punishment and punishment > reward activations in A. all subjects, B. HC, and C. ADP. P ≤ 

0.001 uncorrected with an extent threshold of 20 voxels is used for visualization. 

 

Table 6.1 Summary statistics of reward > punishment and punishment > reward activities across all subjects. k: 

cluster size, BA: Brodmann area, SMA: supplementary motor area, PFC: Prefrontal cortex, OFC: Orbitofrontal 

cortex, PCC: Posterior cingulate cortex. 

Region BA k pFWE (whole-brain) t MNI(x,y,z) 

REWARD > PUNISHMENT               

Anterior Cerebellum 

 

4069 0.001 7.161 -8 -57 -8 

L Precuneus 23 

 

0.001 6.998 -6 -57 13 

L PCC 31 

 

0.001 6.760 -3 -50 25 

        L Middle PFC 8 258 0.006 5.683 -21 23 45 

L Superior PFC 

  

0.016 5.351 -16 36 40 

        R Putamen 

 

314 0.024 5.221 30 -17 5 

   

0.035 5.089 30 -5 -3 

        Medial OFC 

 

60 0.039 5.053 -6 46 -8 

   

0.210 4.429 10 46 -10 

        R VS 

 

7 0.016* 4.269 10 13 -13 
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*SV corrected 

       

        PUNISHMENT > REWARD               

L SMA 

 

2097 0.001 8.873 -6 13 45 

   

0.001 6.684 -16 3 63 

        R SMA 

  

0.001 6.134 15 8 65 

        L Insula 

 

407 0.001 6.809 -31 21 3 

        R Insula 

 

329 0.006 5.695 32 21 3 

      0.031 5.124 45 18 -3 

 
Table 6.2 Summary statistics of "reward > punishment" and "punishment > reward" activities of HC and ADP. k: 

cluster size, BA: Brodmann area, SMA: Supplementary motor area, ACC: Anterior cingulate cortex, PFC: 

Prefrontal cortex. FWE (whole-brain): familywise error whole-brain corrected at the voxel level; FDR (cluster-

level): false discovery rate corrected at the cluster level; L: left; R: right. 

Region BA k 
pFDR 

(cluster-level) 

pFWE 

(whole-brain) 
t MNI(x,y,z) 

REWARD > PUNISHMENT             

HC                 

L Precuneus 263 0.006 0.397 4.964 -6 -55 10 

Cerebellum 

  

0.758 4.400 -8 -60 -5 

L Lingual gyrus 

  

0.852 4.233 -16 -55 -3 

                  

ADP                 

L Precuneus 9 0.001 0.007 6.345 -8 -57 20 

Cerebellum 
 

 

0.023 5.803 -8 -57 -8 

R Precuneus 

  

0.057 5.411 7 -52 23 

 
        Transverse temporal gyrus 6 

 

0.028 0.221 4.770 50 -10 5 

 13  
 

0.357 4.512 40 -25 3 

R Putamen     0.557 4.228 27 -17 8 

PUNISHMENT > REWARD             

HC                 

L SMA 32 

 

0.001 0.024 6.734 -3 18 43 

L dorsal ACC 

   

0.033 6.538 -6 26 30 

L SMA 32 

  

0.210 5.444 -6 8 50 

         
L Insula 

  

0.003 0.034 6.523 -31 21 5 

L Inferior OFC 

  

0.325 5.159 -31 23 -10 

    

0.707 4.520 -41 13 -13 

         ADP                 

L SMA 

  

0.001 0.002 6.806 -6 13 45 

R SMA 

   

0.073 5.298 15 8 65 

R SMA 

   

0.085 5.229 7 11 53 

         



 

119 

 

L Middle PFC 

 

0.029 0.043 5.532 -28 6 50 

L Superior PFC     0.185 4.861 -16 6 63 

 

After removing the confounding effects of response selection, brain areas that showed 

greater response to positive valence compared to negative valence were the rostral ACC, and 

the medial PFC, as well as the left middle PFC (Figure 6.3 A and Table 6.3). Areas showing 

greater response to negative versus positive valence were the dorsal ACC, the bilateral SMA 

and the superior PFC (Brodmann area BA 6) (Figure 6.3 B and Table 6.3). No group 

difference was found in these activities.  

 

Figure 6.3 Valence-related responses. A. (Reward preceding stay > Punishment preceding stay) activations, B.  

(Punishment preceding stay > Reward preceding stay) activations across all subjects. P ≤ 0.001 uncorrected with 

an extent threshold of 20 voxels is used for visualization. 

 

Table 6.3 Valence-related responses across all subjects. FWE (whole-brain): familywise error whole-brain 

corrected at the voxel level; FDR (cluster-level): false discovery rate corrected at the cluster level; k: cluster size; 

BA: Brodmann area, L: left; R: right. 

Region BA k pFDR (cluster level) pFWE (voxel level) t MNI(x,y,z) 

Effects of outcome valence 

POSITIVE > NEGATIVE (REWARD_ STAY  > PUN _ STAY) 

L Calcarine 

 

1010 0.001 0.016 5.403 -1 -87 13 

L Cerebellum 

   

0.021 5.311 -6 -60 -5 

L Calcarine 

   

0.245 4.427 -1 -77 15 

 
        R ventral ACC 

 

103 0.139 0.029 5.205 5 28 15 

R ventral ACC 32 

  

0.729 3.837 5 46 15 

 
        L Middle PFC 

 

267 0.020 0.288 4.357 -16 51 25 

Medial PFC 10 

  

0.496 4.093 -1 61 18 

Medial PFC 10 

  

0.827 3.715 2 53 28 

NEGATIVE > POSITIVE (PUN_STAY  > REWARD_ STAY) 
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L SMA 6 365 0.001 0.029 5.211 -6 11 48 

L Dorsal ACC 32 

  

0.080 4.858 -6 21 38 

L Superior PFC 6 

  

0.376 4.235 -18 1 65 

  
       R SMA 6 80 0.223 0.235 4.444 15 6 65 

R Superior PFC       0.751 3.811 25 3 53 

6.2.2. Neural Correlates of Reward and Punishment Sensitivities 

I examined the correlation between feedback-related BOLD responses and feedback 

sensitivity parameters, which were estimated using the DU2 model. A regression analysis 

revealed a significant positive correlation across all subjects between punishment sensitivity 

and the BOLD activity in response to the “punishment > reward” activity in the right 

insula/inferior PFC (MNI[x y z] = [32 21 5]; k = 11; t52 = 3.80; pFWE voxel (SVC) = 0.024; see 

Figure 6.4). However, no correlation was found between reward sensitivity and the signal 

change in response to rewards. 

 

Figure 6.4 Neural correlates of punishment sensitivity. Punishment > reward activity in the right insula is 

positively correlated with punishment sensitivity. A scatter plot of punishment sensitivities vs. mean parameter 

estimates of R insula for punishment-related activity (the area is circled) is also shown. 

6.2.3. Response Selection Activity in the Brain 

Activity related to response maintenance were tested using the contrast “Reward_stay 

+ Pun_stay > Pun_switch,” which showed increased activity in the precuneus and the PCC 

across all subjects (Figure 6.5 and Table 6.4). No significant group difference was observed in 

this response maintenance-related activity. 
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Figure 6.5 Areas related to response maintenance across all subjects, as well as in HC and ADP, separately. 

Significant effects are shown at p ≤ 0.001 uncorrected with an extent threshold of 20 voxels. The sagittal slices are 

shown at MNI x = 0. 

Response shifting responses were then tested using the contrast “Pun_switch> 

Reward_stay + Pun_stay”, which showed increased activity in the bilateral insula extending 

into the lateral OFC, the dorsal ACC, and the SMA across all subjects (Figure 6.6 and Table 

6.4). No group difference was found in this response shifting-activity. 

 

Figure 6.6 Areas related to response shifting across all subjects, as well as in HC and ADP, separately. Significant 

effects are shown at p ≤ 0.001 uncorrected with an extent threshold of 20 voxels. The sagittal slices are shown at x 

= 0. 

 

Table 6.4 Effects of response selection. FWE (whole-brain): familywise error whole-brain corrected at the voxel 

level; k: cluster size; BA: Brodmann area, L: left; R: right. 

Region BA k pFWE (whole-brain) t MNI(x,y,z) 

RESPONSE MAINTENANCE  > RESPONSE SHIFTING  

(REW_STAY + PUN STAY > PUN_SWITCH) 

 
 

      
L Precuneus 

 

522 0.032 5.197 -18 -47 0 

Cerebellum 

  

0.203 4.528 10 -57 -5 

L Precuneus 

  

0.441 4.181 -8 -55 10 
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RESPONSE SHIFTING > RESPONSE MAINTENANCE  

(PUN_SWITCH > REW_STAY + PUN STAY) 

 
 

      
L Inferior OFC 47 196 0.013 6.187 -38 21 -8 

        
R Inferior OFC 47 366 0.030 5.829 45 21 -8 

   
0.254 4.840 32 26 -8 

   
0.675 4.222 42 26 -23 

        
R SMA 8 142 0.072 5.440 7 21 63 

Superior medial PFC 8 
 

0.373 4.630 7 31 55 

      0.572 4.354 -1 26 50 

6.2.4. Neural Correlates of Prediction Error (PE) 

In this analysis, I studied the neural correlates of trial-by-trial time-series of PE, 

which was calculated using the DU2 model with the best-fitting parameters estimated for each 

subject. Across all subjects, I found a significant correlation between PE (positive and 

negative combined) and the BOLD signal bilaterally in the VS, the middle, superior and 

inferior frontal gyri, the ACC, the midbrain, the globus pallidi, the middle temporal lobules, 

as well as in the left insula, the left supramarginal gyrus, the right inferior parietal lobule, the 

right precuneus and the right cerebellum (see Figure 6.7 and Table 6.5). 

 

Figure 6.7 Neural correlations of PE (PE) across all subjects. A threshold of p ≤ 0.001 uncorrected with an extent 

threshold of 20 voxels is used for visualization. The color bar represents t-values. 

 

Table 6.5 Whole brain results of PE-related activity (positive and negative combined) across all subjects. FWE 

(whole-brain): familywise error whole-brain corrected at the voxel level; k: cluster size; BA: Brodmann area, L: 

left; R: right. 

Region BA k pFWE (whole brain) t MNI (x,y,z)  

R Middle frontal gyrus 9 1771 0.001 7.171 40 18 38 

R Inferior frontal gyrus 47 

 

0.001 9.896 37 23 -5 

R Insula 13 

 

0.001 7.38 37 18 0 

 
 

      R Supramarginal gyrus 
 

1499 0.001 9.369 52 -42 25 

R Angular gyrus 40 

 

0.001 8.603 55 -50 23 
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      L Anterior cingulate cortex 32 935 0.001 8.38 -3 26 43 

R Superior frontal gyrus 6 

 

0.018 5.372 5 11 70 

 
 

      R Midbrain 
 

350 0.001 8.062 10 -7 -3 

R VS 
 

 

0.001 6.717 12 3 0 

 
 

      L VS 
 

108 0.001 7.194 -8 3 -3 

 
 

      L Inferior parietal lobule 40 949 0.001 8.048 -48 -55 48 

 

39 

 

0.001 7.392 -53 -57 38 

L Supramarginal gyrus 22 

 

0.001 7.248 -56 -55 28 

 
 

      L Insula 47 268 0.001 7.978 -31 26 -5 

 
 

      R Precuneus 19 227 0.001 7.049 15 -75 43 

 

7 

 

0.002 6.152 10 -65 53 

 
 

      L Inferior frontal gyrus 47 113 0.001 6.866 -38 51 0 

 

46/10 

 

0.001 6.505 -33 51 13 

 

47/10 

 

0.021 5.323 -28 48 5 

 
 

      R Middle temporal gyrus 21 65 0.001 6.728 60 -22 -15 

R Middle temporal gyrus 
 

 

0.037 5.124 70 -27 -13 

 
 

      L Middle frontal gyrus 9 111 0.001 6.571 -41 21 35 

 
 

      R Cerebellum 
 

45 0.001 6.267 17 -75 -30 

 
 

      L Precuneus   51 0.002 6.161 -13 -72 45 

 

Neural correlates of PE are separately reported for HC in Figure 6.8 and Table 6.6 for 

HC; as well as for ADP in Figure 6.9 and Table 6.7.  
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Figure 6.8 Neural correlations of PE (PE) across HC. A threshold of p ≤ 0.001 uncorrected with an extent 

threshold of 20 voxels is used for visualization. The color bar represents t-values. 

 
Table 6.6 Whole brain results of PE-related activity (positive and negative combined) across HC. FWE (whole-

brain): familywise error whole-brain corrected at the voxel level; k: cluster size; BA: Brodmann area, L: left; R: 

right. *SV corrected in bilateral VS. 

Region BA k pFWE (voxel level) t MNI (x,y,z)  

L Angular gyrus 39 107 0.003 7.817 -56 -60 28 

        L Supplementary Motor Area 8 101 0.007 7.364 -1 23 48 

R Superior medial frontal gyrus 8 

 

0.024 6.649 5 31 43 

        R Middle orbitofrontal gyrus 11 11 0.010 7.118 30 56 -10 

        R Insula 47 10 0.013 6.993 35 23 -5 

        L Middle frontal gyrus 10 7 0.017 6.846 -36 53 3 

        L Middle frontal gyrus 10 2 0.026 6.595 -33 56 -8 

        R Inferior parietal gyrus 40 6 0.033 6.470 52 -47 40 

        R Supramarginal gyrus 48 3 0.034 6.445 50 -40 25 

        R Superior temporal gyrus 22 2 0.038 6.380 62 -50 20 

        L Cerebellum 

 

1 0.039 6.369 -23 -75 -38 

   

0.039 6.367 -16 -77 -35 

        L Middle frontal gyrus 44 1 0.046 6.279 -43 13 40 

        

L VS  59 0.004* 4.695 -8 6 0 

R VS  59 0.007* 4.418 10 3 0 
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Figure 6.9 Neural correlations of PE (PE) across ADP. A threshold of p ≤ 0.001 uncorrected with an extent 

threshold of 20 voxels is used for visualization. The color bar represents t-values. 

 

Table 6.7 Whole brain results of PE-related activity (positive and negative combined) across ADP. FWE (whole-

brain): familywise error whole-brain corrected at the voxel level; k: cluster size; BA: Brodmann area, L: left; R: 

right. *SV corrected in bilateral VS. 

Region BA k pFWE voxel level t MNI (x,y,z)  

R Supramarginal gyrus 48 185 0.001 8.565 55 -42 25 

R Angular gyrus 39 

 

0.001 7.833 45 -52 33 

        R Inferior orbitofrontal gyrus 38 212 0.001 7.613 45 21 -8 

 

47 

 

0.001 7.194 32 26 -8 

        L Insula 47 102 0.001 7.193 -38 18 -3 

 

47 

 

0.002 6.967 -31 23 0 

L Inferior orbitofrontal gyrus 47 

 

0.023 5.902 -28 23 -10 

        L Inferior parietal gyrus 40 20 0.006 6.467 -48 -55 50 

        

 

19 15 0.006 6.462 32 -65 28 

        R Precuneus 19 13 0.009 6.303 15 -75 40 

        R Middle frontal gyrus 44 34 0.015 6.087 47 23 35 

        R Inferior parietal gyrus 40 5 0.017 6.049 42 -50 53 

        L Pallidum 

 

7 0.018 6.011 -11 3 -5 

        R Supplementary motor area 6 4 0.027 5.837 2 8 53 

        L Anterior cinculate cortex 32 5 0.028 5.819 -3 38 30 

        

  

2 0.029 5.805 10 -10 -5 

        L Superior parietal gyrus 40 1 0.041 5.657 -41 -47 60 

        L Anterior cinculate cortex 32 1 0.050 5.567 -3 28 40 
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L VS 94  0.001* 6.011 -11 3 -5 

R VS 78  0.002* 5.209 12 3 0 

6.2.4.1. Neural Correlates of Positive Prediction Error 

To examine the reward-based learning from positive feedback, I analyzed the neural 

correlations of the [+]PE, which occurs when subjects receive an unpredicted reward. In 

addition to bilateral VS, I observed significant activations bilaterally in the insula, the middle 

PFC, the inferior OFC, the parietal and angular gyri and cerebellum (see Figure 6.10 and 

Table 6.8). 

 

 

Figure 6.10 Neural correlations of positive PE ([+]PE) across all subjects. A threshold of p ≤ 0.05 familywise error 

(FWE) whole-brain corrected at the voxel level is used for visualization. The color bar represents t-values. 

 

Table 6.8 Whole brain results of [+]PE-related activity across all subjects. FWE (whole-brain): familywise error 

whole-brain corrected at the voxel level; k: cluster size at p ≤ 0.001 uncorrected; BA: Brodmann area, L: left; R: 

right. 

Region BA k pFWE (whole-brain) t MNI (x,y,z)  

R Insula 47 4444 0.001 12.128 40 23 -5 

R Inferior orbitofrontal gyrus 47 

 

0.001 10.390 32 26 -10 

R Thalamus 

  

0.001 9.749 10 -7 -3 

L VS   0.001 7.894 -11 3 -5 

R VS   0.001 7.05 10 1 -5 

        

L Insula 47 357 0.001 9.999 -33 23 -8 

L Insula 48 

 

0.001 9.482 -41 18 0 

        

L Inferior parietal gyrus 39 1237 0.001 9.211 -48 -57 45 

L Angular gyrus 39 

 

0.001 8.248 -51 -60 38 

L Inferior parietal gyrus 40 

 

0.001 7.560 -41 -50 38 

        

R Angular gyrus 39 1950 0.001 8.569 45 -55 38 

R Precuneus 19 

 

0.001 7.846 15 -72 40 
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R Middle occipital gyrus 39 

 

0.001 7.701 40 -67 30 

        

L Middle frontal gyrus 10 184 0.001 8.326 -36 53 5 

L Middle frontal gyrus 10 

 

0.001 7.052 -31 53 13 

L Middle orbitofrontal gyrus 47 

 

0.014 5.495 -31 48 -5 

        

L Inferior frontal gyrus 48 294 0.001 6.707 -48 18 30 

L Precentral gyrus 44 

 

0.001 6.504 -43 3 30 

        

R Middle temporal gyrus 20 50 0.002 6.206 60 -25 -13 

        

R Cerebellum 

 

16 0.003 6.010 15 -77 -30 

R Cerebellum 

  

0.042 5.137 25 -80 -23 

 

Neural correlates of [+]PE are separately reported for HC in Figure 6.11 and Table 

6.9 for HC; as well as for ADP in Figure 6.12 and Table 6.10.  

 

 

Figure 6.11 Neural correlations of positive PE ([+]PE) across HC. A threshold of p ≤ 0.001 uncorrected with an 

extent threshold of 20 voxels is used for visualization. The color bar represents t-values. 

 

Table 6.9 Whole brain results of [+]PE-related activity across HC. FWE: familywise corrected at the voxel level; 

FDR: false discovery rate corrected at the cluster level; k: cluster size at p ≤ 0.001 uncorrected; BA: Brodmann 

area, L: left; R: right. *SV corrected in bilateral VS. 

Region BA k 
pFDR 

cluster level 

pFWE 

voxel level 
t MNI (x,y,z)  

R Insula 47 436 0.001 0.001 8.371 40 23 -5 

R Inferior orbitofrontal gyrus 47 

  

0.404 4.990 25 21 -25 

 

38 

  

0.968 3.938 45 28 -25 

         

R Cerebellum 

 

448 0.001 0.002 8.047 40 -52 -35 

    

0.379 5.036 15 -77 -40 

    

0.495 4.840 20 -72 -35 

         



128 

 

L Inferior parietal gyrus 39 4216 0.001 0.004 7.703 -51 -55 35 

L Angular gyrus 39 

  

0.011 7.080 -58 -60 28 

L Inferior parietal gyrus 7 

  

0.018 6.790 -26 -72 48 

         

L Middle frontal gyrus 10 360 0.001 0.007 7.323 -36 53 3 

L Superior orbitofrontal gyrus 10 

  

0.440 4.929 -28 61 -3 

L Middle frontal gyrus 47 

  

0.679 4.562 -26 48 8 

         

L Supplementary motor area 8 3342 0.001 0.011 7.080 -1 21 48 

R Superior medial frontal gyrus 32 

  

0.015 6.922 2 26 40 

R Superior frontal gyrus 6 

  

0.016 6.865 22 11 63 

         

L Insula 47 244 0.003 0.034 6.444 -33 23 -8 

L Inferior orbitofrontal gyrus 

   

0.129 5.704 -43 18 -5 

         

L Cerebellum 

 

890 0.001 0.036 6.416 -26 -72 -40 

    

0.053 6.206 -16 -77 -35 

    

0.082 5.957 -6 -80 -33 

         

R Thalamus 

 

1028 0.001 0.052 6.219 7 -7 -3 

    

0.162 5.568 7 -20 3 

R Pallidum 

   

0.173 5.529 17 -2 -5 

         

L Inferior frontal gyrus 48 622 0.001 0.156 5.592 -38 21 28 

 

45 

  

0.302 5.188 -43 36 25 

 

48 

  

0.311 5.169 -48 18 30 

         

R Middle temporal gyrus 21 184 0.009 0.569 4.726 60 -45 0 

 

20 

  

0.675 4.569 62 -27 -15 

R Inferior temporal gyrus 37 

  

0.749 4.454 62 -50 -10 

         

L VS  47  0.002* 4.884 -13 3 -8 

R VS  39  0.004* 4.715 15 3 -8 
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Figure 6.12 Neural correlations of positive PE ([+]PE) across ADP. A threshold of p ≤ 0.001 uncorrected with an 

extent threshold of 20 voxels is used for visualization. The color bar represents t-values. 

 
Table 6.10 Whole brain results of [+]PE-related activity across ADP. FWE: familywise corrected at the voxel 

level; FDR: false discovery rate corrected at the cluster level; k: cluster size at p ≤ 0.001 uncorrected; BA: 

Brodmann area, L: left; R: right. *SV corrected in bilateral VS. 

Region BA k 
pFDR 

cluster level 

pFWE 

voxel level 
t MNI (x,y,z)  

R Inferior orbitofrontal gyrus 47 8074 0.001 0.001 11.074 30 26 -8 

    

0.001 10.205 -33 21 3 

 

48 

  

0.001 9.799 -26 21 -15 

         

L Inferior parietal cortex 40 1340 0.001 0.001 8.696 -51 -55 48 

    

0.013 6.307 -56 -62 38 

 

40 

  

0.073 5.536 -41 -50 38 

         

R Angular gyrus 39 2338 0.001 0.003 7.007 45 -52 35 

 

40 

  

0.013 6.311 55 -50 28 

 

7 

  

0.014 6.253 10 -67 40 

         

L Opercular inferior frontal gyrus 48 468 0.001 0.134 5.258 -36 3 28 

 

44 

  

0.362 4.750 -46 21 35 

 

48 

  

0.583 4.447 -41 13 25 

         

R Middle temporal 20 126 0.023 0.143 5.226 57 -25 -13 

 

21 

   

4.466 57 -32 -8 

 

21 

   

4.444 65 -17 -18 

         

L VS  109  0.0004* 7.597 10 13 0 

R VS  118  0.0003* 6.913 -8 6 -3 

6.2.4.2. Neural Correlates of Negative Prediction Error 

I analyzed the neural correlations of the [-]PE, which occurs when the feedback does 

not meet the expectations. These signals are particularly crucial for the cognitive flexibility in 
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the face of a negative feedback. The model-based fMRI analysis revealed that the bilateral VS 

activity showed a significant correlation with [-]PE. Additionally, I observed significant 

activations bilaterally in the insula, the middle PFC, the inferior OFC, the parietal gyrus (see 

Figure 6.13 and Table 6.11).  

 

Figure 6.13 Neural correlations of negative PE ([-]PE) across all subjects. A threshold of p ≤ 0.05 familywise error 

(FWE) whole-brain corrected at the voxel level is used for visualization. The color bar represents t-values. 

 

Table 6.11 Whole brain results of [-]PE-related activity across all subjects. FWE (whole-brain): familywise error 

whole-brain corrected at the voxel level; k: cluster size at p ≤ 0.001 uncorrected; BA: Brodmann area, L: left; R: 

right. *SV corrected in bilateral VS. 

Region BA k pFWE (whole-brain) t MNI (x,y,z)  

R Supramarginal gyrus 42 360 0.001 7.810 52 -47 25 

R Inferior parietal gyrus 40 

 

0.002 6.025 50 -45 38 

        

R Inferior orbitofrontal gyrus 47 159 0.001 6.331 50 23 -13 

R Insula 47 

 

0.003 5.917 35 21 -5 

        

R Middle frontal gyrus 8 67 0.001 6.300 40 28 45 

R Middle frontal gyrus 9 

 

0.012 5.495 40 21 38 

        

L Supramarginal gyrus 22 62 0.004 5.863 -53 -52 25 

L Inferior parietal gyrus 39 

 

0.032 5.174 -46 -50 35 

        

L Inferior parietal gyrus 40 16 0.005 5.757 -48 -55 50 

        

L Superior medial frontal gyrus 32 12 0.006 5.750 -3 38 30 

        

L Middle frontal gyrus 9 21 0.009 5.594 -38 23 40 

        

R Middle cingulate gyrus 6 27 0.021 5.316 5 28 38 

L Superior medial frontal gyrus 8 

 

0.025 5.256 -1 26 45 

        

L VS 

 

4 0.022 5.303 -6 1 0 
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R Inferior parietal gyrus 40 3 0.041 5.089 45 -50 53 

        

L VS 48  0.0002* 5.027 -8 3 0 

R VS 55  0.0005* 4.796 12 3 0 

 

Neural correlates of [-]PE are separately reported for HC in Figure 6.14 and Table 

6.12 for HC; as well as for ADP in Figure 6.15 and Table 6.13. The activation in the bilateral 

VS was significant after SVC across all subjects and HC, however ventral striatal activation 

for [-]PE disappeared in ADP, despite using a more liberal threshold of p ≤ 0.01 uncorrected. 

 

Figure 6.14 Neural correlations of negative PE ([-]PE) across HC. A threshold of p ≤ 0.001 uncorrected with an 

extent threshold of 20 voxels is used for visualization. The color bar represents t-values. 

 
Table 6.12 Whole brain results of [-]PE-related activity across HC. FWE: familywise corrected at the voxel level; 

FDR: false discovery rate corrected at the cluster level; k: cluster size at p ≤ 0.001 uncorrected; BA: Brodmann 

area, L: left; R: right. *SV corrected in bilateral VS. 

Region BA k 
pFDR 

cluster level 

pFWE 

voxel level 
t MNI (x,y,z)  

R Middle frontal gyrus 

 

802 0.001 0.032 6.573 27 21 45 

 

44 

  

0.058 6.251 40 18 38 

 

9 

  

0.178 5.608 37 28 43 

         R Supramarginal gyrus 40 978 0.001 0.048 6.349 60 -50 23 

 

41 

  

0.071 6.131 47 -45 25 

R Angular gyrus 39 

  

0.378 5.130 40 -52 25 

         L Middle frontal gyrus 9 291 0.001 0.285 5.318 -46 18 40 

 

46 

  

0.432 5.035 -38 18 45 

L Middle frontal gyrus 6 

  

0.600 4.774 -31 8 48 

         L Angular gyrus 21 412 0.001 0.304 5.277 -56 -57 23 

 

39 

  

0.557 4.839 -56 -57 33 

L Inferior parietal gyrus 40 

  

0.868 4.336 -46 -47 38 
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         R Inferior orbitofrontal gyrus 11 131 0.032 0.749 4.549 42 48 -10 

R Middle orbitofrontal gyrus 10 

  

0.807 4.452 30 56 -8 

    

0.877 4.318 37 48 -18 

         

L VS  30  0.004* 4.755 -6 6 0 

R VS  2  0.039* 3.640 15 6 -5 

  2  0.040* 3.624 10 3 0 

 

 

Figure 6.15 Neural correlations of negative PE ([-]PE) across ADP. A threshold of p ≤ 0.001 uncorrected with an 

extent threshold of 20 voxels is used for visualization. The color bar represents t-values. 

 

Table 6.13 Whole brain results of [-]PE-related activity across ADP. FWE: familywise corrected at the voxel level; 

FDR: false discovery rate corrected at the cluster level; k: cluster size at p ≤ 0.001 uncorrected; BA: Brodmann 

area, L: left; R: right. 

Region BA k 
pFDR 

cluster level 

pFWE 

voxel level 
t MNI (x,y,z)  

R Supramarginal gyrus 48 448 0.001 0.034 5.692 55 -45 28 

R Angular gyrus 39 

  

0.171 4.958 45 -52 33 

R Inferior parietal gyrus 40 

  

0.559 4.286 52 -47 38 

         R Inferior orbitofrontal gyrus 38 390 0.002 0.073 5.354 45 21 -8 

    

0.141 5.051 47 28 -20 

    

0.818 3.934 30 26 -23 

6.2.5. Group Difference in the PE-related Activity 

Using the contrast “HC > ADP”, I showed a significant between-group difference in 

PE-related activity (positive and negative combined) in the bilateral dorsolateral prefrontal 

cortex (DLPFC) (right: MNI [x y z], [40 33 43], t52 = 5.831, pFWE peak voxel (whole-brain) = 0.005; 

left: [-41 18 53], t52 = 5.488, pFWE peak voxel (whole-brain) = 0.014), the bilateral dorsal premotor 

areas (right: [25 8 63], t52 = 6.081, pFWE peak voxel (whole-brain) = 0.002; left: [-41 11 53], t52 = 5.23, 

pFWE peak voxel (whole-brain) = 0.032) and the right intraparietal sulcus (IPS) ([42 -62 43], t52 = 6.112, 

pFWE peak voxel (whole-brain) = 0.002) (Figure 6.16 A and Table 6.14). I observed no significant 



 

133 

 

difference between the two groups in the striatal PE-signaling (p ≤ 0.001 uncorrected). 

Furthermore, the reverse contrast, “ADP > HC” showed no significant difference (p ≤ 0.001 

uncorrected). It is important to note that these results were controlled for smoking status to 

avoid any confounding effect of the different number of smokers in the subject groups. 

In order to address the concern that group differences observed in the DLPFC might 

be confounded by the individual differences in model-fits, I repeated the 2
nd

 level analysis for 

the subjects whose behavioral data could be explained by the behavioral models better than 

the null model (5 HC and 6 ADP). Differences between HC and ADP in PE-related activity 

remained significant in the left and the right DLPFCs (left DLPFC: [-23 6 43], t43 = 5.15, pFWE 

peak voxel (whole-brain) = 0.05; right DLPFC: [35 38 23], t43 = 5.16, pFWE peak voxel (whole-brain) = 0.05), 

confirming that the behavioral-difference in the PE-related activity of DLPFC was not driven 

by the subjects with poor model-fits. 

I also explored the effect of the PE type (positive vs. negative) on the neural 

correlates of PE. PE was grouped into [+]PE and [-]PE according to whether the obtained 

outcomes surpassed ([+]PE) or fell short ([-]PE) of the expectations. The contrast “HC > 

ADP” showed a hemispheric asymmetry in DLPFC activation for between-group differences, 

such that the left DLPFC showed a significant decrease in [-]PE-related activity ([-38 11 53], 

t52 = 5.298, pFWE peak voxel (whole-brain) = 0.026) in ADP (Figure 6.16 B, D and Table 6.14). On the 

other hand, reduced [+]PE-related activity in ADP was found in the right DLPFC  ([40 33 

40], t52 = 5.218, pFWE peak voxel (whole-brain) = 0.033) (Figure 6.16 C, E and Table 6.14).  
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Figure 6.16 Group differences (HC > ADP) in the neural correlations of A, PE (PE) (positive and negative 

combined), B, negative PE ([-]PE), C, positive PE ([+]PE). A threshold of p ≤ 0.001 uncorrected with an extent 

threshold of 20 voxels is used for visualization. The color bar represents t-values. D, The beta parameter estimates 

of the parametric modulator [-]PE extracted from the left DLPFC at the peak coordinates [-38 11 53] , E, the beta 

parameter estimates of the parametric modulator [+]PE extracted from the right DLPFC at the peak coordinates 

[40 33 40] are shown in bar plots. Error bars indicate standard errors. 
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Table 6.14 Between-group differences (HC > ADP) in the PE-, [+]PE- and [-]PE-related BOLD activities. FWE 

(whole-brain): familywise error whole-brain corrected at the voxel level; k: cluster size at p ≤ 0.001 uncorrected; 

BA: Brodmann area; L: left; R: right. 

Region BA k pFWE voxel (whole-brain) t MNI (x,y,z) 

PE (positive & negative) 

  

 

 

      HC > ADP 

R Superior frontal gyrus 6/8 529 0.002 6.081 25 8 63 

R Middle frontal gyrus 9/46 

 

0.005 5.831 40 33 43 

 

9 

 

0.028 5.28 27 23 45 

        
L Middle frontal gyrus 9 251 0.014 5.488 -41 18 53 

 

9 

 

0.032 5.230 -41 11 53 

 

9 

 

0.070 4.950 -33 13 53 

        
R Angular gyrus 39 530 0.002 6.112 42 -62 43 

  19/39 

 

0.073 4.934 27 -80 48 

 
39 

 

0.095 4.840 17 -72 50 

[+]PE  
   

 

      

HC > ADP 
   

 

      

R Middle frontal gyrus 9/46 176 0.032 5.218 40 33 40 

[-]PE  
   

 

      

HC > ADP 
   

 

      

L Middle frontal gyrus 9 339 0.025 5.298 -38 11 53 

 

8 

 

0.05 5.067 -28 11 50 

        
R Superior frontal gyrus 6 34 0.041 5.135 25 8 65 

        
R Angular gyrus 39 162 0.072 4.941 42 -65 45 

 

Contributions of the left and the right DLPFCs to impaired PE-related activity were 

found to depend on whether the obtained outcome was better ([+]PE) or worse ([-]PE) than 

the expected outcome (Figure 6.16 B, C). This unanticipated observation prompted me to test 

the interaction effects between group and PE type. The contrast “(HC vs. ADP) x ([-]PE vs. 

[+]PE)” revealed a significant  activation in the left DLPFC ([-33 8 50], t52 = 3.459, pFWE voxel 

(SVC) = 0.043) (Figure 6.17 A and Table 6.15); whereas the contrast “(HC vs. ADP) x ([+]PE 

vs. [-]PE)” showed a significant activation in the right DLPFC ([42 36 35], t52 = 4.359, pFWE 

voxel (SVC) = 0.016) (Figure 6.17 B and Table 6.15) at p < 0.05 FWE corrected within the 

volume restricted to the voxels showing significant PE-related activity across all subjects in 

the middle and superior PFC.  

The beta estimates of the parametric modulators [+]PE and [-]PE were then extracted 

from the peak coordinates [-33 8 50] and [42 36 35] and included as dependent variables in a 

group (2) x PE type (2) x hemisphere (2) ANCOVA (with smoking status as a covariate). I 
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found significant group x PE type x hemisphere (F(1, 52) = 21.193, p ≤ 0.001) and PE type x 

hemisphere interactions (F(1, 52) = 4.504, p = 0.003). The factors PE type (F(1, 52) = 13.674, 

p ≤ 0.001), and hemisphere (F(1, 52) = 15.412, p ≤ 0.001) also showed significant main 

effects. Holm–Bonferroni corrected post hoc two-sample t-tests further revealed that ADP 

had a significantly lower [-]PE-related activity in the left (t52 = 3.643, p ≤ 0.001), but not in 

the right DLPFC (t52 = -0.041, p = 0.9674). A significantly lower [+]PE-related activity, 

however, was detected in the right (t52 = 2.239, p = 0.029), but not in the left DLPFC (t52 = -

0.181, p = 0.857) (see the bar plots in Figure 6.17). 

 

Figure 6.17 Significant group x PE type interactions in the bilateral DLPFC. A, (HC vs. ADP) x ([-]PE vs. [+]PE)) 

and B, (HC vs. ADP) x ([+]PE vs. [-]PE) contrasts showed significant activity (A) in the left DLPFC, and (B) in 

the right DLPFC. Bar plots show the beta estimates of the parametric modulators [-]PE and [+]PE extracted from 

the peak coordinates [-33 8 50] and [42 36 35] showing significant group x PE type interaction. Asterisks denote 

statistical significance. Error bars indicate standard errors. 

 

Table 6.15 Interaction effects between group and PE type in the left and the right DLPFCs. FWE voxel (SVC): 

familywise error SV corrected at the voxel level; k: cluster size at p ≤ 0.001 uncorrected; BA: Brodmann area; L: 

left; R: right. 

Region BA k pFWE voxel (SVC) t MNI (x,y,z) 

Group x PE Type Interactions 
    

  
      

(HC vs. ADP) x ([+]PE vs. [-]PE) 

R Middle frontal gyrus 46 13 0.013 4.359 42 36 35 

 
  

     
(HC vs. ADP) x ([-]PE vs. [+]PE) 

  
     

L Middle frontal gyrus 6/9 9 0.034 3.459 -33 8 50 

6.2.5.1. Prediction-related Activity vs. and Clinical Questionnaire 

Data 

Finally, I examined whether the model-based fMRI findings were associated with the 

clinical severity of alcohol dependence, the amount of alcohol intake during the past year, or 
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the mean level of craving for alcohol (as assessed with the ADS, LDH and OCDScraving scores) 

I used three independent univariate multiple linear regression analyses because of the 

correlation between these scales. The first multiple linear regression analysis with the ADS 

scores of ADP as the dependent variable showed that the [-]PE-related activity in the left 

DLPFC of ADP (extracted from the voxels showing a significant group difference in [-]PE-

related activity) was a significant predictor of dependence severity ([-]PE/left DLPFC: β = -

0.496, t25 = -2.522, p = 0.018; [+]PE/right DLPFC: β = 0.075, t25 = 0.385, p = 0.703; R
2
 = 

0.219). This result remained significant when the six ADP with poor model-fits were 

excluded from the analysis ([-]PE/left DLPFC: β = -0.527, t22 = -2.486, p = 0.021; [+]PE/right 

DLPFC: β = 0.106, t22 = 0.504, p = 0.619; R
2
 = 0.235). On the other hand, the second multiple 

linear regression analysis with OCDScraving scores showed no significant correlation with the 

[+]PE-related activity in the right DLPFC (β = -0.079, t25 = -0.364, p = 0.719), or the [-]PE-

related activity in the left DLPFC (β = -0.161, t25 = -0.742, p = 0.465) of ADP. Finally, the 

amount of intake during the past year was neither related to the [+]PE-related activity in the 

right DLPFC (β = 0.012, t25 = 0.059, p = 0.953), nor to the [-]PE-related activity in the left 

DLPFC of ADP (β = 0.276, t25 = 1.292, p = 0.208). 

6.2.5.2. Neural Correlates of Model-free Prediction Error 

I performed an additional parametric model-based fMRI analysis, as described in 

Section 6.1.3.1, to examine the differences between HC and ADP in the neural correlates of 

PEs computed using the standard Rescorla-Wagner model, which is denoted as SU1 in the 

model set (see in Chapter 4 in Section 4.4.1.1). FMRI results were reported as significant at p 

≤ 0.05 FWE whole-brain corrected at the voxel level. I applied SVC to the bilateral VS. 

Across all subjects, neural correlations of model-free PEs were found bilaterally in 

the parietal cortex, the ACC and the medial PFC; as well as in the right VS, in the right 

middle PFC, the right insula and the right inferior PFC (see Figure 6.18 and Table 6.16). 

None of these activations showed a significant between-group difference at an even more 

liberal threshold (p ≤ 0.01uncorrected). 
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Figure 6.18 Model-free PE-related activity across all subjects. A standard Rescorla-Wagner model (SU1) was used 

to compute the model-free PEs. A threshold of p ≤ 0.001 uncorrected, with an extent threshold of 20 voxels is used 

for visualization. The activity in the bilateral VS marked with black ellipses. 

 

Table 6.16 Whole brain results of model-free PEs derived using the standard Rescorla-Wagner model (SU1 model) 

across all subjects. FWE whole-brain corrected at the voxel level; k: cluster size at p ≤ 0.001 uncorrected. 

Region BA k pFWE (whole-brain) t MNI (x,y,z) 

R Supramarginal gyrus 40 175 0.001 7.159 55 -47 25 

R Angular gyrus 

  

0.001 6.117 42 -50 33 

        R Inferior parietal gyrus 40 77 0.001 6.328 45 -52 45 

        R Middle frontal gyrus 9 43 0.001 6.257 45 23 40 

        R Middle frontal gyrus 10 34 0.001 6.166 32 53 0 

        L Superior medial frontal gyrus 

 

124 0.001 6.059 -1 26 38 

R Superior medial frontal gyrus 8 

 

0.009 5.534 5 33 43 

        L Inferior parietal gyrus 40 17 0.005 5.708 -43 -47 38 

        R Insula 47 41 0.005 5.707 45 18 -8 

R Inferior orbitofrontal gyrus 47 

 

0.016 5.346 40 21 -18 

        R Inferior orbitofrontal gyrus 

 

12 0.006 5.640 30 26 -8 

        R Precuneus 

 

10 0.024 5.220 17 -75 45 

   

0.027 5.178 7 -70 43 

        R VS 

 

41 0.008 4.328 12 11 3 

*SV corrected             
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7. PE-moderated Dorsolateral Prefrontal Cortex (DLPFC) 

Connectivity 

7.1.  Methods 

 

As described in Chapter 5, psychophysiological interactions (PPI) connectivity 

analysis is a voxel-wise method developed to test whether the correlation between the blood 

oxygen level dependent (BOLD) activities of two brain regions is moderated by a 

psychological variable (Friston et al., 1997; Gitelman et al., 2003; O’Reilly et al., 2012). To 

put it differently, this analysis examines whether an interaction exists between a 

psychological state and the functional coupling between a predefined brain region, so-called 

“seed region”, and other brain regions. I implemented a psycho-physiological interaction 

(PPI) analysis in SPM8 (Friston et al., 1997; O’Reilly et al., 2012) with the model-derived 

prediction error (PE) signal as the moderator variable. I sought to find whether an interaction 

exists between the PE signal and the functional coupling between the dorsolateral prefrontal 

cortex (DLPFC) and the rest of the brain. I tested the hypothesis that the value-processing 

brain areas of ADP would show abnormal functional coupling patterns with the DLPFC, 

which was moderated throughout the experiment by the PE signal. 

Two spheres with 6 mm radius were used as the seed ROIs of the PE-moderated PPI 

connectivity analysis. The locations of these ROIs were determined according to the PE-

related activity, which was found to be significant in the bilateral DLPFC across all subjects 

at the threshold p ≤ 0.05 FDR cluster-level corrected with an initial cluster-defining threshold 

of p ≤ 0.001 uncorrected. A mask image of the DLPFC was constructed by combining the 

Brodmann areas 8 and 9. Centers of the seed regions were defined as the MNI (Montreal 

Neurological Institute) coordinates at [x, y, z] = [42, 28, 43] in the right DLPFC and [-43, 23, 

43] in the left DLPFC, which showed maximum PE-related activity within this anatomical 

mask image of the DLPFC.  

I extracted the first eigenvariate of the BOLD time series from these seed ROIs. I 

then multiplied the resulting time course tDLPFC by the following event-related psychological 

functions:  

1) reward events (REW; 1 for rewarded trials, 0 for missing trials);  

2) punishment events (PUN; 1 for punished trials, 0 for missing trials); 

3) PE (whole PE time-series, i.e. positive and negative PE combined, generated by 

the best-fitting reinforcement learning model, the DU2 model);   

After convolving these time-series with the haemodynamic response function (HRF), 

I formed the PPI interaction regressors “tDLPFC x REW”, “tDLPFC x PUN” and “tDLPFC x PE” for each 
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seed ROI. Among these regressors, “tDLPFC x PE” was the regressor of interest, as the parameter 

estimate of this term for a voxel represents the correlation of its BOLD activity with the seed 

ROI, the strength, and direction of which is determined by the moderator variable, PE. In this 

PPI connectivity analysis, I aimed to find regions in the brain whose BOLD activity is in 

“synch” with the DLPFC as a function of PE, unconfounded by other factors that can also 

moderate this connectivity. With this in mind, other PPI regressors, “tDLPFC x REW” and “tDLPFC x 

PUN” were also generated and added to the general linear model (GLM) design as nuisance 

variables to prevent the confounding effects of the connectivity changes due to outcome 

events (reward vs punishment). The regressors were orthogonalized to ensure that the PPI 

regressor was not correlated with the other regressors. The orthogonalization made sure that 

any activation observed for the PPI regressor can only be attributed to the PE-moderated 

DLPFC connectivity (Erdeniz et al., 2013). Moreover, the main regressors used to generate 

these PPI terms, namely the “tDLPFC”, REW, PUN and PE were also added to the design to 

control for the confounding effects of pure anatomical connectivity and event-related 

activities.  

The regressors of the PPI design are summarized below, and the design matrix is 

shown in Figure 7.1. 

(1) task regressors (reward and punishment events and missed trials);  

(2) PE time series;  

(3) seed ROI’s time course tDLPFC; 

(4) PPI interaction term of PE, tDLPFC x PE;  

(5) PPI interaction terms of reward and punishment, tDLPFC x REW and tDLPFC x PUN;  

(6) six rigid body movement parameters. 

At the second level, single subject contrast images for functional connectivity of the 

left DLPFC (tDLPFC_L x PE) and the right DLPFC (tDLPFC_R x PE) were taken to a 2 x 2 repeated-

measures ANOVA with a between-subjects factor group (healthy controls vs. alcohol-

dependent patients) and a within-subjects factor seed ROI (left DLPFC vs. right DLPFC). 

“Subjects” factor in SPM was also included to model the subject constants. 

I tested the following contrasts:  

1. DLPFC_L x PE connectivity: 

a. across all subjects,  

b. across healthy controls (HC), 

c. across alcohol-dependent patients (ADP), 

2. DLPFC_R x PE connectivity: 

a. across all subjects,  
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b. across HC, 

c. across ADP, 

3. Between-group differences (HC > ADP) in 

a. DLPFC_L x PE connectivity, 

b. DLPFC_R x PE connectivity, 

4. Between-group differences (ADP > HC) in 

a. DLPFC_L x PE connectivity, 

b. DLPFC_R x PE connectivity. 

 

Figure 7.1 Design matrix for the PE-moderated DLPFC connectivity analysis with the following regressors: the 

task-related regressors (rewarded, punished and missed trials), parametric modulator (prediction error), seed 

activity (DLPFC activity extracted from the seed region), PPI regressors (created by multiplying seed activity with 

task-related regressors and the parametric modulator). Motion parameters are also included in the task design. The 

PPI regressor of interest is “PPI: DLPFC x PE”. 

 

I report the results significant at a statistical threshold at p = 0.05 false discovery rate 

(FDR) whole-brain cluster-level corrected with an initial inclusion threshold of p ≤ 0.001 

(uncorrected). For between-group differences, the initial inclusion threshold was set to p = 
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0.005. Due to the significant difference between the numbers of smokers in subject groups, I 

corrected the between-group difference results for smoking status. 

Next, I performed an exploratory ROI analysis in order to study the correlation 

between the PE-moderated DLPFC connectivity and the clinical data of ADP from the 

following self-report questionnaires: 

1) Alcohol intake in the last year as assessed with Lifetime Drinking History (LDH); 

2) Alcohol Dependence Scale (ADS) 

3) Obsessive Compulsive Drinking Scale (OCDS) and its subscales: 

i. Average craving (OCDS_AVE) 

ii. Strongest craving (OCDS_MAX) 

iii. Frequency of craving (OCDS_FRQ) 

iv. Last drinking day (OCDS_LST) 

v. Alcohol-related thoughts (OCDS_THI) 

vi. Alcohol-related actions (OCDS_ACT) 

vii. Resistance, control impairment (OCDS_RES) 

viii. Obsession (OCDS_OBS) 

ix. Interference (OCDS_INT) 

 

Using the Marsbar toolbox (Brett et al., 2002), I extracted the mean beta parameter 

estimates of the PPI interaction terms (tDLPFC_L x PE and tDLPFC_R x PE) from the voxels showing 

between-group differences in the PE-moderated DLPFC_L, or in the PE-moderated 

DLPFC_R connectivity. Next, I calculated the correlation matrices showing Spearman’s r 

values (rs) and corresponding p values. 

7.2. Results 

7.2.1. PE-moderated Left DLPFC Connectivity 

Across all subjects, PE moderated functional connectivity with the DLPFC_L was 

found significant in the left middle cingulate cortex, the right supplementary motor area, the 

left and the right middle temporal cortex, the left hippocampus (HPC) and the left 

parahippocampal cortex (PHC) (see Figure 7.2 and Table 7.1) 
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Figure 7.2 Clusters showing significant PE-moderated DLPFC_L functional connectivity across all subjects at p = 

0.05 FDR corrected at cluster level. The anterior slices (-7, 3, 13, 23, 33, 43, 53) and posterior slices (-77, -67, -57, 

-47, -37, -27, -17) are shown with slice numbers. The color bar represents t-values. 

 

Table 7.1 PE-moderated DLPFC_L functional connectivity across all subjects at p = 0.05 FDR corrected at cluster 

level. PFC: Prefrontal cortex; OFC: Orbitofrontal cortex; HPC: Hippocampus, PHC: Parahippocampal cortex; BA: 

Brodmann area; k: cluster size; L/R: Left/Right. FWE: Family wise error. 

Region BA k p FDR (cluster) p FWE (peak) t MNI (x,y,z) 

L Middle cingulate cortex 

 

2296 0.001 0.006 5.996 -1 3 43 

L Precentral cortex 

   

0.009 5.881 -38 -2 53 

R Supplementary motor area 32 

  

0.013 5.746 10 6 45 

         
L Middle temporal cortex 

 

261 0.001 0.014 5.732 -61 -5 -13 

    

0.252 4.682 -68 -10 0 

L Middle temporal pole 

   

0.361 4.524 -43 16 -30 

         
R Superior temporal cortex 

 

462 0.001 0.014 5.729 72 -17 10 

    

0.033 5.439 45 -35 -5 

R Superior temporal cortex 

   

0.068 5.180 57 -17 5 

         
R Superior temporal pole 38 133 0.024 0.014 5.717 60 11 -10 

    

0.937 3.807 37 8 -3 

         
L Cuneus 

 

375 0.001 0.034 5.421 -8 -80 20 

L Cuneus 19 

  

0.073 5.156 -8 -92 28 

L Calcarine sulcus 

   

0.113 4.997 -21 -75 10 

         

  

125 0.027 0.069 5.177 20 -37 30 

R Precuneus 

   

0.980 3.658 10 -45 40 

         
L HPC 34 120 0.028 0.082 5.115 -16 -10 -20 

    

0.420 4.450 -1 -27 -18 

L PHC 

   

0.730 4.112 -18 1 -23 

         
R Middle temporal cortex 

 

102 0.044 0.103 5.032 47 -72 10 

         
R Calcarine  18 281 0.001 0.172 4.837 22 -70 13 
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R Calcarine  

   

0.280 4.637 17 -55 8 

R Cuneus 18 

  

0.563 4.292 17 -82 25 

         
L Precentral cortex 

 

223 0.003 0.388 4.488 -46 -7 28 

L Postcentral cortex 

   

0.389 4.488 -58 -20 20 

L Postcentral cortex 

   

0.432 4.436 -56 -7 15 

 

When I analyzed HC and ADP separately, I found that HC had significant PE-

moderated functional connectivity with the DLPFC_L in the bilateral superior prefrontal 

cortices, the bilateral supplementary motor areas, the right middle prefrontal and orbitofrontal 

cortices, the bilateral temporal cortices and temporal poles, including the right insula (see 

Figure 7.3 and Table 7.2). Whereas in ADP, PE-moderated functional connectivity with the 

DLPFC_L was found significant in the right HPC and the right PHC, the right thalamus, the 

right putamen, right insula, as well as in the right superior prefrontal cortex (PFC), 

supplementary motor area and middle cingulate cortex (BA 6 and 24). Furthermore, the left 

precentral and postcentral cortices of ADP also showed significant PE-moderated DLPFC_L 

connectivity (see Figure 7.4 and Table 7.3). 

 

 

Figure 7.3 Clusters showing significant PE-moderated DLPFC_L functional connectivity across HC at p = 0.05 

FDR corrected at cluster level. The anterior slices (-7, 3, 13, 23, 33, 43, 53) and posterior slices (-77, -67, -57, -47, 

-37, -27, -17) are shown with slice numbers. The color bar represents t-values. 

 
Table 7.2 PE-moderated DLPFC_L functional connectivity across HC at p = 0.05 FDR corrected at cluster level. 

PFC: prefrontal cortex; OFC: orbitofrontal cortex; BA: Brodmann area; k: cluster size; L/R: Left/Right. FWE: 

Family wise error. 

Region BA k p FDR (cluster) p FWE (peak) t MNI (x,y,z) 

R Superior PFC 

 

388 0.001 0.001 7.212 17 58 8 

L Superior PFC 

   

0.283 4.632 -21 56 8 

    

0.375 4.505 -23 48 3 

         
L Supplementary motor area 

 

468 0.001 0.023 5.552 -3 3 45 

R Supplementary motor area 32 

  

0.042 5.350 10 6 45 

L Supplementary motor area 

   

0.209 4.759 -1 13 45 
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L Middle temporal cortex 

 

316 0.001 0.033 5.434 -63 -5 -15 

L Middle temporal pole 

   

0.155 4.878 -46 16 -30 

L Superior temporal pole 

   

0.424 4.445 -51 13 -23 

         
R Middle OFC 114 0.039 0.045 5.326 37 41 -8 

R Middle PFC 

   

0.068 5.181 30 46 5 

R Inferior OFC 47 

  

0.422 4.448 35 31 -13 

         
L Middle temporal cortex 

 

154 0.015 0.102 5.034 -51 -52 -3 

L Middle occipital cortex 

   

0.553 4.302 -38 -70 -3 

L Middle occipital cortex 37 

  

0.693 4.153 -48 -70 -3 

         
L Cuneus 18 203 0.006 0.141 4.914 -11 -77 18 

 

30 

  

0.167 4.848 -23 -75 10 

    

0.577 4.276 -26 -70 18 

         
Corpus callosum  183 0.008 0.219 4.738 15 11 30 

R Caudate nucleus    0.499 4.359 22 -5 23 

         

R Superior temporal pole 38 112 0.039 0.314 4.587 60 11 -8 

R Insula 

   

0.769 4.068 40 11 -3 

    

0.898 3.887 50 11 -10 

 

 

Figure 7.4 Clusters showing significant PE-moderated DLPFC_L functional connectivity across ADP at p = 0.05 

FDR corrected at cluster level. The anterior slices (-7, 3, 13, 23, 33, 43, 53) and posterior slices (-77, -67, -57, -47, 

-37, -27, -17) are shown with slice numbers. The color bar represents t-values. 

 

Table 7.3 PE-moderated DLPFC_L functional connectivity across ADP at p = 0.05 FDR corrected at cluster level. 

PFC: Prefrontal cortex; OFC: Orbitofrontal cortex; BA: Brodmann area; k: cluster size; L/R: Left/Right. FWE: 

Family wise error. 

Region BA k p FDR (cluster) p FWE (peak) t MNI (x,y,z) 

R Superior temporal cortex 

 

438 0.001 0.002 6.345 42 -32 -3 

    

0.081 5.120 35 -27 0 

Putamen 

   

0.270 4.653 30 -20 5 
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Middle PFC 6 205 0.004 0.008 5.920 37 -5 60 

Superior PFC 

   

0.099 5.047 25 -12 55 

Supplementary motor area 

   

0.976 3.676 15 -7 55 

         
Middle cingulate cortex 24 599 0.001 0.022 5.566 20 -40 30 

    

0.069 5.179 5 -17 38 

Middle cingulate cortex 

   

0.121 4.973 -11 -37 33 

         
L Postcentral cortex 

 

245 0.002 0.034 5.424 -58 -15 25 

L Postcentral cortex 

   

0.589 4.264 -53 -22 30 

L Postcentral cortex 

   

0.883 3.912 -53 -7 18 

         
L Precentral cortex 

 

440 0.001 0.054 5.263 -36 -22 63 

    

0.130 4.946 -23 -22 53 

L Precentral cortex 6 

  

0.265 4.661 -38 -5 53 

         
R Cuneus 

 

163 0.011 0.163 4.859 10 -87 15 

R Superior occipital cortex 

   

0.221 4.736 22 -82 20 

R Cuneus 19 

  

0.399 4.475 -8 -90 25 

         
R Supplementary motor area 124 0.029 0.266 4.659 7 8 58 

R Supplementary motor area 6 

  

0.507 4.352 7 3 68 

L Supplementary motor area 

   

0.960 3.742 -1 -5 65 

7.2.2. PE-moderated Right DLPFC Connectivity 

Across all subjects, PE moderated functional connectivity with the DLPFC_R was 

found significant in the midbrain including the substantia nigra, the left superior PFC, the 

bilateral middle frontal cortices including the bilateral anterior cingulate cortices (ACCs), the 

left precentral and postcentral cortices, the left putamen and the left insula (see Figure 7.5 and 

Table 7.4). When HC and ADP were separately examined, HC showed significant PE-

moderated functional connectivity with the DLPFC_R in the bilateral medial prefrontal 

cortices and the right supplementary motor area (see Figure 7.6 and Table 7.5). However, no 

significant PE-moderated functional connectivity with the DLPFC_R was found in ADP even 

at a more liberal threshold (p < 0.01 uncorrected). 
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Figure 7.5 Clusters showing significant PE-moderated DLPFC_R functional connectivity across all subjects at p = 

0.05 FDR corrected at cluster level. The anterior slices (-7, 3, 13, 23, 33, 43, 53) and posterior slices (-77, -67, -57, 

-47, -37, -27, -17) are shown with slice numbers. The color bar represents t-values. 

 

Table 7.4 PE-moderated DLPFC_R functional connectivity across HC at p = 0.05 FDR corrected at cluster level. 

PFC: Prefrontal cortex; OFC: Orbitofrontal cortex; BA: Brodmann area; k: cluster size; L/R: Left/Right. FWE: 

Family wise error. 

Region BA k p FDR (cluster) p FWE (peak) t MNI (x,y,z) 

Midbrain 

 

193 0.011 0.039 5.381 5 -22 -13 

Substantia nigra 

   

0.051 5.285 -6 -25 -15 

    

0.148 4.894 10 -15 -20 

         
L Superior PFC 6 243 0.006 0.121 4.972 -36 -2 53 

L Precentral cortex 

   

0.260 4.669 -31 -2 60 

L Postcentral cortex 

   

0.264 4.662 -33 -22 50 

         
L Superior PFC 

 

110 0.038 0.180 4.819 -13 26 48 

L Superior PFC 8 

  

0.821 4.002 -21 33 48 

L Superior medial PFC 8 

  

0.978 3.670 -3 41 48 

         
L Insula 13 118 0.036 0.201 4.774 -23 23 -3 

L Putamen 

   

0.701 4.144 -33 3 -8 

         
L Superior medial PFC 140 0.031 0.355 4.531 -11 41 30 

L Superior medial PFC 10 

  

0.924 3.836 -3 61 10 

Anterior cingulate cortex 32 

  

0.977 3.672 -3 48 15 

         
R Supplementary motor area 32 120 0.036 0.431 4.437 12 8 48 

R Superior PFC 

   

0.439 4.428 25 -2 55 

R Middle PFC 

   

0.923 3.838 37 -5 55 
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Figure 7.6 Clusters showing significant PE-moderated DLPFC_R functional connectivity across HC at p = 0.05 

FDR corrected at cluster level. The anterior slices (-7, 3, 13, 23, 33, 43, 53) and posterior slices (-77, -67, -57, -47, 

-37, -27, -17) are shown with slice numbers. The color bar represents t-values. 

 

Table 7.5 PE-moderated DLPFC_R functional connectivity across HC at p = 0.05 FDR corrected at cluster level. 

PFC: Prefrontal cortex; OFC: Orbitofrontal cortex; BA: Brodmann area; k: cluster size; L/R: Left/Right. FWE: 

Family wise error. 

Region BA k p FDR (cluster) p FWE (peak) t MNI (x,y,z) 

L Superior medial PFC 

 

183 0.020 0.020 5.599 -1 36 50 

L Superior medial PFC 

   

0.053 5.270 -11 28 50 

R Supplementary motor area 8 

  

0.996 3.508 2 18 53 

         
L Superior PFC 

 

609 0.001 0.037 5.395 -16 61 10 

L Superior medial PFC 

   

0.052 5.274 -1 61 10 

L Superior medial PFC 

   

0.217 4.743 -11 41 28 

7.2.3. Group Difference in the PE-moderated DLPFC Connectivity 

Significant group differences were found in the strength of the PE-moderated DLPFC 

connectivity in various brain regions. “HC > ADP” contrast revealed that patients had 

reduced connectivity with the DLPFC_L in the frontopolar PFC (MNI[x y z] = [17 58 8], BA 

10, t = 6.203), lateral orbitofrontal cortex ([35 48 -5], BA 11, t = 5.076) and dorsomedial PFC 

([2 41 30], BA 9, t = 4.557) (Figure 7.7 A-B and Table 7.6). Additionally, the right caudate 

nucleus in the dorsal striatum was found to have reduced PE-moderated connectivity with the 

DLPFC_L in ADP relative to HC ([22 -5 23], t = 4.101) (Figure 7.7 B and Table 7.6). On the 

other hand, “ADP > HC” contrast showed that patients had enhanced PE-moderated 

DLPFC_L connectivity in the right HPC ([37 -35 -3], t = 5.581), as well as in the right PHC 

([35 -52 -3], BA 19, t = 4.757) and cerebellum ([7 -52 -23], t = 4.978) (Figure 7.7 C-D and 

Table 7.6). 
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Figure 7.7 Brain regions showing abnormal DLPFC_L connectivity in HC relative to ADP. A. The seed region in 

the left DLPFC (6mm sphere with center coordinates MNI [-43 23 43]) is shown in green. B. A sagittal (x = 0) and 

a coronal (y = 13) slice show the group difference (HC > ADP) in the PE-moderated DLPFC_L connectivity in the 

medial PFC and the right caudate nucleus. C. Group difference (ADP > HC) in PE-moderated DLPFC_L 

connectivity is shown in blue. A sagittal (x = 29) and a coronal slice (y = -34) show the increased DLPFC 

connectivity in the right posterior hippocampal / parahippocampal region. A threshold of p ≤ 0.005 uncorrected 

with an extent threshold of 20 voxels was used for visualization. Color bars show t values. 

 
Table 7.6 Group differences in the PE-moderated DLPFC_L connectivity. Peak MNI coordinates and t-values are 

shown for each region within the significant cluster (p ≤ 0.05 FDR cluster-corrected with cluster defining threshold 

p ≤ 0.005). PFC: Prefrontal cortex; OFC: Orbitofrontal cortex; HPC: Hippocampus, PHC: Parahippocampal 

cortex; BA: Brodmann area; k: cluster size; L/R: Left/Right. 

Region BA L/R k pFDR cluster cor. peak t MNI (x, y, z) 

Left DLPFC x PE 

        
HC > ADP 

     

      

Frontopolar PFC 10 R 644 0,001 6.203 17 58 8 

Lateral OFC 47 R 

  

5.076 35 48 -5 

Anterior cingulate cortex 32 L 

  

4.557 2 41 30 

Ventromedial PFC 10 L 

  

4.083 -3 43 5 

Dorsomedial PFC 9 R 

  

3.949 7 51 33 

Lateral OFC 47 R 

  

3.444 42 46 3 

         Middle occipital cortex 19 L 307 0,028 4.360 -38 -70 -3 

Inferior occipital cortex 19 L 

  

4.358 -43 -82 -8 

         Superior temporal cortex 22 L 278 0,033 4.308 -51 3 5 

Middle temporal cortex 21 L 

  

3.927 -58 1 -18 

Temporal pole 38 L 

  

3.803 -51 18 -30 

         Caudate nucleus 

 

R 414 0,010 4.101 22 -5 23 
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3.873 17 11 18 

  

     

      

Left DLPFC x PE 

        
ADP > HC 

     

      

HPC 

 

R 1125 0,001 5.581 37 -35 -3 

Cerebellum 

 

R 

  

4.978 7 -52 -23 

PHC 

 

R 

  

4.757 35 -52 -3 

Inferior temporal area 20 R 

  

4.331 45 -10 -20 

Thalamus 

 

R 

  

4.202 10 -32 0 

Inferior temporal area 20 R 

  

3.795 27 -20 -8 

 

PPI analysis with the DLPFC_R produced somewhat similar results for the contrast 

“HC > ADP”.  Analogous to the DLPFC_L connectivity, ADP also had weaker PE-moderated 

DLPFC_R connectivity in the ventromedial PFC ([-13 61 10], BA 10, t = 5.342) and 

dorsomedial PFC ([-1 48 28], BA 9, t = 3.218) (controlled for smoking, see Figure 7.8 and 

Table 7.7). Additionally, the left claustrum ([-26 -10 20], t = 3.807) and the left insula ([-33 1 

23], BA 13, t = 3.459) had diminished PE-moderated connectivity to the DLPFC_R in ADP 

compared to HC. On the contrary to the DLPFC_L connectivity, no significant difference was 

found for the contrast “ADP > HC” in the PE-moderated DLPFC_R connectivity. 

 

 

Figure 7.8 Group difference (HC > ADP) in PE-moderated DLPFC_R connectivity. The seed region in the right 

DLPFC (6mm sphere with center coordinates MNI [42 28 43]) is shown in green. B. A sagittal (x = 10) slice 

shows the group difference (HC > ADP) in the PE-moderated DLPFC_R connectivity in the medial PFC. A 

threshold of p ≤ 0.005 uncorrected with an extent threshold of 20 voxels was used for visualization. Color bar 

shows t values. 
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Table 7.7 Group differences in the PE-moderated DLPFC_R connectivity. Peak MNI coordinates and t-values are 

shown for each region within the significant cluster (p ≤ 0.05 FDR cluster-corrected with cluster defining threshold 

p ≤ 0.005). PFC: Prefrontal cortex; OFC: Orbitofrontal cortex; BA: Brodmann area; k: cluster size; L/R: 

Left/Right. 

Region BA L/R k pFDR cluster peak t MNI (x, y, z) 

Right DLPFC x PE 

        
HC > ADP 

     

      

Frontopolar PFC 10 L 460 0,005 5,342 -13 61 10 

Anterior cingulate 

cortex/Dorsomedial PFC 32/9 R 

  

4,412 17 48 28 

ACC 32 L 

  

3,218 -1 48 28 

         Claustrum 

 

L 254 0,047 3,807 -26 -10 20 

Insula 

 

L 

  

3,459 -33 1 23 

Insula 

 

L 

  

3,379 -31 -2 20 

  

     

      

Right DLPFC x PE 

        
ADP > HC 

        n.s. 

     

      

7.2.4. PE-moderated DLPFC Connectivity vs. Clinical 

Questionnaire Data 

I performed an exploratory data analysis in order to study the relationship between 

the strength of PE-moderated DLPFC connectivity and the clinical assessment measures of 

alcohol dependence (the amount of alcohol intake during the past year, the severity of 

dependence and mean craving for alcohol as measured with LDH, ADS, and OCDScraving). 

Additionally, with an exploratory correlation analysis, I also examined the relationship 

between the changes in the DLPFC connectivity and the other subscales of the OCDS, 

including strongest craving (OCDSmax), frequency of craving (OCDSfrq), last drinking day 

(OCDSlst), THI: alcohol-related thoughts (OCDSthi), alcohol-related actions (OCDSact), 

resistance and control impairment (OCDSres), obsession (OCDSobs), interference (OCDSint) 

and total OCDS score (OCDSsum). 

The ROIs of this analysis were defined as the clusters showing group differences in 

the DLPFC_L x PE and the DLPFC_R x PE connectivity at p ≤ 0.05 FDR cluster-corrected 

with cluster defining threshold p ≤ 0.005 (see Figure 7.7 and Figure 7.8). In order to restrict 

the ROIs into anatomically predefined brain regions, I masked the activation clusters with the 

anatomical images of the ACC, the caudate nucleus, the medial PFC, the frontopolar PFC, the 

HPC, and the PHC, taken from the AAL atlas (Tzourio-Mazoyer et al., 2002). Then, using the 

Marsbar toolbox of SPM8 (Brett et al., 2002), I extracted the mean beta parameter estimates 

of the PPI contrasts (DLPFC_L x PE and DLPFC_R x PE) from these 8 ROIs (shown and 

listed in Figure 7.9). I report the Spearman’s r correlation coefficients (rs) and corresponding 

two-tailed p values. 
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Figure 7.9 Regions of interests (ROIs) are defined as the clusters showing group differences in PE-moderated 

DLPFC connectivity. These clusters are masked by automated anatomical labeling (AAL) images of the ACC, 

caudate nucleus (right), medial PFC, frontopolar PFC, insula (left), hippocampus (right), and parahippocampal 

cortex (right). 

 

Table 7.8 Summary table of the exploratory correlation analysis examining the relationship between the clinical 

assessment measures of alcohol dependence and the strength of the PE-moderated connectivity between the 

DLPFC and the clusters showing group difference  in ADP (as shown in Table 7.6 and Table 7.7). Only ADP are 

included in the analysis. The left column of the table summarizes the brain regions showing differences in the PE-

moderated DLPFC connectivity between HC and ADP, and the type of the group difference (whether the seed 

region is the right or the left DLPFC, and whether the direction of the difference is ADP > HC or HC >ADP). 

Spearman’s correlation coefficients (rs) are reported with corresponding p values. Gray shade shows the results 

with p < 0.05. LDH: Intake in the last year, OCDScraving : craving, ADS: alcohol dependence severity. ACC: 

anterior cingulate cortex, mPFC: medial prefrontal cortex, fpPFC: frontopolar prefrontal cortex, HPC: 

hippocampus, PHC: parahippocampal cortex, INS: insula. 

   
LDH ADS OCDScraving 

   
rs p rs p rs p 

D
L
P

F
C

_
L
 x

 P
E

 

H
C

 >
 A

D
P

 

ACC 0.112 0.576 -0.060 0.770 0.408 0.042 

Caudate 0.068 0.734 0.234 0.248 0.102 0.628 

mPFC  0.095 0.638 0.135 0.512 0.558 0.004 

fpPFC 0.123 0.540 0.340 0.090 0.340 0.096 

A
D

P
 >

 

H
C

 R HPC 0.051 0.802 0.325 0.090 0.247 0.234 

R PHC 0.350 0.074 0.287 0.138 0.424 0.034 

              

D
L
P

F
C

_
R

x
 P

E
 

H
C

 >
 A

D
P

 

  
  

 
  

  Insula 0.210 0.294 -0.108 0.600 0.108 0.606 

mPFC 0.308 0.118 0.386 0.052 0.513 0.008 

  
  

 
  

   

Results of the exploratory correlation analysis showed that within ADP, mean craving 

scores were positively correlated with the PE-moderated DLPFC connectivity in the medial 

PFCs bilaterally (Table 7.8). On the other hand, PE-moderated functional connectivity 
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between the left DLPFC and the right HPC in ADP was positively correlated with the total 

score of the OCDS and some of its subscales including OCDSthi, OCDSact, OCDSres and 

OCDSobs. A positive correlation was also found between left DLPFC-right PHC connectivity 

and the total OCDS score and its subscales OCDSthi, OCDSact, OCDSres and OCDSint (Table 

7.9). 

Table 7.9 Summary table of the exploratory correlation analysis examining the relationship between the subscales 

of the OCDS and the strength of the PE-moderated connectivity between the DLPFC and the clusters showing 

group difference in ADP (as shown in Table 7.6 and Table 7.7). Only the ADP are included in the analysis. The 

left column of the table summarizes the brain regions showing differences in the PE-moderated DLPFC 

connectivity between HC and ADP, and the type of the group difference (whether the seed region is the right or the 

left DLPFC, and whether the direction of the difference is ADP > HC or HC >ADP). Spearman’s correlation 

coefficients (rs) are reported with corresponding p values. Gray shade shows the results with p < 0.05. MAX: 

strongest craving, FRQ: frequency of craving, LST: last drinking day, THI: alcohol-related thoughts, ACT: 

alcohol-related actions, RES: resistance, control impairment, OBS: obsession, INT: interference. ACC: anterior 

cingulate cortex, mPFC: medial prefrontal cortex, fpPFC: frontopolar prefrontal cortex, HPC: hippocampus, PHC: 

parahippocampal cortex, INS: insula. B: Bilateral, R: Right, L: Left. 

    

OCDS 

         MAX FRQ LST THI ACT RES OBS INT SUM 

D
L

P
F

C
_
L

 x
 P

E
 

H
C

 >
 A

D
P

 

 ACC 
rs 0.195 0.267 -0.209 -0.039 0.057 0.173 -0.11 -0.038 -0.013 

p 0.35 0.196 0.316 0.854 0.786 0.41 0.6 0.856 0.475 

R 
Caudate 

rs -0.068 0.103 0.024 0.117 0.145 0.235 0.105 0.073 0.164 

p 0.748 0.626 0.912 0.578 0.488 0.258 0.618 0.728 0.216 

mPFC  
rs 0.314 0.398 -0.313 0.177 0.151 0.33 0.037 0.122 0.165 

p 0.126 0.048 0.128 0.396 0.47 0.108 0.862 0.562 0.215 

fpPFC 
rs 0.19 0.269 -0.287 0.112 0.405 0.378 0.169 0.253 0.298 

p 0.362 0.194 0.164 0.592 0.044 0.062 0.42 0.222 0.074 

A
D

P
 >

 H
C

 

R HPC 
rs 0.204 0.309 -0.145 0.501 0.497 0.515 0.48 0.333 0.583 

p 0.328 0.132 0.49 0.01 0.012 0.008 0.016 0.104 0.001 

R PHC 
rs 0.413 0.25 -0.233 0.424 0.479 0.465 0.353 0.446 0.54 

p 0.04 0.228 0.262 0.034 0.016 0.02 0.084 0.026 0.003 

D
L

P
F

C
_
R

x
 P

E
 

H
C

 >
 A

D
P

 

L INS 
rs 0.201 0.323 -0.015 0.13 0.069 0.175 0.003 0.166 0.155 

p 0.334 0.114 0.944 0.536 0.744 0.404 0.988 0.428 0.23 

mPFC 
rs 0.437 0.585 -0.248 0.244 0.25 0.383 0.209 0.151 0.262 

p 0.028 0.002 0.232 0.238 0.228 0.058 0.316 0.47 0.103 
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8. General Discussion  

8.1. Summary  

 

The combination of reinforcement learning (RL) models with functional magnetic 

resonance imaging (fMRI) is an effective method for testing hypotheses about the 

computational and neural processes underlying reward-based decision making (Glaescher and 

O’Doherty, 2010). In this thesis project, the main objective was to use this framework to 

highlight the behavioral and neurological differences between alcohol-dependent patients 

(ADP) and healthy control subjects (HC) during a probabilistic reward-based decision making 

task with dynamically changing reinforcement contingencies, i.e. reversals.  

In this thesis, using an RL model, I report an association between cognitive flexibility 

and decreased sensitivity to punishment in alcohol dependence. Additionally, I demonstrate a 

relationship between severity of alcohol dependence and increased sensitivity to rewards. By 

combining this best-fitting RL model with fMRI through a model-based fMRI analysis, and 

regressing the trial-by-trial prediction error (PE) time-series to the synchronous fMRI data, I 

report a significantly weaker correlation in ADP between the PE signals and the dorsolateral 

prefrontal cortex (DLPFC) activity. I also show an inverse correlation between the severity of 

alcohol dependence and the DLPFC activity related to aversive PE signals, which mediate 

extinction of the behavior that is no longer associated with reward, hence play a critical role 

in adaptation to reversals. Moreover, by combining the RL model with psychophysiological 

interaction (PPI) connectivity analysis, I report alterations in the functional connectivity 

moderated by the PE learning signals in alcohol dependence. I show disrupted information 

flow between the bilateral DLPFC and the medial prefrontal cortex (PFC) including the 

rostral anterior cingulate cortex (ACC); and enhanced connectivity between the left DLPFC 

and the right hippocampus (HPC), as well as the right parahippocampal gyrus (PHC). Finally, 

using an exploratory correlation analysis, I report a relationship between the increased 

DLPFC-HPC/PHC connectivity and compulsive characteristics of alcohol dependence as 

assessed with the obsessive compulsive drinking scale (OCDS). 

To my knowledge, this is the first model-based fMRI study in alcohol use disorder 

literature suggesting that the neural activity in the DLPFC fails to track the learning signals 

mediating the adaptive behavior. Also, this is the first PPI study suggesting that functional 

connectivity moderated by these learning signals is reduced between the DLPFC and the 

anterior cortical regions, but enhanced between the DLPFC and the HPC/PHC.  
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8.2. Statistical Analysis of Behavioral Data  

 

Statistical analysis of behavior revealed that ADP could not reach the learning 

criterion of 70% correct responses as often as HC, and completed the task with a significantly 

lower number of correct responses. Moreover, learning curves of ADP displayed a 

significantly slow adaptation to reversals. These findings are consistent with previous reports 

with an overlapping data, as well as a growing number of studies which indicate adaptation 

deficits in cocaine, methamphetamine, and other addictive drug abusers during cognitive 

flexibility tasks (Petry et al., 1998; Rogers et al., 1999; Grant et al., 2000; Mazas et al., 2000; 

Bechara et al., 2001; Fillmore and Rush, 2006; Ersche et al., 2008; Park et al., 2010; Ersche et 

al., 2011; Deserno et al., 2014). Animals, who are exposed to cocaine or methamphetamine, 

also display inflexible behavior on reversal learning tasks during the withdrawal period 

(Jentsch et al., 2002; Schoenbaum et al., 2004; Stalnaker et al., 2006; Calu et al., 2007; 

Krueger et al., 2009; Izquierdo et al., 2010; Porter et al., 2011). The experiment used in this 

dissertation consisted of two sessions with equal number of trials, which gave me the 

opportunity to test for the main effects of the session in learning. When I compared the 

learning curves of HC and ADP plotted separately for the first and the second session; despite 

the lack of statistical significance, impaired adaptation ADP was found to be more profound 

during the first half, compared to the second half of the experiment. This result is consistent 

with a recent study showing slower initial learning in ADP during a reversal learning task 

with deterministic reinforcement contingencies (Vanes et al., 2014). 

Perseveration, which is characterized by a persistent selection of the same response 

despite negative feedback or absence of positive feedback, has been suggested as the 

underlying mechanism of maladaptive behavior (Ersche et al., 2008). I assessed the degree of 

perseveration of ADP by counting the number of consecutive errors delivered until the 

subjects shifted the previously established response. Comparison of the average perseverative 

errors between HC and ADP yielded no significant difference, but a trend-wise increase in 

ADP. This finding seems to be consistent with previous reports with amphetamine and 

alcohol abusers, who also did not display perseverative behavior (Goudriaan et al., 2005; 

Ersche et al., 2008). However, it seems to contradict my hypothesis and the stimulant users in 

earlier studies, who made significantly more perseverative errors than controls (Ersche et al., 

2008, 2011; Woicik et al., 2011). Ignoring false feedback unless it signals a reversal is also an 

essential strategy for an adaptive behavior in a probabilistic environment. I tested if the ADP 

had abnormal response-shifting by comparing the number of probabilistic and spontaneous 

switches. The analysis revealed that HC and ADP differed in neither probabilistic nor 

spontaneous switching. This result accords with a prior study, which found no significant 

group difference in probabilistic switching when the stimulant users (cocaine and 
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amphetamine) were compared to both controls and patients with obsessive-compulsive 

disorder (Ersche et al., 2011). In contrast, other stimulant users exhibited excessive 

probabilistic and spontaneous switching in a PRLT (Ersche et al., 2011; Patzelt et al., 2014). 

These mixed findings suggest that different drugs and varying levels of severity might have 

diverse effects on the cognitive flexibility (Goldstein et al., 2004; Ersche et al., 2008). 

Moreover, different task designs might result in different response patterns. 

To gain more insight into the underlying mechanism of the slower behavioral 

adaptation observed in ADP, I analyzed the win-stay and lose-shift behavior with a logistic 

regression model, which has previously been used by den Ouden et al. (den Ouden et al., 

2013). In this analysis, rather than counting the consecutive perseverative errors that 

happened just after the reversals, I examined how accurately rewards and punishments 

received within a time frame of 4 trials predicted subjects’ decisions to stay or switch. My 

hypothesis was that negative feedback would have weaker influence over the response-

shifting behavior of ADP in comparison to HC. I found that estimated beta-values of the lose-

shift regressors were significantly lower in ADP. Therefore, consistent with my hypothesis, 

ADP showed deficits in integrating negative feedback to behavior adaptation.  

8.3. Computational Modeling of Behavioral Data 

 

Using the RL and Bayesian models with various degrees of computational 

complexity, I sought to capture the differences in underlying computations carried out by the 

subjects in solving the current decision making problem (Sutton and Barto, 1998; Dayan, 

2009). One of my goals in this thesis was to determine the learning model that would best 

explain these computations. The tested models were categorized into three groups according 

to the update rule, which also determines the amount of task-related information taken into 

account during reward-based learning. For instance, single update (SU) models test the 

assumption that subjects consider only the received feedback, and update the value of the 

chosen stimulus with the Rescorla-Wagner update rule, but do not change the value of the 

unselected stimulus (Rescorla and Wagner, 1972). Double update (DU) models extend the SU 

models, and update the values of both the selected and unselected stimuli. This “double” 

update rule is based on the fictive outcome information that is inferred by subjects, who 

realize the inherent asymmetry of the task’s reinforcement contingencies. It is important to 

note that this information was not explicitly shared with the subjects before the experiment. 

The third model group consisted of Bayesian hidden Markov models (HMMs), which assume 

that subjects construct a state-based representation of the task via probabilities that determine 

the state transitions and outcomes that would arise from taking particular actions. HMMs use 
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Bayes’ rule to update the prior probability of each state, i.e. subjective belief that selection of 

a stimulus on a particular trial is associated with higher reward contingency.  

A significant advantage of the adopted quantitative approach for this thesis was that 

all tested models had free parameters that were adjusted for each participant to capture the 

subject’s learning and decision making characteristics during the task. Learning rates, for 

instance, directly tested whether ADP differed in the extent to which they used the feedback 

information in updating their reward expectations. “Outcome sensitivity” parameter, on the 

other hand, assessed the effect size of the feedback on the decisions of the participants. The 

reversal and outcome probability parameters measured the rate at which subjects switched 

their belief states, and how often they expected to obtain rewards from correct states (or 

punishments from incorrect states). The model space tested in this dissertation also included 

variants of the SU, DU models, and HMMs with free parameters which were allowed to take 

equal or distinct free parameters depending on whether the outcome of a particular trial was a 

reward or punishment. These variants allowed me to test my hypothesis about the separate 

roles of rewards and punishments on learning and decision making of ADP. 

In this dissertation, I took two approaches for model fitting. The first approach was 

the maximum likelihood estimation (MLE) method, which has been more commonly adopted 

in literature. To keep the estimated model parameters within acceptable ranges, I defined hard 

constraints on the parameter space. For some subjects, MLE estimates of model parameters 

were found to be very close to the boundary values of the hard constraints defined on the 

parameter space. These results caused a concern since the placement of the constraint seemed 

to have an impact on the values of parameter estimates. Furthermore, for some subjects, the 

optimization algorithm did not converge when the model had more than three free parameters, 

producing undefined values. With these poor model-fits, it was not favorable to use Bayesian 

information criterion (BIC) scores for a reliable model selection as these scores were 

calculated using the MLL estimates. These modeling results, however, provide evidence that 

despite its widespread use, MLL method can yield inadmissible parameter estimates in the 

modeling analysis of behavioral data (Daw, 2011). 

The second approach I adopted for model fitting was the Bayesian hierarchical 

modeling with Markov Chain Monte Carlo (MCMC) samples, which regularized the 

parameters with a soft constraint imposed by the parameters of the other participants in 

subject groups (Daw, 2011). Moreover, the posterior distributions provided more information 

about the nature of the parameters than the point estimates of MLE. Additionally, with the 

convergence diagnostic tools based on the Markov Chain Monte Carlo (MCMC) samples, I 

was able to detect the models using excessive number of parameters that are highly 

correlated. My observation was that the Bayesian hierarchical modeling approach overcame 
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the problems related to numerical stability and parameter boundaries. The MCMC samples 

converged to stable values, yielding reliable approximations of the parameter distributions.  

For selecting the best-fitting model, I calculated the model scores in deviance 

information criterion (DIC), which showed that the DU2 model was the most parsimonious 

model when all subjects were considered. This model applies a DU rule to expected values of 

both choice options. It also tests the hypothesis that rewards and punishments exert distinct 

influences on decisions. One potential concern was that poorly-fitted subjects might have 

confounded the model comparison results. However, when I addressed this concern by 

running the model fitting algorithm without the poorly-fitted subjects, I confirmed the 

superiority of the performance of the DU2 model. The HMM2 also provided a comparable fit 

to the DU2 model. Indeed, when only ADP were considered, it provided a slightly better fit 

than the DU2 model. As a matter of fact, comparison of surrogate learning curves generated 

by these models revealed that both of them were able to predict the behavioral data of both 

groups statistically alike. This is consistent with some past studies which used the DU model 

to fit the reversal learning data without performing any model comparison analysis based on 

the assumption that the DU models provide a good approximation of the HMM for this task 

(Hampton and O’Doherty, 2007; Glaescher et al., 2009). Therefore, the DU2 model was 

considered as the most parsimonious model for the behavioral data and used to generate the 

PEs in subsequent fMRI analyses. This result also supports my hypothesis that participants 

would infer the inherent asymmetry of the task. Nevertheless, to provide insight into the 

future studies, I also report and discuss the results I obtained using the HMM2 in this thesis. 

When I compared the free parameters of the DU2 model between HC and ADP, I 

found that ADP had significantly lower punishment sensitivities. This result was not 

confounded by poor model-fits since a significant difference was also present between the 

well-fitted HC and ADP. This finding is congruent with my hypothesis that decisions of ADP 

would fail to track reward expectancies. It also supports the past reports on reduced loss 

sensitivity and lower decision consistency in drug abuse (Stout et al., 2004; Bishara et al., 

2009; Fridberg et al., 2010; Tanabe et al., 2013; Vassileva et al., 2013; Ahn et al., 2014). A 

computer simulation of behavioral data using the fitted parameters of the DU2 model also 

reproduced the maladaptive behavior of ADP, further verifying the association between 

decreased punishment sensitivity and behavioral alterations. These results suggest that when 

faced with punishment, decisions of ADP were more often replaced by random guesses. 

These hasty and impetuous decisions were possibly reached in the absence of deliberation, 

and they appear to reflect impulsivity, which has frequently been reported in ADP (Bjork et 

al., 2004; Courtney et al., 2012; Izquierdo and Jentsch, 2012).  

After excluding the poorly-fitted subjects, the punishment probability parameter of 

the HMM2 was also found to be significantly decreased in ADP. In other words, ADP had 
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lower expectations of punishments from the states they believed to be incorrect, which 

compliments the behavioral finding that ADP integrated the negative feedback information 

into their actions to a lesser extent than HC. Transition probability parameter of the HMM2 

did not show any difference in ADP, which was in contradiction with a recent study which 

found higher transition parameters in cocaine users during a PRLT using an HMM (Patzelt et 

al., 2014). Heightened transition probability of the HMM in Patzelt et al. (2014) was 

indicative of excessive switching behavior exhibited by the cocaine users and was possibly 

more discernible due to the relatively longer block lengths they used in the PRLT design. 

I also examined the relationship between the estimated model parameters and the 

scores of patients in self-report questionnaires concerning drinking behavior. I separated ADP 

into two groups according to the severity of dependence (as assessed with the Alcohol 

Dependence Scale, ADS) and ran the MCMC model fitting algorithm for the DU2 model. I 

found that the highly severe patients had higher reward sensitivities compared to the less 

severe patients. This result indicates that the highly severe patients almost always selected the 

action with the highest reward expectancy, which is in line with previous reports with 

stimulant addicts and chronic cannabis abusers, who also displayed increased reward 

sensitivity in their decisions (Fridberg et al., 2010; Ahn et al., 2014). An analogous analysis 

using the model parameters of the HMM2 revealed that highly severe ADP stayed on their 

belief states longer than less severe patients. This finding is in parallel with recent reports on 

perseveration in addictive disorders (de Ruiter et al., 2008; Ersche et al., 2011; Woicik et al., 

2011; Allen and Leri, 2014). 

8.4. Reward and Punishment Representations in the Brain 

 

The fMRI analysis contrasting the blood oxygen level dependent (BOLD) activity 

elicited during rewarded trials to punished trials revealed significant effects in the posterior 

cingulate cortex (PCC) and precuneus bilaterally; as well as in the left middle/superior PFC, 

the right putamen, the right caudate nucleus, and the medial orbitofrontal cortex (OFC). An 

additional analysis comparing rewarded stay trials with punished stay trials (win stay > lose 

stay as in O’Doherty et al. 2003), hence eliminating the confounding effects of response 

selection from the valence-related activity, revealed strong medial OFC and ACC responses 

for rewards across all subjects. These results are consistent with previous research showing 

reward-related neural responses in brain regions including the ventromedial PFC (vmPFC) 

and the medial OFC (Breiter et al., 2001; Knutson et al., 2001; O’Doherty et al., 2001; Elliott 

et al., 2003; O’Doherty et al., 2003), the dorsal and ventral striatum, the ACC, the PCC, as 

well as in the DLPFC and the parietal cortex (Platt and Glimcher, 1999; Tanji et al., 2002; 

Watanabe et al., 2002; McCoy et al., 2003). Among these regions, the vmPFC, extending to 
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the ACC and the OFC have been regarded as major sites for encoding expected future 

rewards (Bechara et al., 2000; O’Doherty et al., 2003; Blair et al., 2006; Daw et al., 2006). I 

observed a relatively small region in the medial OFC activated for reward; however this 

should not be interpreted as a contradiction to previous literature because it was not possible 

to acquire data from this region due to susceptibility artifacts caused by sinuses leading to a 

signal dropout. Future studies should tackle this problem with a more sensitive scanning 

method. 

I observed an intense reward-related activity in the PCC, which seems to be a major 

structure in reward evaluation, particularly when a decision is actively made based on the 

reward information. This finding supports a previous study which showed that PCC responds 

to rewards more strongly when subjects are given choice to select stimuli instead of passively 

watching the choices made by the computer (O’Doherty et al., 2003). I also found significant 

PCC activation during stay trials, i.e. trials on which subjects maintained the same response 

on the subsequent trial, replicating the previous fMRI studies reporting this area as being 

more active during response maintenance than response switching (O’Doherty et al., 2003; 

Glaescher et al., 2009).  

Reward-related activity did not differ between groups, which supports my behavioral 

findings showing no difference between HC and ADP either in win-stay behavior or 

estimated reward sensitivities. Relatively little work has addressed the neural mechanisms of 

nonmonetary and non-drug-related reward processing in substance dependence, except two 

prior PET studies, which examined regional cerebral blood responses for nonmonetary 

reinforcement in opiate addicts (Martin-Soelch et al., 2001a) and cigarette smokers (Martin-

Soelch et al., 2001b). My findings seem to contradict these studies showing that the OFC, the 

cingulate gyrus, the midbrain and the striatum were less active to nonmonetary rewards 

compared to a baseline condition. Authors interpreted these results as a decline in the 

motivational value assigned to nonmonetary feedback. The primary reason why I was not able 

to demonstrate such a reduction in the reward-related activity of ADP might be due to the 

differences in the task designs. There was no neutral condition in the current experiment; 

whereas the tasks used in studies mentioned above included baseline conditions with task-

irrelevant symbols. Modality differences might be another reason, as Martin-Soelch et al. 

measured the regional cerebral blood flow; whereas the current analysis was concerned with 

the BOLD activity. 

The bilateral right anterior insula/inferior PFC showed significant BOLD responses to 

punishments versus rewards. These results replicate the previous findings on the role of these 

regions in behavioral control during decisions involving response switching in the face of 

negative feedback (Bush et al., 2002; Cools et al., 2002; O’Doherty et al., 2003; Hampton et 

al., 2006; Glaescher et al., 2009; Ghahremani et al., 2010; Schlagenhauf et al., 2014). I found 
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that these regions did not encode the negative feedback per se. They rather showed increased 

activations when a corrective action was consequent on a negative feedback. Previous 

reversal learning experiments also noted increased activity in the ventrolateral PFC (adjacent 

to the cluster of activity I found in the current analysis) when subjects reversed their 

responses to a newly rewarding stimulus (Cools et al., 2002; Schlagenhauf et al., 2014). 

Additionally, it has been proposed that the activity in the anterior insula/inferior PFC activity 

indicates a decrease in the expected value of the selected action, independent of whether the 

subjects actively made the selection or passively tracked the choices made by a computer 

(O’Doherty et al., 2003).  

The ACC and the supplementary motor area (SMA) were other important regions that 

showed increased responses to punishments across all subjects. In tasks involving conflicts or 

competing responses, the ACC has been associated with error detection and informing other 

brain regions so that they increase cognitive control to minimize mistakes (Carter et al., 1998; 

Kiehl et al., 2000; Carter and Veen, 2007). It has been suggested that activity in this area 

encodes action values (Rushworth et al., 2007; Glaescher et al., 2009) and predicts subsequent 

behavioral adjustments (Hampton and O’Doherty, 2007; Glaescher et al., 2009; Ghahremani 

et al., 2010). For instance, monkeys with lesions in the ACC were able to detect the errors in a 

reward-based decision making task, but were unable to integrate them into their action 

selection (Kennerley et al., 2006). A previous study showed that the dorsal ACC was 

significantly more active when subjects purposefully selected the actions rather than passively 

watched them be chosen by a computer (O’Doherty et al., 2003). Therefore, it is probable that 

the ACC signals an “active” shift in response to a change in reward values, rather than 

detecting a change in reward contingencies (Bush et al., 2002; O’Doherty et al., 2003; Walton 

et al., 2007). In addition to the ACC, the SMA, with its direct connections to primary motor 

cortex, seems to be another crucial brain area for error detection and integration of value 

signals into motor actions in action-based reversal tasks (Carter et al., 1998; Ullsperger and 

Von Cramon, 2003). Therefore, my results replicate the previous research and suggest that the 

bilateral insula, the caudolateral OFC, the ACC and the SMA, with their distinct but 

complementary roles, mediate the adaptation of behavior to the reversals.  

Across all subjects, I discovered a positive correlation between the model-estimated 

punishment sensitivities and punishment-related fMRI activity in the right anterior 

insula/inferior PFC. This result provides a link between the fMRI activity evoked by 

punishments and a free parameter that was adjusted for each participant to capture the level of 

randomness on decisions after having received a punishment. Anterior insula has been 

implicated in the appraisal of emotionally aversive states (Morris et al., 1998; Phillips et al., 

1998). Additionally, in previous neuroimaging studies featuring tasks with reversals,  anterior 

insula and inferior OFC responses seem to signal the decreases in the expected values of 
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selected actions (O’Doherty et al., 2003). These responses also predict consecutive behavioral 

shifts (Cools et al., 2002; O’Doherty et al., 2003; Hampton et al., 2006; Glaescher et al., 

2009; Ghahremani et al., 2010; Schlagenhauf et al., 2014). Thus, the correlation I observed 

between the punishment sensitivity parameter and punishment-related fMRI activity in the 

right insula/inferior PFC suggests that the diminished ability of ADP to integrate punishments 

into decisions is closely related to a brain region that has been associated with signaling 

aversiveness (insula) and a change in reward contingencies (inferior PFC). It is pertinent to 

point out that despite the significant difference found in punishment sensitivities, 

hemodynamic responses to punishments in the right anterior insula/inferior PFC did not differ 

between HC and ADP. One explanation might be that the event-related fMRI analysis was not 

as sensitive as the behavioral modeling in explaining the overall influence of punishments on 

decisions. With this analysis, I was able to compare the relative increase in the BOLD activity 

in response to punishments versus rewards, but I was not able to study the changes in neural 

activity with respect to learning or decision making. This finding, therefore, provides an 

example of the limited ability of event-related fMRI analysis and emphasizes the role of 

model-based fMRI designs in understanding the neural computations underlying learning and 

decision making processes via using some internal variables such as PEs (Glaescher and 

O’Doherty, 2010). 

8.5. Model-based FMRI Analyses 

 

The combination of the RL model and fMRI revealed significantly lower PE-related 

activities in ADP in the bilateral DLPFC, the bilateral dorsal premotor areas (PMs) and the 

right intraparietal sulcus (IPS), indicating that these areas were less responsive to 

unpredictable outcomes. It is probable that the adaptive processes taking place in the fronto-

parietal network were captured by the DU2 model that incorporates task-related information 

into the decisions. Therefore, these results accord with my hypothesis that this network would 

be implicated in maladaptive decision making of ADP in a reward-based learning scenario. 

Unpredictability, which forms the basis for learning (Schultz and Dickinson, 2000), 

has been shown to evoke BOLD responses in the DLPFC of healthy subjects during an 

associative learning task in which causal associations between cues and affectively neutral 

outcomes were acquired (Fletcher et al., 2001). Fletcher et al. also demonstrated that the 

DLPFC activity was able to predict the subsequent adaptation of decisions. It has also been 

shown that unilateral lesions of the lateral PFC cause a weakened tendency for taking the 

corrective actions upon receiving an error (Gehring and Knight, 2000). Similarly, a transient 

disruption of the DLPFC activity with transcranial magnetic stimulation (TMS) seem to 

impair flexible decision making (Smittenaar et al., 2013). Therefore, based on the evidence on 
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DLPFC’s role in cognitive flexibility, I suggest that attenuated PE-related activity in the 

DLPFC of ADP reflects a decline in selection of the corrective action in an environment 

requiring adaptive responses. 

Activations in the DLPFC and the IPS showing correlation with PEs were found to be 

similar to previously reported BOLD activity related to “state prediction errors” (Daw et al., 

2005; Glaescher et al., 2009, 2010). This similarity can be explained by the resemblance of 

the current PEs to state prediction errors, which have been associated with goal-directed 

learning of abstract action-outcome associations and building “model-based,” flexible 

representations of the environment (Tanaka et al., 2006; Landmann et al., 2007b; Glaescher et 

al., 2010). Analogous to the computational models of “model-based learning”, the DU2 

model used in this thesis to compute PEs also incorporates information about the task 

structure related to the anti-correlated reward contingencies on two options. Indeed, I showed 

that the DU2 model, with its “double update rule” based on this task-related information, 

closely approximates the Bayesian model. This approximation has also been suggested by 

recent research using a similar task design (Hampton et al., 2006; Glaescher et al., 2009). 

Hence, assuming that the neural correlates of PEs derived from the DU2 model reflect the 

neural mechanisms underlying adaptive processes that incorporate higher-order task structure, 

the reduced PE-related activity in ADP in these frontoparietal regions suggests a deficit in 

building flexible representations of the environment via abstract action-outcome associations. 

To my knowledge, this is the first fMRI study with substance-dependent patients 

showing reduced PE-related activity in the DLPFC. Although the DLPFC has been regarded 

as an important neural substrate of maladaptive decision making in substance dependence 

(Paulus et al., 2002; Eldreth et al., 2004; Ersche et al., 2005; Monterosso et al., 2007), 

decreased neural tracking of PEs in this brain region has not yet been reported by other 

studies with substance-dependent subjects (Chiu et al., 2008; Park et al., 2010; Tanabe et al., 

2013; Deserno et al., 2014). The primary reason might be that the PEs in this dissertation 

were computed using a model which was selected from a pool of candidate models according 

to its performance in predicting behavioral data. On the contrary, the previous studies cited 

above defined the standard Rescorla–Wagner model a priori, based on their hypotheses 

related to the striatal PE-signaling, which has been shown to be reliably predicted by this 

model (Pagnoni et al., 2002). To confirm this interpretation, I repeated the model-based fMRI 

analysis with the PEs derived from the standard Rescorla–Wagner (denoted as “SU1” in the 

model set). Consistent with these studies mentioned above, I also observed significant PE-

related signals in the VS. However, the group difference I found in the PE-related DLPFC 

activity disappeared. Therefore, I conclude that selecting the learning model based on its 

performance on predicting behavioral data also improved the sensitivity of the subsequent 

model-based fMRI analysis. It is probable that because computational processes underlying 
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the reward-based decision making were better explained by the selected behavioral model, the 

model-based fMRI analysis was able to capture the group differences in the neural correlates 

of these processes. 

Consistent with a previous study with a partially-overlapping subject sample (Park et 

al., 2010), I found intact striatal PE-signaling in ADP. This finding suggests that action 

selection in ADP is inadequately informed by otherwise correctly computed reward-

predicting signals. This result supports a recent study reporting weaker influence of error 

signals on the investment decisions of cigarette smokers, without any observable changes in 

the associated neural responses in the VS (Chiu et al., 2008). Park et al. (2010) associated 

diminished cognitive flexibility in ADP with decreased functional connectivity between the 

VS and the DLPFC. These results extend the findings of Park et al. with further evidence of 

DLPFC’s involvement in maladaptive decisions of ADP. Simultaneous recordings from the 

striatum and the lateral PFC of monkeys during a reversal learning task have shown that while 

both structures encode PEs, only the lateral PFC predicts the forthcoming responses of 

animals (Asaad and Eskandar, 2011). Therefore, it is possible that the DLPFC incorporates 

the reward-related information and potentiates adaptive decisions by transforming the value 

representations into decision variables (Kim and Shadlen, 1999; Gold and Shadlen, 2001; 

Wallis and Miller, 2003; Barraclough et al., 2004; Sugrue et al., 2005; Christakou et al., 

2009). Based on this assumption, I suggest that outcome-predicting signals, which may not be 

effectively transmitted to the DLPFC in alcohol dependence (Park et al., 2010), may limit 

DLPFC’s ability to incorporate reward-related information into flexible decisions. 

One of the objectives of this thesis was to examine whether the valence of the PE had 

distinct interactions with the impaired cognitive flexibility in ADP. I found a hemispheric 

asymmetry in the DLPFC, when I analyzed the positive PE ([+]PE) and negative PE ([-]PE) 

signals in the model-based fMRI analysis separately. The right DLPFC activity showed 

decreased neural tracking of [+]PE; whereas a reduced tracking of [-]PE was present in the 

left DLPFC. Recently, asymmetry in DLPFC has been associated with action motivation 

(approach and avoidance) irrespective of outcome valence (Berkman and Lieberman, 2009). 

Moreover, the stimulated hemisphere (left or right) during a continuous theta-burst 

stimulation of the DLPFC seems to determine whether the stimulation induces an 

enhancement in approach or avoidance learning (Ott et al., 2011). This suggests that by 

dissociating [+]PE and [-]PE, I was able to detect specific contributions of the left and the 

right DLPFCs to the changes occurring in alcohol dependence for approach and avoidance 

behavior. 

According to the RL theory, [+]PE promotes approach and [-]PE facilitates extinction 

of a learned response (Schultz, 1998). Therefore, decreased [+]PE-related activity in the right 

DLPFC may reflect an impairment in ADP in initiating responses to formerly punished 
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stimuli; whereas attenuated [-]PE-related activity in the left DLPFC may contribute to a 

deficit in extinction of responses that are no longer paired with rewards. The latter is in line 

with my hypothesis that the impaired PE-related activity in ADP would be particularly 

evident for [-]PEs. It also supports the previous research into the left DLPFC showing 

diminished activity in ADP during stop signal (Li et al., 2009) and Stroop tasks (Dao-

Castellana et al., 1998), which also involve extinction of “old” and reconfiguration of “new” 

stimulus-response mappings. It is important to note that the ranges of the [-]PEs used in this 

thesis were determined by the estimated punishment sensitivity parameters of the behavioral 

learning model. So, the [-]PE-related activity in ADP, together with lower sensitivity to 

punishments, suggests a neural substrate in the left DLPFC for reduced effect of punishments 

on decisions, which impedes the behavioral adaptation to the changes in the reinforcement 

contingencies. This interpretation gains support from two TMS studies which showed that the 

left, but not the right DLPFC impairs model-based learning and set-shifting in healthy 

participants (Ko et al., 2008; Smittenaar et al., 2013). Additionally, I found that the decrease 

in the [-]PE-related left DLPFC activity was more prominent in the highly severe ADP, who 

also had higher reward sensitivities. The increased sensitivity to rewards can cause an 

additional complication for highly severe ADP in inhibiting responding to formerly rewarded 

stimuli, as this may further delay the extinction of a learned response. Hence, these findings 

may help us to understand why substance-dependent individuals, especially the highly severe 

patients find it hard to overwrite previously rewarded, but currently punishing drug-related 

responses with non-drug-related ones. 

Due to the brief time course between the action selection and the presentation of 

feedback which appeared immediately after responses, it was not possible to disentangle the 

neural processes involved in choice behavior from those involved in feedback evaluation in 

this model-based fMRI analysis. However, this did not impose a limit on the fMRI design 

used in this dissertation, as the primary goal was to test hypotheses related to PE-signaling, 

which is time locked to feedback presentation. For future work, which would examine the 

neural correlations of action representations, a randomly varying time delay (jitter) should be 

introduced between these events. 

It is important to bear in mind that the correlational results in this thesis limit causal 

inferences, although animal studies have extensively shown that cognitive dysfunctions can 

be induced by addictive drugs (Stalnaker et al., 2009; Izquierdo and Jentsch, 2012). 

Therefore, I suggest longitudinal analyses to determine whether the PE-related impairments in 

the DLPFC reflect changes in cognitive flexibility due to alcohol dependence, or they result 

from preexisting vulnerabilities. A follow-up study tracking ADP during the cessation period 

would also help to relate these findings to future risk of relapse. 
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8.6. Psychophysiological Interactions (PPI) Connectivity Analysis 

 

By combining the RL modeling with a PPI analysis, I investigated the disrupted 

functional connectivity in ADP between the DLPFC and the rest of the brain as a function of 

PE. In comparison to HC, the bilateral DLPFCs in ADP displayed diminished PE-moderated 

connectivity with a cluster in the vmPFC (Brodmann area 10) extending into the medial OFC 

(BA 11). This result indicates a decreased PE-dependent coupling between these two cortical 

structures and supports my hypothesis that ADP would display alterations in the cortical 

connectivity, particularly between the DLPFC and the value-processing brain regions. Given 

the role of PE’s role in providing a global teaching signal for various parts of the brain, this 

finding provides evidence that the DLPFC may not act in concert with the medial PFC for 

updating the goal representations based on PE. Cooperation between these two anatomically 

interconnected cortical regions has been suggested to contribute to adaptive behavioral 

control (Ridderinkhof et al., 2004; Kehagia et al., 2010). For a flexible behavior, responses 

should match with current goals and the context attributes of the environment (Badre and 

Wagner, 2004). Given the role of the lateral PFC in integrating motivational and cognitive 

information (Sakagami and Watanabe, 2007), and medial PFC’s role in encoding goal values, 

the reduced connectivity observed in ADP between these medial PFC regions and the DLPFC 

suggests an interruption in the coupling of goals and observed behavior. This complements 

and extends human imaging studies demonstrating simultaneous activations in the vmPFC 

and the DLPFC for flexible decision making (Rogers et al., 2000; Nagahama et al., 2001; 

O’Doherty et al., 2001; Kringelbach and Rolls, 2003; O’Doherty et al., 2003; Mitchell et al., 

2008). Moreover, these regions seem to have concurrent functional abnormalities in 

marijuana and cocaine addicts during an Iowa gambling task, which also requires cognitive 

flexibility (Bolla et al., 2003, 2005). Therefore, given the fact that an intact communication 

between these regions is a pre-requirement for optimal decision making (Schultz, 2000; 

Baumgartner et al., 2011), these results suggest that disrupted connectivity between the 

vmPFC and the DLPFC contributes to the maladaptive decision making of ADP. 

It is possible that communication between the major elements of decision making 

circuitry might be moderated by a global PE signal (Schultz, 2015), as it provides a 

continuous assessment of performance by evaluating the accuracy of predictions. Concordant 

with this hypothesis, outcome- and PE-related signals have been detected both in the vmPFC 

and the DLPFC (Watanabe, 1996; Kobayashi et al., 2002; Wallis and Miller, 2003; Kobayashi 

et al., 2006; Sakagami and Watanabe, 2007; Plassmann et al., 2010; Abe and Lee, 2011; 

Asaad and Eskandar, 2011). Distinct functions of these sub-regions of PFC in the context of 

behavioral adaptation, however, remain unclear. Nevertheless, it has been now well accepted 

that the vmPFC, together with the OFC encode expected reward values (Tanaka et al., 2004; 
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Glaescher et al., 2009; Schoenbaum et al., 2009; Wunderlich et al., 2010). Lesion studies 

showed that due to its role in encoding and evaluating outcome expectancies, this region is 

critical for the PRLT (Hornak et al., 2004; Rygula et al., 2010; Tsuchida et al., 2010; 

Rudebeck et al., 2013). Therefore, its dysfunction has often been associated with rigid, 

compulsive aspects of addictive behavior (Schoenbaum et al., 2006; Schoenbaum and 

Shaham, 2008; Lucantonio et al., 2012). Different from the vmPFC and the OFC, the DLPFC 

has been implicated in integrating the reward-related information into response selection by 

transforming the value representations into decision variables (Kim and Shadlen, 1999; Gold 

and Shadlen, 2001; Wallis and Miller, 2003; Barraclough et al., 2004; Sugrue et al., 2005; 

Christakou et al., 2009). Recordings from the lateral PFC support this hypothesis by 

demonstrating that, in addition to encoding PEs, the lateral PFC is also able to predict the 

forthcoming response (Asaad and Eskandar, 2011). 

Although the PPI analysis in this thesis does not contain information about the 

directionality of the connectivity, burgeoning evidence suggests a flow from the vmPFC/OFC 

to the DLPFC. Wallis and Miller (2003) recorded simultaneously from the OFC and the 

DLPFC during a task in which monkeys had to choose between pictures associated with 

different amounts of reward (Wallis and Miller, 2003). While neurons in the OFC encoded 

the reward amount per se, neurons in the DLPFC were found to encode both the reward 

amount and the forthcoming response. This finding implies directionality in the flow of 

reward-related information, which possibly enters into the DLPFC via the OFC to be utilized 

in cognitive control. The results of Matsumoto et al. (2003) confirm those of Wallis and 

Miller (2003) showing that reward-related encoding in the medial PFC precedes the activation 

in the lateral PFC during a GO/NO-GO task with reversals (Matsumoto et al., 2003). Based 

on these findings, I suggest that the observed asynchronicity between the DLPFC and the 

vmPFC in the tracking of PE signals may be related to a deficiency in this reward-related 

information flow from the vmPFC to the DLPFC. The disrupted flow may lead to an inability 

in ADP to make a proper comparison between two options with different reward associations, 

probably resulting in a premature decision that is divergent from correct reward information. 

Therefore, together with decreased PE-related DLPFC activation, disrupted vmPFC-DLPFC 

connectivity can provide further insight into the neural mechanisms underlying the 

maladaptive decisions of ADP, which fail to track the reward expectancies and were more 

often replaced by random guesses particularly after they receive punishing feedback. 

I also found that ADP had decreased PE-moderated DLPFC connectivity in the 

frontopolar PFC (BA 10), which has been associated with the processing of counterfactual 

outcomes (Boorman et al., 2009, 2011). The PE signal used in the current connectivity 

analysis made use of both actual and fictive outcomes via a modified Rescorla-Wagner 

model. Hence, it is possible that the decreased connectivity between the frontopolar PFC and 
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the DLPFC points to a deficit in ADP in fictive learning, which may lead to decisions that are 

less informed by fictive outcomes. This result also compliments the finding on the abnormal 

vmPFC-DLPFC connectivity and suggests that decisions of ADP are not only less coupled to 

actual, but also to fictive reward expectancies. However, it is important to point out that due 

to the anti-correlated reward contingencies in this task, the neural activities associated with 

the actual and fictive outcomes could not be analyzed separately (correlated matrices in the 

design matrix). Therefore, I recommend the use of a counterfactual learning task with 

decorrelated reinforcement contingencies (Li and Daw, 2011) as a future study.  

I detected impaired PE-moderated functional coupling between the right caudate 

nucleus (CN) and the left DLPFC in ADP. The impaired interplay between the CN and the 

DLPFC may reflect a disrupted reward-related information flow between the CN and the 

DLPFC (Pasupathy and Miller, 2005), both of which seem to encode PE in reversal learning 

(Asaad and Eskandar, 2011), The source of the information is likely to be the right caudate 

because simultaneous recordings from the DLPFC and the CN of monkeys during a reversal 

learning task showed that the neural activity in the DLPFC lags behind the neural activity in 

the CN (Pasupathy and Miller, 2005). However, it is important to bear in mind that the PPI 

connectivity analysis used in this thesis does not inform about the directionality of the 

connectivity; it only shows the strength and direction (positive or negative) of the correlation 

between two regions in proportion to the moderator variable. Therefore, further work is 

required to test this hypothesis of disrupted reward-related information flow from the CN to 

the DLPFC, and make inferences about the directionality of causal connections.  

The disrupted DLPFC-CN connectivity result seems to be congruent with a previous 

report showing abnormal functional connectivity between the VS and the DLPFC in a 

subgroup of the current sample (Park et al., 2010). However, there are some differences 

between this thesis and Park et al. in brain regions showing disrupted connectivity. First, the 

striatal cluster defined as the seed ROI in the PPI analysis of Park et al. is more ventral than 

the cluster I found in the CN. Second, the DLPFC cluster reported in Park et al. is in the right 

hemisphere and more inferolateral than the DLPFC ROI used in this thesis. I believe that 

these variations might be explained by differences between two studies in the implementation 

of PPI connectivity analysis. The major difference is that Park et al. did not use PE signals in 

their PPI connectivity analysis. Instead, the authors compared the striatal connectivity 

changes due to outcome valence with the assumption that enhanced striatal connectivity in the 

DLPFC during rewarded trials reinforces the associated action; whereas reduced connectivity 

on punished trials ceases the selection of the action associated with a punishment. However, 

the connectivity analysis reported in this dissertation seeks to find the differences between HC 

and ADP in brain regions whose functional connectivity with the DLPFC changes in 

proportion to PE signals (Friston et al., 1997). In fact, the current PPI design, which involves 



170 

 

the PPI interaction terms of reward and punishment, eliminates these valence-related effects, 

which were particularly sought in Park et al. Instead, my findings indicate that the CN and the 

DLPFC were less “in synch” during learning, assuming that PE, but not valence per se, drives 

reinforcement learning. Third, the analysis in Park et al. adopted a correlational type of 

connectivity analysis, which makes no assumptions about the neural activity contributing to 

the BOLD signal (Kahnt et al., 2009). On the other hand, the connectivity analysis reported in 

this dissertation uses a PPI design as defined in SPM8, which assumes that the PPI takes place 

at the neuronal activity level (Friston et al., 1997; Gitelman et al., 2003). Despite these 

differences, I suggest that these findings should be considered as complementary, since both 

disrupted valence-moderated ventral striatal-right DLPFC and PE-moderated dorsal striatal-

left DLPFC connectivity may contribute to impaired decision making in alcohol dependence. 

Another brain region which showed decreased PE-moderated coupling with the 

bilateral DLPFCs in ADP was the rostral ACC (BA 32). This result indicates a disrupted link 

between the two major components of the cognitive control circuit, the ACC, and the DLPFC, 

which have been associated with conflict monitoring and conflict resolution, respectively 

(Badre and Wagner, 2004). According to the cognitive control theory, the rostral ACC is 

involved in monitoring behavior, and signaling DLPFC to deploy the attentional resources to 

implement executive control whenever an incongruent but prepotent response results in a 

conflict (Bunge et al., 2001; Badre and Wagner, 2004; Ridderinkhof et al., 2004). In line with 

this hypothesis, the coactivation of the DLPFC and ACC has been reported in tasks involving 

two competing responses (Bunge et al., 2002; Badre and Wagner, 2004). In the current 

experiment, it is, therefore likely that the reduced DLPFC-ACC connectivity reflects an 

impairment in these cognitive control mechanisms, which seems to be essential for inhibiting 

the pre-programmed responses after reversals, as these responses are no longer appropriate 

(Jonides et al., 1998). To my knowledge, no study has been published showing abnormal 

ACC-DLPFC connectivity in substance-dependent individuals. Nevertheless, the results of 

this thesis seem to support a previous study with abstinent marijuana abusers reporting 

abnormal activations during a conflict resolution task both in the ACC and the DLPFC 

(Eldreth et al., 2004). 

 An interesting finding of this dissertation was the increased connectivity in ADP 

between the DLPFC and the right posterior HPC extending to the right parahippocampal 

cortex (PHC), suggesting a possible compensatory mechanism used by the ADP in reward-

based decision making. The HPC seems to be one of the brain regions that increases its 

response in substance dependence during decision making and working memory tasks 

(Volkow et al., 1996; Block et al., 2000; Pfefferbaum et al., 2001; Eldreth et al., 2004; 

Vollstädt-Klein et al., 2010; Chanraud et al., 2011). This result is also in line with another 

study with ADP showing enhanced functional connectivity in the brain during a spatial 
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working memory task (Chanraud et al., 2011). Bearing in mind that this functional 

reorganization of the brain may also be a preexisting condition in alcohol dependence, the 

increased DLPFC-HPC/PHC connectivity indicates that ADP might have utilized different, 

rather unusual brain regions to achieve a near-normal performance in the current experiment. 

The increased connectivity might be either due to the implementation of different strategies or 

engaging nearby brain regions to compensate for deficits (Pfefferbaum et al., 2001). For 

instance, to make up for the deficits in cognitive flexibility, it is possible that ADP engaged 

these memory-related brain regions to remember the actions which were useful before in a 

similar situation. This interpretation is in line with a previous suggestion that memory traces 

of stimulus-driven actions can replace voluntary actions, especially when decision making is 

challenged by uncertainty or ambiguity. In these cases, individuals tend to repeat the actions 

in the past; even those actions may not be suitable for the new situation (Haggard, 2008).  

These results should be interpreted with caution because of the problems inherent in 

the PPI analysis (O’Reilly et al., 2012). The first issue one must be aware of is that PPI relies 

on deconvolution of the HRF since the interaction is assumed to take place at a neural level. 

However, it is not possible to know whether the deconvolution of HRF is correct since the 

shape of the HRF is not known exactly. This particularly poses a problem for the event-

related design used in this thesis. Another inherent problem in the PPI analysis, which also 

has particular importance for the PPI analysis in this dissertation, is the lack of power due to 

correlated PPI regressors. Finally, it is important to note that the results of the PPI analysis do 

not infer the directionality of the connectivity; hence they must be interpreted as a task-

specific increase in the communication of brain regions with the seed region. Further research 

is required to ascertain the direction of this connectivity. 

As a final note, this dissertation did not focus on the neuropharmacological changes 

associated with the impaired behavioral adaptation in ADP. However, neurotransmitters such 

as dopamine (Houk and Wise, 1995; Montague et al., 1996; Schultz et al., 1997), serotonin 

(Chamberlain et al., 2006; Cools et al., 2008), acetylcholine (Yu and Dayan, 2002), 

norepinephrine (Yu and Dayan, 2003); and more recently GABA (Brown et al., 2012) have 

been implicated in behavioral control and decision making. Moreover, alterations in these 

neurotransmitters have been reported in alcohol dependence (Engel et al., 1992; Heinz et al., 

1998; Grace, 2000; Heinz et al., 2004; Heinz, 2005; Volkow et al., 2007; Deserno et al., 

2014). Among these neurotransmitters, norepinephrine (noradrenaline) has been regarded as a 

regulator of the tendency to explore (Usher et al., 1999; Doya, 2002; Daw et al., 2006). As a 

matter of fact, the balance between exploration and exploitation was captured in the 

computational behavioral modeling part of this thesis as reward and punishment sensitivities, 

which showed abnormalities in ADP. Since dysregulation of noradrenergic function has been 

reported in recently detoxified cocaine and alcohol abusers (McDougle et al., 1994; Krystal et 
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al., 1996), a detailed examination of the interaction between noradrenergic dysregulation in 

ADP and the differences in reward and punishment sensitivities will be worthwhile for future 

research. 

8.7. Future Outlook 

 

Adaptive behavior needed for adequate performance in the PRLT consists of two 

distinct cognitive subprocesses, extinction of approach behavior and overcoming of learned 

avoidance behavior (Greening et al., 2011), which have previously been separated on a 

neuropharmacological level (Clarke et al., 2007). This dissertation, using a probabilistic 

reward-based decision making task with reversals, has provided insight into the 

computational and neural processes underlying the impaired behavioral adaptation observed 

in substance dependence. It was not possible, however, to parse the neural substrates of these 

subprocesses with the current experiment design. In future investigations, it might be feasible 

to use an object discrimination task as in Greening et al. (2011), which may further delineate 

the specific contributions of these subprocesses to maladaptive decision making in substance 

dependence.  

Choices in the real world rarely have a single feature, and optimal decision making 

needs to take all these features (such as magnitude, cost, probability, risk, etc.) into account. 

Integrating these multiple pieces of information in decision making has a particular 

importance for substance use disorder, as in real life dependent individuals usually face with 

decisions that involve multiple, often contradicting factors. It has been shown that the DLPFC 

is selectively impaired when multiple dimensions of choice options are varied concurrently 

(Simmons et al., 2010). A further study with more focus on this phenomenon is therefore 

suggested to define a more accurate role for the DLPFC in the course of action selection in 

substance dependence.  

This dissertation, using a task with abstract stimuli, showed diminished association 

between the DLPFC and the learning signals. Learning signals were also found to mediate the 

DLPFC connectivity less effectively in ADP. While these findings contribute to the 

knowledge of neural mechanisms underlying reward-based learning of non-drug-related 

stimuli, it is important that future research examines these differences in response to drug-

related stimuli.  

Only male participants were recruited to avoid gender’s confounding effects. Future 

studies with female subjects are of interest, as differences between gender groups in addictive 

behavior have been noted in several studies (Kosten et al., 1985; Brady and Randall, 1999; 

Nolen-Hoeksema, 2004). Moreover, since gender may play a role in the functional asymmetry 
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of the PFC (Tranel, 2005), it is important that future studies replicate the asymmetry in the 

DLPFC, as reported in the current study with male participants. 

Another fruitful topic for future investigations would be the interaction between other 

cognitive functions such as working memory, or planning, and the impaired behavioral 

adaptation reported in the current study. In addition to self-reported measures, future studies 

could combine the current experiment with other tasks assessing these cognitive functions, 

e.g. n-back task, Tower of London. Furthermore, to improve the understanding of the effects 

of attention and motivation on impaired behavioral adaptation, future researchers would 

consider measuring skin conductance, which has been regarded as one index of attention and 

emotional arousal.  

The experimental design in this dissertation had multiple serial reversals. It seems 

probable that serial reversals encouraged subjects to formulate an arbitrary rule of the task, 

although the experimenter instructed them that there was no such a rule. In that case, subjects 

may have engaged processes related to rule learning and planning. It is, therefore, important 

that future research using reversal task with a single reversal replicate the current findings. 

8.8. Conclusions 

 

Alcohol use disorder is characterized by compulsive and uncontrolled consumption of 

alcohol despite its negative effects. It is known from previous studies that alcohol-dependent 

individuals have difficulties in integrating reinforcements to guide future behavior. In this 

thesis, the primary objective was to combine RL models with functional brain imaging 

methods to highlight the differences between alcohol-dependent and control subjects in 

computational and neurological correlations of flexible behavior. I hypothesized that 

cognitive inflexibility in alcohol dependence would be related to insensitivity to punishments. 

Furthermore, I hypothesized that ADP would show changes in the neural correlates of 

computational processes underlying learning and adapting to changes in reward 

contingencies. I also hypothesized that compared to HC, the connectivity between the DLPFC 

and value-encoding brain areas, particularly the medial PFC and the striatum would be 

decreased in ADP as a function of PE. Additionally, I hypothesized that ADP would instead 

have enhanced connectivity between the DLPFC and posterior brain regions to compensate 

for this disrupted connectivity. 

Computational modeling of behavior showed decreased effect of punishment on 

reinforcement-related decision making in ADP, who did not abuse any other addictive drug 

than alcohol and nicotine, and did not have any other comorbid psychiatric condition. 

Moreover, the combination of the behavioral model and fMRI revealed decreased functional 

activation in the DLPFC related to PE signals mediating behavioral adaptation. Finally, I 
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found decreased functional connectivity in ADP between the DLPFC and anterior PFC 

regions associated with flexible encoding of real (vmPFC) and fictive outcome expectancies 

(frontopolar PFC). This decrease was accompanied by an enhanced PE-moderated 

connectivity in ADP between the DLPFC and the HPC/PHC. 

In conclusion, the results of this thesis provide evidence that the DLPFC plays a role 

in maladaptive behavior in alcohol use disorder by interacting with many other brain regions 

that are essential for flexible behavior. Therefore, these findings may contribute to the 

elucidation of fundamental behavioral mechanisms and their neural correlates involved in 

impaired decision making in substance dependence. Furthermore, connectivity alterations 

between the DLPFC and other brain regions critical for successful adaptation might shed light 

on the effects of information flow interruptions on diminished behavioral control in 

substance-dependent individuals. Decision making impairments in substance dependence 

seem to continue for extended periods, sometimes for lifetime, with possible influences on the 

success of the therapies designed to maintain the abstinence. The findings in this thesis may 

have implications for developing therapies that could ameliorate the impairments of cognitive 

flexibility and therefore improve recovery rates. 
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Appendix A  

Individual Learning Curves 

 

Figure A.1 Learning curves of subjects HC1 – HC12. 
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Figure A.2 Learning curves of the subjects HC13 – HC24. 
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Figure A.3 Learning curves of the subjects HC25 – ADP10. 
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Figure A.4 Learning curves of the subjects ADP11 – ADP22. 
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Figure A.5 Learning curves of the subjects ADP23 – ADP34. 
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MCMC Model Diagnostics 

 

 

Figure A.6 SU1 model convergence diagnostics. Running mean of three Markov chains for the mu and kappa 

parameters of learning rate (α) and outcome sensitivity (ρ) of subject groups, HC and ADP. It should be noticed 

that it takes a few hundred trials for the chains to migrate to their stable regions, which is the reason for burn-in 

samples. 

 

Figure A.7 Autocorrelation plots for the mu and kappa parameters of SU1 parameter distributions for learning rate 

(α) and outcome sensitivity (ρ). 
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Figure A.8 SU2 model convergence diagnostics. Running mean of three Markov chains for the mu and kappa 

parameters of learning rate (α), reward sensitivity (ρ_R) and punishment sensitivity (ρ_P) of subject groups, HC 

and ADP. 

 

Figure A.9 Autocorrelation plots for the mu and kappa parameters of SU2 parameter distributions for learning rate 

(α), reward sensitivity (ρ_R) and punishment sensitivity (ρ_P). 
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Figure A.10 SU3 model convergence diagnostics. Running mean of three Markov chains for the mu and kappa 

parameters of reward learning rate (α_R), punishment learning rate (α_P) and outcome sensitivity (ρ) of subject 

groups, HC and ADP. 

 

Figure A.11 Autocorrelation plots for the mu and kappa parameters of SU3 parameter distributions for reward 

learning rate (α_R), punishment learning rate (α_P) and outcome sensitivity (ρ). 
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Figure A.12 SU4 model convergence diagnostics. Running mean of three Markov chains for the A. mu and, B. 

kappa parameters of reward learning rate (α_R), punishment learning rate (α_P), reward sensitivity (ρ_R) and 

punishment sensitivity (ρ_P) of subject groups, HC and ADP. 
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Figure A.13 Autocorrelation plots for the mu and kappa parameters of SU4 parameter distributions for reward 

learning rate (α_R), punishment learning rate (α_P), reward sensitivity (ρ_R) and punishment sensitivity (ρ_P). 
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Figure A.14 SU5 model convergence diagnostics. Running mean of three Markov chains for the mu and kappa 

parameters of learning rate (α), sensitivity (ρ) and decay rate (φ) of subject groups, HC and ADP. 

 

Figure A.15 Autocorrelation plots for the mu and kappa parameters of SU5 parameter distributions for learning 

rate (α), sensitivity (ρ) and decay rate (φ). 
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Figure A.16 SU6 model convergence diagnostics. Running mean of three Markov chains for the A. mu and, B. 

kappa parameters of learning rate (α), reward sensitivity (ρ_R), punishment sensitivity (ρ_P) and decay rate (φ) of 

subject groups, HC and ADP. 
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Figure A.17 Autocorrelation plots for the mu and kappa parameters of SU6 parameter distributions for learning 

rate (α), reward sensitivity (ρ_R), punishment sensitivity (ρ_P) and decay rate (φ). 
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Figure A.18 DU1 model convergence diagnostics. Running mean of three Markov chains for the mu and kappa 

parameters of learning rate (α) and outcome sensitivity (ρ) of subject groups, HC and ADP. 

 

 

Figure A.19 Autocorrelation plots for the mu and kappa parameters of DU1 parameter distributions. 
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Figure A.20 DU2 model convergence diagnostics. Running mean of three Markov chains for the mu and kappa 

parameters of learning rate (α), reward sensitivity (ρ_R) and punishment sensitivity (ρ_P) of subject groups, HC 

and ADP. 

 

Figure A.21 Autocorrelation plots for the mu and kappa parameters of DU2 parameter distributions for learning 

rate (α), reward sensitivity (ρ_R) and punishment sensitivity (ρ_P). 
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Figure A.22 DU3 model convergence diagnostics. Running mean of three Markov chains for the mu and kappa 

parameters of reward learning rate (α_R), punishment learning rate (α_P) and outcome sensitivity (ρ) of subject 

groups, HC and ADP. 

 

Figure A.23 Autocorrelation plots for the mu and kappa parameters of DU3 parameter distributions for reward 

learning rate (α_R), punishment learning rate (α_P) and outcome sensitivity (ρ). 
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Figure A.24 Group parameter distributions of the DU4 model. The mean and 95% high density interval values are 

indicated for each mu and kappa parameters of the group distributions of the reward and punishment learning rates 

(α_R and α_P), as well as the reward and punishment sensitivities (ρ_R and ρ_P). ADP distributions are shown 

with pink shade. 
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Figure A.25 Autocorrelation plots for the mu and kappa parameters of DU4 parameter distributions for reward 

learning rate (α_R), punishment learning rate (α_P), reward sensitivity (ρ_R) and punishment sensitivity (ρ_P). 
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Figure A.26 DU5 model convergence diagnostics. Running mean of three Markov chains for the mu and kappa 

parameters of learning rate (α), outcome sensitivity (ρ), and fictive weight (i) of subject groups, HC and ADP. 

 

 

Figure A.27 Autocorrelation plots for the mu and kappa parameters of DU5 parameter distributions for learning 

rate (α), outcome sensitivity (ρ), and fictive weight (i).  
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Figure A.28 Reduced DU5 model convergence diagnostics. Running mean of three Markov chains for the mu and 

kappa parameters of learning rate (α) and outcome sensitivity (ρ) parameters of subject groups, HC and ADP. 

 

 

Figure A.29 Autocorrelation plots for the mu and kappa parameters of the reduced DU5 model’s parameter 

distributions for learning rate (α) and outcome sensitivity (ρ). 
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Figure A.30 Autocorrelation plots for the mu and kappa parameters of DU6 parameter distributions for learning 

rate (α), reward sensitivity (ρ_R), punishment sensitivity (ρ_P) and fictive weight (i).  
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Figure A.31 DU6 model convergence diagnostics. Running mean of three Markov chains for the mu and kappa 

parameters of learning rate (α), reward sensitivity (ρ_R), punishment sensitivity (ρ_P) and fictive weight parameter 

(i) of subject groups, HC and ADP of DU6 parameter distributions. 
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Figure A.32 Reduced DU6 model convergence diagnostics. Running mean of three Markov chains for the mu and 

kappa parameters of learning rate (α), reward sensitivity (ρ_R) and punishment sensitivity (ρ_P) parameters of 

subject groups, HC and ADP.  

 

 

Figure A.33 Autocorrelation plots for the mu and kappa parameters of reduced DU6 model’s parameter 

distributions for learning rate (α), reward sensitivity (ρ_R) and punishment sensitivity (ρ_P). 
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Figure A.34 HMM1 model convergence diagnostics. Running mean of three Markov chains for the mu and kappa 

parameters of transition probability (τ), outcome probability (ο) and inverse temperature (β) parameters of subject 

groups, HC and ADP. 

 

Figure A.35 Autocorrelation plots for the mu and kappa parameters of HMM1 parameter distributions for 

transition probability (τ), outcome probability (ο) and inverse temperature (β). 
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Figure A.36 Convergence diagnostics of the reduced HMM1. A. Running mean of three Markov chains for the mu 

and kappa parameters of transition probability (τ) and outcome probability (ο) parameters of subject groups, HC 

and ADP. B. Autocorrelation plots for the mu and kappa parameters of the reduced HMM1’s parameter 

distributions. 
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Figure A.37 Autocorrelation plots for the mu and kappa parameters of HMM2 parameter distributions for 

transition probability (τ), reward probability (ο_R), punishment probability (ο_P) and inverse temperature (β). 
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Figure A.38 HMM2 model convergence diagnostics. Running mean of three Markov chains for the mu and kappa 

parameters of transition probability (τ), reward probability (ο_R), punishment probability (ο_P) and inverse 

temperature (β) parameters of subject groups, HC and ADP. 
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Figure A.39 Convergence diagnostics of the reduced HMM2. Running mean of three Markov chains for the mu 

and kappa parameters of transition probability (τ), reward probability (ο_R) and punishment probability (ο_R) 

parameters of subject groups, HC and ADP. 

 

Figure A.40 Autocorrelation plots for the mu and kappa parameters of the reduced HMM2’s parameter 

distributions for transition probability (τ), reward probability (ο_R) and punishment probability (ο_R) parameters 

of subject groups, HC and ADP. 
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Figure A.41 BIC scores of the candidate learning models. BIC scores are summed up across well-fitted subjects, 

also across well-fitted HC and ADP, separately. The best-fitting model, DU2, has the minimum BIC score.   
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Figure A.42 BIC scores of the candidate learning models. BIC scores are summed up across poorly-fitted subjects, 

also across poorly-fitted HC and ADP, separately. The best-fitting model, DU2, has the minimum BIC score.   
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Figure A.43 DIC scores of the candidate learning models for all well-fitted subjects (above) and well-fitted HC 

and ADP, separately (below). The total DIC scores are written next to the bars.  
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Appendix B 

Individual Parameter Estimates 

Table B.1 Maximum likelihood estimates of SU1 parameters. Point estimates (P.E.) are shown with standard errors 

around them. Gray shade is used for ADP. α: learning rate, ρ: sensitivity.  

  logit(α) α log(ρ)  ρ 

Subject P.E. SE   P.E. SE   

1 1.31 0.07 0.79 1.03 0.47 2.80 

2 3.38 0.11 0.97 0.05 0.20 1.05 

3 -0.23 0.07 0.44 0.80 0.40 2.22 

4 0.93 0.11 0.72 0.86 0.47 2.35 

5 1.39 0.10 0.80 0.52 0.29 1.68 

6 -0.44 0.06 0.39 1.26 0.71 3.52 

7 6.90 0.12 1.00 -0.03 0.18 0.97 

8 -1.36 0.08 0.20 0.57 0.56 1.76 

9 0.55 0.11 0.64 0.92 0.52 2.50 

10 -0.02 0.16 0.50 0.30 0.37 1.35 

11 -0.82 0.06 0.31 1.42 0.94 4.15 

12 6.90 0.22 1.00 -0.45 0.17 0.64 

13 -1.27 0.09 0.22 0.14 0.38 1.15 

14 0.56 0.17 0.64 -0.11 0.20 0.89 

15 0.50 0.14 0.62 0.63 0.44 1.88 

16 -0.28 0.12 0.43 -0.30 0.21 0.74 

17 6.90 0.09 1.00 0.37 0.22 1.45 

18 -0.78 0.05 0.31 1.45 0.75 4.27 

19 2.40 0.08 0.92 0.99 0.50 2.69 

20 -3.84 0.01 0.02 1.59 2.61 4.89 

21 6.90 NaN 1.00 -1.10 0.09 0.33 

22 -0.70 0.05 0.33 1.71 1.17 5.55 

23 -4.67 0.01 0.01 1.49 3.87 4.45 

24 -0.57 0.05 0.36 1.49 0.81 4.45 

25 0.76 0.08 0.68 0.64 0.32 1.90 

26 -0.64 0.07 0.35 1.40 0.89 4.06 

27 6.90 0.12 1.00 -0.38 0.12 0.68 

28 -0.55 0.08 0.36 0.37 0.31 1.45 

29 -6.80 0.00 0.00 2.99 52.86 19.89 

30 6.90 0.13 1.00 -0.16 0.13 0.85 

31 -0.45 0.10 0.39 0.42 0.36 1.52 

32 0.25 0.10 0.56 0.40 0.27 1.49 

33 0.58 0.12 0.64 -0.03 0.19 0.97 

34 -1.08 0.06 0.25 1.31 0.83 3.70 

35 2.09 0.18 0.89 -0.53 0.15 0.59 

36 6.90 0.17 1.00 -0.75 0.12 0.47 

37 -0.51 0.10 0.38 0.42 0.35 1.52 

38 0.65 0.10 0.66 -0.56 0.14 0.57 

39 0.21 0.09 0.55 1.72 1.22 5.58 

40 -1.72 0.03 0.15 1.28 0.70 3.58 

41 -3.44 0.01 0.03 1.86 1.34 6.40 

42 -2.57 0.03 0.07 0.84 0.96 2.33 

43 -0.68 0.11 0.34 -0.14 0.24 0.87 

44 -0.57 0.06 0.36 1.86 1.25 6.44 

45 5.20 0.15 0.99 -0.62 0.13 0.54 

46 6.90 0.16 1.00 -0.28 0.15 0.75 
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47 -1.34 0.03 0.21 1.23 0.58 3.43 

48 2.13 0.12 0.89 0.27 0.21 1.30 

49 -3.30 0.03 0.04 0.11 1.01 1.11 

50 2.07 0.15 0.89 -0.41 0.14 0.66 

51 6.90 0.10 1.00 0.64 0.32 1.89 

52 0.51 0.57 0.62 -1.71 0.15 0.18 

53 -0.80 0.06 0.31 0.98 0.57 2.67 

54 -0.16 0.10 0.46 0.36 0.28 1.43 

55 -1.25 0.06 0.22 1.69 1.37 5.41 

56 -0.26 0.06 0.43 1.35 0.71 3.84 

57 -3.59 0.01 0.03 1.27 1.27 3.55 

58 -2.11 0.01 0.11 2.99 3.60 19.89 

59 3.25 0.09 0.96 0.56 0.28 1.75 

60 6.90 0.23 1.00 -0.45 0.15 0.64 

 

Table B.2 Posterior means and standard deviations (Std) of individual parameter distributions of the SU1 model. 

Gray shade is used for ADP. α: learning rate, ρ: sensitivity. 

 
α ρ 

Subj Mean Std Mean Std 

1 0.777 0.079 2.289 0.346 

2 0.881 0.082 1.171 0.190 

3 0.456 0.075 2.142 0.389 

4 0.682 0.084 3.041 0.553 

5 0.785 0.085 1.879 0.298 

6 0.421 0.053 4.640 0.843 

7 0.885 0.080 1.171 0.182 

8 0.291 0.120 1.677 0.522 

9 0.615 0.101 3.003 0.612 

10 0.560 0.149 1.275 0.316 

11 0.342 0.061 3.724 0.757 

12 0.629 0.199 1.053 0.299 

13 0.255 0.099 1.121 0.352 

14 0.636 0.151 0.922 0.198 

15 0.669 0.119 1.895 0.392 

16 0.446 0.131 0.753 0.220 

17 0.936 0.050 1.597 0.218 

18 0.288 0.048 4.824 0.902 

19 0.886 0.068 2.627 0.440 

20 0.194 0.197 1.541 1.392 

21 0.617 0.332 0.539 0.452 

22 0.270 0.049 5.767 1.150 

23 0.116 0.196 1.986 1.888 

24 0.334 0.043 5.117 0.893 

25 0.672 0.081 1.939 0.320 

26 0.332 0.058 4.269 0.851 

27 0.964 0.045 0.707 0.115 

28 0.431 0.102 1.327 0.295 

29 0.117 0.244 2.171 2.914 
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30 0.979 0.027 0.895 0.125 

31 0.311 0.097 1.831 0.473 

32 0.020 0.005 13.148 2.488 

33 0.677 0.140 0.959 0.203 

34 0.305 0.064 3.333 0.713 

35 0.881 0.123 0.577 0.134 

36 0.942 0.075 0.492 0.109 

37 0.405 0.097 1.713 0.347 

38 0.669 0.124 0.537 0.148 

39 0.555 0.088 5.329 1.135 

40 0.178 0.035 3.875 0.735 

41 0.018 0.006 8.884 2.334 

42 0.068 0.040 4.053 1.917 

43 0.372 0.127 0.897 0.260 

44 0.351 0.060 6.661 1.316 

45 0.921 0.090 0.585 0.118 

46 0.935 0.074 0.798 0.126 

47 0.226 0.038 3.293 0.555 

48 0.881 0.101 1.404 0.227 

49 0.119 0.238 1.586 2.114 

50 0.890 0.106 0.647 0.126 

51 0.975 0.030 1.991 0.326 

52 0.359 0.372 1.333 2.445 

53 0.331 0.064 2.594 0.521 

54 0.489 0.101 1.482 0.291 

55 0.129 0.061 8.772 2.741 

56 0.408 0.053 4.330 0.749 

57 0.022 0.010 6.205 2.325 

58 0.162 0.022 13.841 2.246 

59 0.941 0.056 1.983 0.313 

60 0.947 0.070 0.678 0.120 

 

Table B.3 Maximum likelihood estimates of SU2 parameters. Point estimates (P.E.) are shown with standard errors 

around them. Gray shade is used for ADP. α: learning rate, ρR: reward sensitivity, ρP: punishment sensitivity.  

  logit(α) α log(ρR) ρR log(ρP) ρP 

Subj P.E. SE   P.E. SE   P.E. SE   

1 1.57 0.07 0.83 1.71 1.52 5.55 -1.57 1.27 0.21 

2 3.92 0.11 0.98 0.71 1.15 2.04 -6.90 1.19 0.00 

3 -0.26 0.07 0.43 -0.21 2.19 0.81 1.32 2.35 3.73 

4 0.97 0.11 0.73 1.41 1.59 4.11 -0.48 1.51 0.62 

5 1.45 0.10 0.81 0.88 1.27 2.41 -0.11 1.35 0.89 

6 -0.38 0.06 0.41 2.00 1.50 7.36 -6.90 1.33 0.00 

7 6.90 0.12 1.00 -6.90 2.06 0.00 0.68 2.04 1.97 

8 -1.44 0.10 0.19 0.40 1.42 1.50 0.81 2.48 2.25 

9 0.61 0.11 0.65 1.42 1.64 4.12 -0.15 1.59 0.86 

10 0.29 0.17 0.57 0.87 0.82 2.39 -6.90 1.03 0.00 

11 -0.80 0.06 0.31 1.76 2.05 5.80 0.88 2.09 2.42 

12 2.44 0.27 0.92 0.39 0.52 1.48 -6.90 0.60 0.00 

13 -1.33 0.07 0.21 0.84 1.64 2.31 -6.90 1.75 0.00 

14 0.39 0.15 0.60 0.63 0.82 1.88 -6.90 0.85 0.00 

15 0.50 0.14 0.62 0.63 2.02 1.88 0.63 1.97 1.87 
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16 -0.26 0.12 0.43 -6.90 3.06 0.00 0.41 3.07 1.51 

17 6.90 0.10 1.00 0.09 1.16 1.10 0.60 1.25 1.82 

18 -0.60 0.05 0.35 2.09 1.50 8.07 -0.55 1.23 0.58 

19 3.68 0.18 0.98 2.67 101.55 14.40 -6.90 1.06 0.00 

20 -2.60 0.11 0.07 1.13 1.31 3.08 -6.90 4.63 0.00 

21 6.90 NaN 1.00 -6.90 1.37 0.00 -0.40 1.38 0.67 

22 0.11 0.11 0.53 2.99 7.67 19.89 0.20 1.59 1.23 

23 -3.36 NaN 0.03 0.91 0.45 2.49 -6.90 NaN 0.00 

24 -0.55 0.05 0.37 1.69 2.14 5.42 1.21 2.30 3.36 

25 0.79 0.08 0.69 1.17 1.51 3.23 -0.56 1.48 0.57 

26 -0.60 0.07 0.36 1.65 2.09 5.19 1.02 2.26 2.77 

27 6.90 0.12 1.00 0.32 1.24 1.38 -6.90 1.24 0.00 

28 -0.50 0.08 0.38 1.01 1.44 2.75 -2.23 1.44 0.11 

29 -3.87 NaN 0.02 1.54 NaN 4.68 -6.90 NaN 0.00 

30 6.90 0.13 1.00 -0.16 1.56 0.85 -0.16 1.57 0.86 

31 -0.43 0.10 0.40 0.88 1.62 2.41 -0.52 1.67 0.60 

32 -2.15 0.03 0.10 2.55 2.32 12.81 -6.90 2.03 0.00 

33 0.62 0.12 0.65 0.53 1.41 1.70 -1.47 1.42 0.23 

34 -0.84 0.06 0.30 1.93 1.18 6.90 -6.90 1.21 0.00 

35 1.81 0.18 0.86 0.20 0.80 1.23 -6.90 0.81 0.00 

36 6.90 0.18 1.00 -0.75 1.48 0.47 -0.74 1.50 0.48 

37 -0.20 0.13 0.45 0.99 0.83 2.69 -6.90 1.02 0.00 

38 0.66 0.10 0.66 0.13 1.37 1.14 -6.90 1.36 0.00 

39 0.45 0.11 0.61 2.26 3.02 9.55 0.87 1.98 2.38 

40 -1.72 0.04 0.15 1.28 0.81 3.59 1.27 1.52 3.56 

41 -4.31 0.01 0.01 2.57 6.42 13.09 2.99 11.70 19.89 

42 -2.15 0.06 0.10 1.05 1.04 2.85 -0.51 2.03 0.60 

43 -0.54 0.12 0.37 0.48 0.87 1.61 -6.90 1.02 0.00 

44 -0.16 0.08 0.46 2.60 2.95 13.43 0.60 1.62 1.82 

45 6.46 0.15 1.00 0.08 1.21 1.08 -6.90 1.22 0.00 

46 6.90 0.16 1.00 0.42 1.25 1.52 -6.90 1.26 0.00 

47 -1.18 0.04 0.24 1.58 0.92 4.84 0.23 1.09 1.26 

48 2.11 0.12 0.89 0.13 1.75 1.14 0.38 1.78 1.47 

49 -5.13 0.01 0.01 -6.90 3.40 0.00 2.99 25.77 19.89 

50 2.02 0.15 0.88 0.30 1.08 1.36 -6.90 1.07 0.00 

51 6.90 0.10 1.00 0.99 1.55 2.68 0.07 1.59 1.07 

52 -5.71 0.01 0.00 2.99 49.71 19.89 1.59 20.60 4.89 

53 -0.59 0.08 0.36 1.31 0.98 3.69 -0.06 1.26 0.94 

54 -0.12 0.10 0.47 1.05 1.35 2.87 -6.90 1.33 0.00 

55 -0.45 0.08 0.39 2.12 1.46 8.33 -6.90 1.13 0.00 

56 -0.22 0.06 0.45 1.66 1.94 5.27 0.83 2.00 2.30 

57 -2.99 0.01 0.05 1.80 1.00 6.04 -6.90 1.05 0.00 

58 -1.96 0.04 0.12 2.99 5.32 19.89 2.85 8.20 17.35 

59 3.34 0.09 0.97 -3.37 1.44 0.03 1.26 1.54 3.54 

60 6.90 0.24 1.00 -0.37 1.23 0.69 -0.55 1.27 0.58 

 

Table B.4 Posterior means and standard deviations (Std) of individual parameter distributions of the SU2 model. 

Gray shade is used for ADP. α: learning rate, ρR: reward sensitivity, ρP: punishment sensitivity.  

  α ρR ρP 

Subj Mean Std Mean Std Mean Std 

1 0.821 0.069 5.597 1.092 0.213 0.227 

2 0.898 0.077 1.875 0.500 0.404 0.415 

3 0.471 0.080 2.435 1.103 1.659 1.310 

4 0.741 0.082 4.967 1.019 0.683 0.698 

5 0.814 0.085 2.933 0.692 0.613 0.607 

6 0.492 0.055 8.546 1.510 0.495 0.547 

7 0.898 0.076 1.784 0.538 0.492 0.485 
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8 0.342 0.127 2.226 0.779 0.688 0.808 

9 0.659 0.096 5.064 1.137 0.705 0.738 

10 0.597 0.135 2.155 0.519 0.254 0.281 

11 0.376 0.062 5.385 1.310 1.310 1.233 

12 0.670 0.161 1.956 0.421 0.129 0.132 

13 0.262 0.097 1.599 0.670 0.523 0.562 

14 0.638 0.146 1.622 0.396 0.213 0.224 

15 0.696 0.123 2.656 0.969 0.939 0.886 

16 0.454 0.133 1.006 0.486 0.454 0.439 

17 0.947 0.045 2.095 0.743 0.979 0.793 

18 0.361 0.048 7.783 1.305 0.826 0.788 

19 0.931 0.049 7.155 2.136 0.298 0.323 

20 0.115 0.102 2.499 0.983 0.270 0.366 

21 0.695 0.312 0.650 0.480 0.281 0.370 

22 0.519 0.079 11.791 2.252 0.549 0.590 

23 0.032 0.072 4.186 2.320 0.419 0.600 

24 0.397 0.060 5.804 1.040 2.450 1.585 

25 0.690 0.080 3.339 0.754 0.507 0.538 

26 0.420 0.066 5.590 1.020 1.003 0.944 

27 0.961 0.046 1.193 0.326 0.247 0.261 

28 0.364 0.073 3.226 0.659 0.158 0.172 

29 0.014 0.034 5.674 2.979 0.351 0.486 

30 0.978 0.027 1.399 0.458 0.402 0.411 

31 0.391 0.089 2.734 0.548 0.254 0.297 

32 0.157 0.027 7.894 1.307 0.162 0.184 

33 0.671 0.133 1.514 0.533 0.417 0.443 

34 0.377 0.048 5.560 0.850 0.226 0.258 

35 0.852 0.135 1.090 0.314 0.166 0.174 

36 0.938 0.077 0.759 0.297 0.258 0.251 

37 0.506 0.100 2.612 0.470 0.246 0.278 

38 0.019 0.006 9.775 2.146 0.318 0.409 

39 0.669 0.094 9.383 2.198 0.922 0.963 

40 0.252 0.055 4.102 0.749 1.349 1.190 

41 0.042 0.014 4.394 0.829 0.465 0.695 

42 0.154 0.055 3.140 0.825 0.509 0.714 

43 0.380 0.115 1.585 0.490 0.245 0.275 

44 0.537 0.086 10.977 2.007 0.814 0.854 

45 0.031 0.009 6.751 1.446 0.550 0.736 

46 0.930 0.076 1.322 0.393 0.306 0.325 

47 0.282 0.044 4.615 0.780 0.627 0.635 

48 0.884 0.096 2.172 0.703 0.611 0.636 

49 0.052 0.122 2.168 2.145 0.607 0.929 

50 0.878 0.108 1.158 0.329 0.208 0.223 

51 0.975 0.029 3.265 0.844 0.628 0.675 

52 0.096 0.224 4.634 3.468 0.377 0.543 

53 0.402 0.078 3.324 0.717 0.796 0.787 
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54 0.513 0.097 2.539 0.621 0.372 0.433 

55 0.408 0.065 7.847 1.266 0.271 0.313 

56 0.504 0.069 5.422 0.990 1.190 1.088 

57 0.057 0.013 4.187 0.682 0.310 0.397 

58 0.610 0.089 11.724 2.357 0.514 0.613 

59 0.940 0.055 2.621 1.070 1.225 1.078 

60 0.942 0.073 1.042 0.372 0.331 0.328 

 

Table B.5 Maximum likelihood estimates of SU3 parameters. Point estimates (P.E.) are shown with standard errors 

around them. Gray shade is used for ADP. 

  logit(αR) αR logit(αP) αP log(ρ) ρ 

Subj P.E. SE   P.E. SE   P.E. SE   

1 6.90 0.20 1.00 0.91 0.10 0.71 0.91 0.44 2.72 

2 3.20 0.17 0.96 3.61 0.18 0.97 3.61 0.20 1.04 

3 -2.65 0.09 0.07 1.10 0.08 0.75 1.10 8.71 7.15 

4 6.90 0.14 1.00 -0.36 0.17 0.41 -0.36 1.29 3.45 

5 -0.82 0.15 0.31 6.90 0.07 1.00 6.90 1.15 2.91 

6 2.33 0.22 0.91 -1.53 0.07 0.18 -1.53 2.03 5.51 

7 2.48 0.19 0.92 6.90 0.21 1.00 6.90 0.19 0.99 

8 -3.63 0.02 0.03 -0.72 0.09 0.33 -0.72 2.30 4.94 

9 2.59 0.17 0.93 -0.66 0.13 0.34 -0.66 1.43 3.91 

10 0.96 0.16 0.72 -1.41 0.09 0.20 -1.41 0.98 2.65 

11 -0.62 0.14 0.35 -1.08 0.15 0.25 -1.08 1.48 4.43 

12 1.94 0.16 0.87 -2.09 0.05 0.11 -2.09 1.00 3.19 

13 -0.71 0.11 0.33 -2.82 0.03 0.06 -2.82 1.26 2.89 

14 0.97 0.15 0.72 -1.99 0.07 0.12 -1.99 1.26 2.82 

15 0.44 0.17 0.61 0.59 0.19 0.64 0.59 0.46 1.85 

16 -2.51 0.08 0.08 1.31 0.15 0.79 1.31 1.35 1.74 

17 6.90 0.17 1.00 3.01 0.12 0.95 3.01 0.23 1.49 

18 -0.20 0.07 0.45 -1.76 0.03 0.15 -1.76 1.46 7.17 

19 6.90 0.27 1.00 2.12 0.09 0.89 2.12 0.50 2.65 

20 -1.89 0.05 0.13 -3.98 0.01 0.02 -3.98 0.75 2.94 

21 6.90 NaN 1.00 2.70 0.40 0.94 2.70 0.12 0.34 

22 6.90 0.15 1.00 -1.35 0.02 0.21 -1.35 15.95 19.89 

23 -2.44 0.03 0.08 -6.90 0.01 0.00 -6.90 0.66 2.11 

24 -1.26 0.09 0.22 0.08 0.10 0.52 0.08 1.38 5.01 

25 6.90 0.18 1.00 -0.70 0.14 0.33 -0.70 1.05 2.88 

26 0.05 0.13 0.51 -1.34 0.08 0.21 -1.34 1.64 5.24 

27 6.90 0.18 1.00 3.09 0.20 0.96 3.09 0.14 0.70 

28 -0.58 0.19 0.36 -0.53 0.16 0.37 -0.53 0.32 1.44 

29 -2.66 0.04 0.07 -5.73 0.01 0.00 -5.73 1.04 2.74 

30 6.90 0.16 1.00 6.90 0.20 1.00 6.90 0.15 0.85 

31 -2.14 0.07 0.11 0.67 0.12 0.66 0.67 1.41 2.85 

32 -1.70 0.04 0.15 -3.35 0.00 0.03 -3.35 1.90 11.92 

33 3.36 0.18 0.97 -1.14 0.15 0.24 -1.14 0.99 1.90 

34 -0.44 0.08 0.39 -2.10 0.02 0.11 -2.10 1.28 6.57 

35 6.90 0.32 1.00 -1.69 0.12 0.16 -1.69 1.11 1.92 

36 6.90 0.20 1.00 6.90 0.38 1.00 6.90 0.14 0.47 

37 1.63 0.20 0.84 -1.78 0.05 0.14 -1.78 1.03 3.21 

38 6.90 0.15 1.00 -1.56 0.11 0.17 -1.56 0.99 1.75 

39 0.17 0.15 0.54 0.24 0.14 0.56 0.24 1.26 5.60 

40 -1.69 0.06 0.16 -1.74 0.04 0.15 -1.74 0.70 3.58 

41 -4.74 0.01 0.01 -4.27 0.01 0.01 -4.27 11.97 19.89 

42 -1.43 0.10 0.19 -3.02 0.02 0.05 -3.02 0.92 2.99 

43 0.76 0.29 0.68 -2.18 0.06 0.10 -2.18 0.99 2.04 

44 0.02 0.08 0.50 -1.41 0.03 0.20 -1.41 2.28 10.62 

45 6.90 NaN 1.00 1.33 0.07 0.79 1.33 0.13 0.61 

46 6.90 0.24 1.00 0.72 0.24 0.67 0.72 0.25 0.96 
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47 -0.96 0.06 0.28 -1.84 0.04 0.14 -1.84 0.80 4.17 

48 6.90 0.15 1.00 0.45 0.18 0.61 0.45 0.41 1.69 

49 -6.90 NaN 0.00 -2.79 NaN 0.06 -2.79 NaN 5.18 

50 3.69 0.18 0.98 0.58 0.31 0.64 0.58 0.25 0.77 

51 6.90 0.21 1.00 6.90 0.12 1.00 6.90 0.32 1.89 

52 -5.01 0.04 0.01 -6.42 0.01 0.00 -6.42 56.44 10.73 

53 -0.44 0.15 0.39 -1.11 0.10 0.25 -1.11 0.74 2.85 

54 2.08 0.18 0.89 -1.77 0.06 0.15 -1.77 1.36 3.72 

55 6.90 0.23 1.00 -1.85 0.03 0.14 -1.85 1.32 6.37 

56 -0.17 0.14 0.46 -0.40 0.19 0.40 -0.40 1.00 3.94 

57 -2.65 0.02 0.07 -4.00 0.00 0.02 -4.00 0.82 4.93 

58 -1.95 0.04 0.13 -2.06 0.02 0.11 -2.06 5.84 19.89 

59 0.92 0.19 0.72 6.90 0.09 1.00 6.90 0.37 1.97 

60 6.90 0.24 1.00 6.90 0.40 1.00 6.90 0.18 0.64 

 

Table B.6 Posterior means and standard deviations (Std) of individual parameter distributions of the SU3 model. 

Gray shade is used for ADP. αR: reward learning rate, αP: punishment learning rate, ρ: sensitivity. 

  αR αP ρ 

Subj Mean Std Mean Std Mean Std 

1 0.955 0.052 0.485 0.144 2.889 0.625 

2 0.904 0.099 0.818 0.138 1.251 0.247 

3 0.161 0.082 0.682 0.090 3.893 1.411 

4 0.874 0.117 0.525 0.125 3.492 0.750 

5 0.385 0.134 0.936 0.052 3.036 0.989 

6 0.826 0.125 0.259 0.049 5.553 1.062 

7 0.862 0.131 0.869 0.111 1.213 0.203 

8 0.462 0.256 0.221 0.124 2.397 0.978 

9 0.862 0.116 0.417 0.109 3.929 0.964 

10 0.780 0.151 0.297 0.135 2.118 0.697 

11 0.398 0.150 0.322 0.099 3.954 0.845 

12 0.862 0.118 0.156 0.062 2.761 0.704 

13 0.352 0.208 0.213 0.144 1.538 0.623 

14 0.833 0.135 0.246 0.146 1.936 0.728 

15 0.674 0.164 0.683 0.160 1.937 0.465 

16 0.165 0.172 0.704 0.186 1.740 1.014 

17 0.957 0.050 0.880 0.091 1.654 0.232 

18 0.430 0.079 0.189 0.037 6.142 1.122 

19 0.925 0.083 0.839 0.100 2.687 0.440 

20 0.347 0.219 0.065 0.137 1.990 0.799 

21 0.818 0.271 0.395 0.278 0.808 0.551 

22 0.911 0.096 0.214 0.032 7.980 1.724 

23 0.355 0.291 0.033 0.097 1.876 1.168 

24 0.357 0.080 0.325 0.054 5.156 0.909 

25 0.935 0.073 0.380 0.113 2.797 0.707 

26 0.592 0.155 0.252 0.055 4.418 0.859 

27 0.969 0.044 0.784 0.182 0.840 0.233 

28 0.553 0.100 0.096 0.051 4.056 1.187 

29 0.198 0.305 0.070 0.186 1.987 1.511 

30 0.977 0.032 0.907 0.094 0.946 0.143 

31 0.741 0.175 0.141 0.058 2.833 0.771 

32 0.474 0.165 0.058 0.020 5.843 1.127 

33 0.912 0.105 0.333 0.147 1.700 0.633 

34 0.528 0.087 0.149 0.032 4.974 0.883 

35 0.951 0.078 0.280 0.213 1.590 0.755 

36 0.925 0.113 0.776 0.226 0.611 0.270 

37 0.903 0.110 0.188 0.057 2.972 0.707 

38 0.766 0.372 0.158 0.122 2.529 1.800 

39 0.727 0.166 0.497 0.116 5.076 1.138 



234 

 

40 0.217 0.074 0.174 0.039 3.772 0.704 

41 0.100 0.037 0.009 0.007 3.178 0.672 

42 0.272 0.124 0.070 0.028 2.943 0.804 

43 0.744 0.227 0.167 0.115 1.762 0.718 

44 0.546 0.101 0.252 0.048 7.795 1.525 

45 0.324 0.409 0.232 0.350 3.654 2.470 

46 0.964 0.052 0.602 0.218 1.159 0.417 

47 0.327 0.086 0.168 0.042 3.675 0.661 

48 0.958 0.056 0.580 0.150 1.944 0.465 

49 0.231 0.339 0.227 0.288 1.440 0.999 

50 0.941 0.075 0.419 0.246 1.290 0.648 

51 0.956 0.062 0.945 0.054 2.034 0.327 

52 0.371 0.396 0.316 0.329 1.174 1.242 

53 0.618 0.287 0.278 0.093 2.679 0.608 

54 0.905 0.103 0.210 0.069 2.989 0.833 

55 0.926 0.093 0.159 0.030 5.597 0.947 

56 0.514 0.123 0.362 0.074 4.292 0.739 

57 0.113 0.036 0.017 0.008 3.115 0.540 

58 0.934 0.091 0.270 0.041 7.873 1.580 

59 0.559 0.217 0.957 0.042 3.013 1.132 

60 0.948 0.075 0.764 0.208 0.810 0.253 

 

Table B.7 Maximum likelihood estimates of SU4 parameters. Point estimates (P.E.) are shown with standard errors 

around them. Gray shade is used for ADP. 

  logit(αR) αR logit(αP) αP log(ρR) ρR log(ρP) ρP 

Subj P.E. SE   P.E. SE   P.E. SE   P.E. SE   

1 6.90 0.23 1.00 1.27 0.09 0.78 1.64 1.51 5.13 -0.86 1.29 0.42 

2 3.29 0.17 0.96 5.77 0.17 1.00 0.71 1.15 2.03 -6.90 1.20 0.00 

3 -2.55 0.11 0.07 1.08 0.09 0.75 1.71 17.11 5.55 2.03 10.51 7.63 

4 6.90 0.15 1.00 -0.17 0.23 0.46 1.31 1.59 3.72 0.94 3.03 2.57 

5 -0.83 0.16 0.30 6.90 0.07 1.00 1.45 2.57 4.25 0.47 2.07 1.59 

6 6.90 0.19 1.00 -2.48 0.06 0.08 1.44 1.46 4.21 2.99 19.07 19.89 

7 3.00 0.21 0.95 6.90 0.22 1.00 -6.90 2.27 0.00 0.69 2.29 1.99 

8 -4.67 0.04 0.01 -0.62 0.10 0.35 2.99 89.78 19.89 1.59 2.30 4.93 

9 2.58 0.16 0.93 -0.88 0.27 0.29 1.32 1.68 3.74 1.64 7.29 5.17 

10 0.92 0.18 0.72 -0.34 0.33 0.42 1.04 1.01 2.84 -6.90 2.08 0.00 

11 -2.63 0.09 0.07 0.14 0.10 0.54 2.99 24.53 19.89 -0.03 1.64 0.97 

12 3.40 0.16 0.97 -0.83 NaN 0.30 1.05 0.83 2.86 -6.90 NaN 0.00 

13 -0.63 0.11 0.35 -4.29 0.07 0.01 0.97 1.35 2.64 2.99 109.07 19.89 

14 0.91 0.15 0.71 -0.86 NaN 0.30 1.01 1.13 2.75 -6.90 NaN 0.00 

15 0.44 0.17 0.61 0.59 0.19 0.64 0.63 2.03 1.87 0.60 1.99 1.82 

16 -1.94 NaN 0.13 1.16 0.13 0.76 -6.90 NaN 0.00 0.85 NaN 2.33 

17 6.90 0.18 1.00 2.93 0.12 0.95 0.09 1.16 1.10 0.65 1.26 1.91 

18 -2.26 0.15 0.09 0.48 0.14 0.62 2.99 29.51 19.89 -6.90 0.89 0.00 

19 6.90 1.07 1.00 3.64 0.17 0.97 2.63 86.42 13.92 -6.90 1.06 0.00 

20 -1.87 0.05 0.13 -5.43 0.06 0.00 1.07 0.76 2.90 2.99 287.69 19.89 

21 6.90 NaN 1.00 2.61 0.40 0.93 -6.80 1.37 0.00 -0.37 1.40 0.69 

22 6.38 0.15 1.00 -1.35 0.44 0.21 2.99 20.54 19.89 2.99 55.34 19.89 

23 -2.43 0.03 0.08 -6.90 0.00 0.00 0.75 0.65 2.11 -6.90 NaN 0.00 

24 -2.30 0.07 0.09 0.61 0.07 0.65 2.99 15.03 19.89 0.31 1.80 1.36 

25 6.90 0.21 1.00 -0.84 0.27 0.30 0.99 1.45 2.68 1.27 4.97 3.57 

26 0.31 0.13 0.58 -2.45 0.11 0.08 1.47 2.03 4.34 2.99 32.45 19.89 

27 6.90 0.18 1.00 3.19 0.20 0.96 0.34 1.25 1.41 -6.90 1.24 0.00 

28 -0.45 0.19 0.39 -0.54 0.15 0.37 1.02 1.47 2.77 -2.31 1.45 0.10 

29 -2.67 0.04 0.06 -6.90 0.03 0.00 1.00 1.06 2.73 2.70 565.60 14.82 

30 6.90 0.16 1.00 6.90 0.20 1.00 -0.15 1.56 0.86 -0.17 1.58 0.85 

31 -3.65 0.04 0.03 0.93 0.11 0.72 2.99 32.93 19.89 0.51 1.53 1.67 

32 -1.97 0.00 0.12 -2.21 NaN 0.10 2.51 2.02 12.30 -6.90 NaN 0.00 

33 3.52 0.17 0.97 -1.65 0.30 0.16 0.48 1.33 1.62 1.34 9.27 3.81 

34 -1.61 0.00 0.17 -0.20 0.00 0.45 2.11 NaN 8.23 -6.90 NaN 0.00 
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35 6.90 0.00 1.00 -0.24 NaN 0.44 0.56 0.90 1.74 -6.90 0.17 0.00 

36 6.90 0.20 1.00 6.90 0.39 1.00 -0.74 1.48 0.48 -0.75 1.51 0.47 

37 1.58 0.18 0.83 -3.25 0.11 0.04 1.11 1.05 3.04 2.99 68.25 19.89 

38 6.90 NaN 1.00 -3.59 NaN 0.03 0.26 1.17 1.29 2.99 NaN 19.89 

39 -0.55 0.19 0.37 1.34 0.13 0.79 2.99 13.88 19.89 0.23 1.75 1.26 

40 -1.52 0.10 0.18 -2.16 0.17 0.10 1.18 1.20 3.26 1.75 11.62 5.73 

41 -4.60 0.01 0.01 -4.28 0.01 0.01 2.86 13.83 17.44 2.99 19.34 19.89 

42 -1.45 0.10 0.19 -4.47 0.02 0.01 0.99 0.93 2.70 2.99 43.94 19.89 

43 1.03 0.28 0.74 -4.01 0.09 0.02 0.69 1.00 1.99 2.99 105.60 19.89 

44 -0.79 0.12 0.31 0.66 0.13 0.66 2.99 8.53 19.89 -1.74 1.34 0.18 

45 6.90 NaN 1.00 1.39 0.06 0.80 0.20 1.23 1.22 -6.90 1.24 0.00 

46 6.90 0.23 1.00 0.86 0.23 0.70 0.59 1.30 1.80 -2.65 1.35 0.07 

47 -3.30 0.06 0.04 -0.02 0.09 0.50 2.99 30.40 19.89 -6.90 0.71 0.00 

48 6.90 0.15 1.00 0.37 0.20 0.59 0.02 1.61 1.02 0.89 1.86 2.44 

49 -6.90 0.00 0.00 -2.90 0.05 0.05 -6.57 4.82 0.00 1.76 4.32 5.79 

50 3.46 0.17 0.97 0.64 0.30 0.65 0.44 1.10 1.56 -6.90 1.15 0.00 

51 6.90 0.21 1.00 6.90 0.12 1.00 0.99 1.55 2.68 0.07 1.59 1.07 

52 -3.94 0.03 0.02 -6.90 0.00 0.00 1.40 1.81 4.06 -6.59 NaN 0.00 

53 -1.44 0.19 0.19 -0.07 0.14 0.48 1.60 3.15 4.98 -0.57 1.06 0.57 

54 2.42 0.17 0.92 -3.06 0.06 0.04 1.14 1.45 3.14 2.99 31.91 19.89 

55 6.90 0.22 1.00 -2.73 0.08 0.06 1.82 1.36 6.20 2.99 33.45 19.89 

56 -0.75 0.22 0.32 0.37 0.22 0.59 1.92 4.19 6.80 0.22 2.02 1.25 

57 -2.85 0.04 0.05 -3.27 0.06 0.04 1.71 2.42 5.55 -0.09 6.25 0.92 

58 -1.98 0.06 0.12 -1.82 0.12 0.14 2.99 7.51 19.89 2.67 18.83 14.42 

59 0.94 0.20 0.72 6.90 0.09 1.00 -1.16 1.59 0.31 1.31 1.72 3.71 

60 6.90 0.24 1.00 6.90 0.41 1.00 -0.37 1.23 0.69 -0.55 1.29 0.58 

 

Table B.8 Posterior means and standard deviations (Std) of individual parameter distributions of the SU4 model. 

Gray shade is used for ADP. αR: reward learning rate, αP: punishment learning rate, ρR: reward sensitivity, ρP: 

punishment sensitivity. 

  αR αP ρR ρP 

Subj Mean Std Mean Std Mean Std Mean Std 

1 0.935 0.074 0.743 0.095 5.359 1.030 0.333 0.326 

2 0.904 0.100 0.843 0.117 1.824 0.572 0.581 0.522 

3 0.166 0.084 0.693 0.090 4.814 2.881 2.841 2.035 

4 0.807 0.159 0.689 0.124 4.839 1.128 1.077 1.011 

5 0.384 0.138 0.938 0.049 4.797 1.948 1.212 1.089 

6 0.665 0.172 0.406 0.099 7.437 1.887 1.667 1.861 

7 0.856 0.135 0.881 0.099 1.703 0.609 0.671 0.570 

8 0.484 0.255 0.301 0.147 2.574 1.420 1.189 1.276 

9 0.852 0.125 0.541 0.123 4.779 1.195 1.595 1.472 

10 0.749 0.168 0.460 0.172 2.358 0.694 0.620 0.770 

11 0.271 0.133 0.460 0.110 7.024 2.659 1.433 1.302 

12 0.876 0.119 0.331 0.152 2.710 0.698 0.597 0.877 

13 0.267 0.210 0.320 0.177 2.271 1.934 0.877 0.915 

14 0.816 0.150 0.399 0.187 2.022 0.684 0.618 0.791 

15 0.671 0.166 0.722 0.147 2.447 1.013 1.206 0.991 

16 0.149 0.155 0.734 0.164 2.680 2.526 1.190 0.989 

17 0.958 0.050 0.885 0.085 1.955 0.776 1.259 0.844 

18 0.276 0.088 0.441 0.094 9.113 2.215 0.766 0.810 

19 0.858 0.151 0.923 0.056 7.491 2.433 0.411 0.394 

20 0.230 0.210 0.248 0.278 2.631 1.935 0.515 0.819 

21 0.770 0.327 0.513 0.272 1.011 1.326 0.519 0.699 

22 0.862 0.142 0.440 0.106 10.765 2.708 1.857 1.849 

23 0.245 0.296 0.172 0.260 2.589 2.410 0.592 0.939 

24 0.237 0.082 0.542 0.092 9.067 2.783 1.655 1.187 

25 0.918 0.092 0.479 0.129 3.310 0.943 1.367 1.310 

26 0.479 0.182 0.391 0.111 5.621 1.627 1.701 1.701 

27 0.971 0.042 0.804 0.157 1.203 0.440 0.417 0.390 
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28 0.494 0.108 0.211 0.098 4.171 1.114 0.535 0.701 

29 0.098 0.225 0.217 0.311 3.115 2.697 0.628 0.779 

30 0.978 0.031 0.908 0.089 1.262 0.528 0.617 0.502 

31 0.589 0.276 0.311 0.178 3.371 1.631 0.758 0.979 

32 0.356 0.152 0.123 0.040 6.701 1.315 0.629 0.890 

33 0.913 0.107 0.390 0.156 1.670 0.844 1.293 1.287 

34 0.336 0.125 0.417 0.120 6.218 1.704 0.379 0.623 

35 0.926 0.150 0.441 0.245 1.677 0.902 0.533 0.698 

36 0.928 0.111 0.798 0.197 0.737 0.389 0.430 0.437 

37 0.908 0.108 0.287 0.098 3.156 0.738 1.086 1.263 

38 0.785 0.358 0.211 0.145 2.773 2.563 0.992 1.161 

39 0.637 0.192 0.686 0.102 9.682 2.839 1.279 1.096 

40 0.158 0.079 0.318 0.090 5.651 2.188 1.274 1.158 

41 0.090 0.040 0.020 0.017 3.508 1.148 0.855 1.137 

42 0.251 0.129 0.124 0.061 3.284 1.312 1.037 1.303 

43 0.572 0.322 0.321 0.205 2.218 1.578 0.697 1.042 

44 0.448 0.121 0.580 0.098 11.997 2.554 0.934 0.888 

45 0.506 0.445 0.439 0.386 3.606 3.486 0.642 0.807 

46 0.965 0.051 0.659 0.195 1.453 0.611 0.651 0.674 

47 0.160 0.079 0.404 0.095 6.850 2.565 0.528 0.588 

48 0.963 0.051 0.625 0.150 2.129 0.945 1.491 1.208 

49 0.060 0.176 0.418 0.315 2.698 2.563 0.942 0.785 

50 0.941 0.077 0.531 0.230 1.507 0.640 0.505 0.593 

51 0.956 0.066 0.947 0.051 2.995 0.929 0.976 0.818 

52 0.143 0.277 0.530 0.316 2.773 2.796 0.597 0.641 

53 0.442 0.313 0.425 0.125 4.149 2.082 1.004 0.983 

54 0.901 0.109 0.273 0.096 3.141 0.993 1.705 1.729 

55 0.864 0.157 0.291 0.078 6.232 1.122 1.324 1.497 

56 0.382 0.143 0.581 0.118 6.708 2.215 1.325 1.139 

57 0.090 0.040 0.040 0.021 3.803 1.334 0.802 1.061 

58 0.901 0.133 0.549 0.110 10.637 2.662 1.415 1.447 

59 0.622 0.215 0.952 0.045 2.881 1.579 2.433 1.884 

60 0.950 0.079 0.784 0.184 1.002 0.481 0.559 0.489 

 

Table B.9 Maximum likelihood estimates of SU5 parameters. Point estimates (P.E.) are shown with standard errors 

around them. Gray shade is used for ADP. 

  logit(α) α log(ρ) ρ logit(φ) φ 

Subj P.E. SE   P.E. SE   P.E. SE   

1 6.90 0.16 1.00 0.92 0.37 2.50 -6.90 0.18 0.00 

2 6.90 0.17 1.00 0.19 0.20 1.21 -6.90 0.26 0.00 

3 6.90 NaN 1.00 0.38 NaN 1.47 -1.34 NaN 0.21 

4 3.23 0.17 0.96 1.21 0.76 3.36 -6.90 0.17 0.00 

5 6.90 0.16 1.00 0.41 0.26 1.50 -6.90 0.29 0.00 

6 1.28 0.23 0.78 0.98 0.63 2.65 -6.90 0.18 0.00 

7 6.90 0.18 1.00 0.13 0.21 1.14 -6.90 0.39 0.00 

8 -0.87 0.15 0.29 0.71 0.79 2.03 -6.90 0.45 0.00 

9 2.13 0.17 0.89 1.17 0.73 3.23 -6.90 0.16 0.00 

10 0.09 0.18 0.52 0.43 0.49 1.54 -6.90 0.67 0.00 

11 -0.02 0.10 0.50 1.13 0.71 3.09 -6.90 0.20 0.00 

12 6.90 0.30 1.00 -0.20 0.20 0.82 6.90 1.15 1.00 

13 -1.02 0.12 0.26 0.14 0.46 1.15 -6.90 1.55 0.00 

14 0.98 0.21 0.73 -0.11 0.23 0.90 -6.90 0.95 0.00 

15 0.57 0.21 0.64 0.79 0.73 2.21 -6.90 0.31 0.00 

16 0.31 0.17 0.58 -0.39 0.19 0.68 -6.90 2.26 0.00 

17 6.90 0.15 1.00 0.49 0.24 1.63 -6.90 0.29 0.00 

18 0.03 0.11 0.51 1.60 1.12 4.93 -1.85 0.15 0.14 

19 6.90 0.16 1.00 0.89 0.39 2.43 -6.90 0.18 0.00 

20 -3.78 0.03 0.02 1.98 11.54 7.25 -6.90 3.33 0.00 
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21 6.90 0.53 1.00 -1.12 0.17 0.33 -6.90 3.60 0.00 

22 6.90 0.26 1.00 2.58 3.86 13.25 1.02 0.15 0.74 

23 -5.11 0.01 0.01 2.99 19.88 19.89 -0.09 0.45 0.48 

24 0.36 0.12 0.59 1.61 0.99 4.99 -6.90 0.16 0.00 

25 6.90 0.14 1.00 0.55 0.29 1.73 -6.90 0.18 0.00 

26 0.40 0.14 0.60 1.15 0.80 3.15 -6.90 0.18 0.00 

27 6.90 0.18 1.00 -0.16 0.16 0.85 -6.90 1.12 0.00 

28 0.17 0.19 0.54 0.23 0.39 1.26 -6.90 0.40 0.00 

29 -6.52 0.00 0.00 2.99 60.73 19.89 6.90 NaN 1.00 

30 6.90 0.27 1.00 -0.06 0.15 0.94 -6.90 0.69 0.00 

31 0.49 0.22 0.62 0.26 0.38 1.29 -6.90 0.42 0.00 

32 1.65 0.28 0.84 0.25 0.26 1.28 -6.90 0.55 0.00 

33 3.43 0.19 0.97 -0.09 0.18 0.91 -6.90 0.39 0.00 

34 0.02 0.10 0.50 1.04 0.53 2.82 -6.90 0.19 0.00 

35 6.90 0.21 1.00 -0.65 0.02 0.52 -6.90 NaN 0.00 

36 6.90 NaN 1.00 -0.59 NaN 0.56 -6.90 NaN 0.00 

37 0.79 0.26 0.69 0.35 0.37 1.43 -6.90 0.30 0.00 

38 6.90 0.28 1.00 -0.99 0.16 0.37 -6.90 0.45 0.00 

39 2.55 0.21 0.93 1.82 1.46 6.19 -6.90 0.17 0.00 

40 -1.31 0.05 0.21 1.34 0.81 3.82 -6.90 0.34 0.00 

41 -3.04 0.00 0.05 1.81 NaN 6.08 -6.90 NaN 0.00 

42 -2.09 0.07 0.11 1.31 1.64 3.71 0.28 0.70 0.57 

43 -0.29 0.14 0.43 -0.18 0.24 0.83 3.18 1.58 0.96 

44 0.99 0.18 0.73 2.12 1.92 8.33 -0.70 0.16 0.33 

45 6.90 0.29 1.00 -0.42 0.18 0.65 -1.71 1.77 0.15 

46 6.90 0.21 1.00 -0.03 0.19 0.97 -6.90 0.39 0.00 

47 -1.11 0.05 0.25 1.29 0.77 3.63 -6.90 0.36 0.00 

48 6.90 0.16 1.00 0.51 0.27 1.66 -6.90 0.25 0.00 

49 -3.53 0.04 0.03 0.74 2.54 2.09 -6.90 4.09 0.00 

50 6.90 0.20 1.00 -0.41 0.14 0.67 -6.90 0.71 0.00 

51 6.90 0.19 1.00 0.58 0.30 1.78 -6.90 0.23 0.00 

52 -0.09 0.25 0.48 -2.05 0.17 0.13 -6.90 NaN 0.00 

53 -0.87 0.14 0.30 1.13 1.40 3.09 -6.90 0.19 0.00 

54 1.49 0.15 0.82 0.25 0.24 1.28 -0.75 0.40 0.32 

55 0.28 0.13 0.57 1.97 1.40 7.20 -0.25 0.11 0.44 

56 0.94 0.13 0.72 1.33 0.75 3.77 -6.90 0.13 0.00 

57 -2.78 0.03 0.06 1.39 1.25 4.01 6.90 0.81 1.00 

58 -1.50 0.04 0.18 2.99 3.97 19.89 -6.90 0.18 0.00 

59 6.90 0.14 1.00 0.53 0.25 1.69 -6.90 0.24 0.00 

60 6.90 0.38 1.00 -0.46 0.18 0.63 -6.90 1.22 0.00 

 

Table B.10 Posterior means and standard deviations (Std) of individual parameter distributions of the SU5 model. 

Gray shade is used for ADP. φ: decay parameter, α: learning rate, ρ: sensitivity. 

  φ α ρ 

Subj Mean Std Mean Std Mean Std 

1 0.028 0.030 0.979 0.028 2.312 0.302 

2 0.029 0.031 0.979 0.029 1.227 0.184 

3 0.090 0.101 0.916 0.102 1.548 0.261 

4 0.024 0.024 0.954 0.056 3.944 0.605 

5 0.032 0.037 0.973 0.036 1.652 0.220 

6 0.026 0.027 0.883 0.101 3.318 0.566 

7 0.038 0.045 0.975 0.035 1.217 0.182 

8 0.089 0.131 0.561 0.235 1.589 0.609 

9 0.038 0.041 0.908 0.096 3.580 0.647 

10 0.065 0.098 0.723 0.192 1.250 0.372 

11 0.027 0.029 0.543 0.101 2.904 0.630 
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12 0.200 0.339 0.893 0.142 0.971 0.205 

13 0.105 0.169 0.356 0.173 1.013 0.419 

14 0.085 0.136 0.847 0.154 0.821 0.190 

15 0.037 0.043 0.853 0.147 1.754 0.427 

16 0.129 0.232 0.684 0.192 0.622 0.191 

17 0.029 0.031 0.985 0.019 1.642 0.212 

18 0.098 0.098 0.486 0.114 5.394 1.331 

19 0.022 0.022 0.983 0.022 2.450 0.311 

20 0.226 0.394 0.625 0.337 0.991 1.361 

21 0.123 0.237 0.765 0.294 0.469 0.420 

22 0.755 0.095 0.944 0.082 9.174 1.587 

23 0.127 0.218 0.301 0.370 1.671 2.108 

24 0.049 0.054 0.608 0.099 5.206 0.962 

25 0.023 0.022 0.949 0.061 1.871 0.261 

26 0.031 0.034 0.580 0.126 3.410 0.798 

27 0.065 0.089 0.982 0.027 0.862 0.140 

28 0.046 0.059 0.702 0.179 1.120 0.310 

29 0.138 0.258 0.167 0.306 2.154 3.207 

30 0.056 0.076 0.986 0.020 0.961 0.155 

31 0.048 0.062 0.492 0.224 1.699 0.675 

32 0.296 0.201 0.042 0.011 15.975 2.234 

33 0.052 0.068 0.937 0.082 0.921 0.158 

34 0.035 0.039 0.561 0.101 2.671 0.515 

35 0.074 0.115 0.942 0.097 0.514 0.133 

36 0.110 0.184 0.963 0.063 0.550 0.138 

37 0.044 0.052 0.696 0.171 1.753 0.400 

38 0.058 0.095 0.908 0.179 0.350 0.234 

39 0.036 0.039 0.922 0.099 6.304 1.358 

40 0.040 0.049 0.224 0.052 4.402 0.957 

41 0.063 0.086 0.022 0.007 11.921 2.805 

42 0.108 0.169 0.122 0.059 3.938 1.637 

43 0.150 0.259 0.497 0.182 0.814 0.258 

44 0.105 0.108 0.592 0.152 8.536 2.000 

45 0.121 0.185 0.967 0.050 0.664 0.136 

46 0.054 0.071 0.970 0.045 0.992 0.161 

47 0.046 0.062 0.271 0.052 3.519 0.693 

48 0.034 0.039 0.973 0.038 1.773 0.233 

49 0.137 0.246 0.128 0.251 2.124 2.873 

50 0.089 0.133 0.957 0.063 0.672 0.127 

51 0.023 0.023 0.988 0.016 1.842 0.253 

52 0.143 0.257 0.392 0.401 1.131 2.351 

53 0.026 0.028 0.499 0.308 2.997 2.146 

54 0.128 0.169 0.854 0.128 1.281 0.244 

55 0.276 0.153 0.278 0.124 11.044 2.548 

56 0.033 0.035 0.742 0.117 3.868 0.751 

57 0.621 0.767 0.041 0.025 6.642 2.831 
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58 0.509 0.182 0.795 0.219 12.676 2.352 

59 0.025 0.025 0.986 0.021 1.784 0.228 

60 0.092 0.152 0.937 0.102 0.660 0.146 

 

Table B.11 Maximum likelihood estimates of SU6 parameters. Point estimates (P.E.) are shown with standard 

errors around them. Gray shade is used for ADP. 

  logit(α) α log(ρR) ρR log(ρP) ρP logit(φ) φ 

Subj P.E. SE   P.E. SE   P.E. SE   P.E. SE   

1 6.90 0.16 1.00 1.35 1.14 3.86 -0.02 1.21 0.98 -6.90 0.19 0.00 

2 6.90 0.17 1.00 0.62 1.12 1.87 -0.66 1.16 0.52 -6.90 0.26 0.00 

3 6.90 NaN 1.00 -0.31 1.51 0.74 0.79 1.37 2.21 -1.34 NaN 0.21 

4 3.75 0.17 0.98 1.42 1.67 4.14 0.91 1.75 2.49 -6.90 0.17 0.00 

5 6.90 0.16 1.00 0.67 1.15 1.96 0.02 1.20 1.02 -6.90 0.29 0.00 

6 0.70 0.14 0.67 1.82 1.78 6.16 -6.90 1.33 0.00 -6.90 0.14 0.00 

7 6.90 0.19 1.00 -6.90 2.07 0.00 0.84 2.05 2.33 -6.90 0.38 0.00 

8 -0.85 0.26 0.30 0.73 1.67 2.08 0.66 3.67 1.93 -6.90 0.49 0.00 

9 2.26 0.17 0.91 1.35 1.65 3.87 0.92 1.76 2.51 -6.90 0.16 0.00 

10 0.41 0.20 0.60 0.98 0.92 2.67 -6.90 1.17 0.00 -6.90 0.64 0.00 

11 -0.09 0.11 0.48 1.58 2.34 4.86 0.40 1.97 1.49 -6.90 0.21 0.00 

12 6.90 0.28 1.00 0.51 0.79 1.67 -6.90 0.81 0.00 6.90 2.06 1.00 

13 -1.21 0.09 0.23 0.93 1.98 2.53 -6.90 2.01 0.00 -6.90 1.31 0.00 

14 0.69 0.18 0.67 0.65 0.89 1.92 -6.90 0.90 0.00 -6.90 0.90 0.00 

15 0.51 0.21 0.62 1.00 2.34 2.72 0.56 1.97 1.75 -6.90 0.32 0.00 

16 0.35 0.18 0.59 -6.90 2.99 0.00 0.31 2.97 1.36 -6.90 2.24 0.00 

17 6.90 0.16 1.00 0.09 1.16 1.10 0.79 1.30 2.20 -6.90 0.29 0.00 

18 0.27 0.11 0.57 2.06 1.60 7.82 0.04 1.40 1.04 -6.90 0.16 0.00 

19 6.90 0.16 1.00 1.46 1.20 4.33 -0.85 1.23 0.43 -6.90 0.18 0.00 

20 -2.41 NaN 0.08 1.38 NaN 3.99 -6.90 NaN 0.00 -6.90 1.64 0.00 

21 6.89 0.61 1.00 -4.29 1.54 0.01 -0.44 1.69 0.64 -6.90 4.37 0.00 

22 6.90 0.29 1.00 2.99 7.69 19.89 0.83 2.63 2.30 -2.40 0.27 0.08 

23 -3.58 0.00 0.03 2.07 NaN 7.91 -6.90 1.98 0.00 6.90 0.98 1.00 

24 0.37 0.13 0.59 1.68 2.06 5.36 1.52 2.19 4.57 -6.90 0.16 0.00 

25 6.90 0.14 1.00 0.85 1.37 2.35 0.11 1.40 1.12 -6.90 0.18 0.00 

26 0.42 0.14 0.60 1.29 1.85 3.62 0.96 1.94 2.62 -6.90 0.18 0.00 

27 6.90 0.18 1.00 0.37 1.27 1.45 -1.40 1.29 0.25 -6.90 1.12 0.00 

28 0.21 0.20 0.55 0.91 1.49 2.48 -6.90 1.49 0.00 -6.90 0.42 0.00 

29 -4.05 0.00 0.02 1.96 NaN 7.11 -6.90 NaN 0.00 -6.90 3.00 0.00 

30 6.90 0.28 1.00 -0.76 1.50 0.47 0.35 1.51 1.41 -6.90 0.69 0.00 

31 0.37 0.24 0.59 0.91 1.95 2.49 -1.82 1.71 0.16 -6.90 0.43 0.00 

32 -1.85 0.04 0.14 2.76 3.09 15.78 -0.72 3.91 0.49 -6.90 0.36 0.00 

33 3.81 0.19 0.98 0.40 1.28 1.49 -1.14 1.30 0.32 -6.90 0.39 0.00 

34 -0.22 0.08 0.45 1.94 1.22 6.95 -6.90 1.14 0.00 -6.90 0.17 0.00 

35 6.90 0.22 1.00 0.06 0.74 1.07 -6.90 0.74 0.00 -6.90 NaN 0.00 

36 6.90 NaN 1.00 -1.28 1.05 0.28 -0.18 0.32 0.84 -6.90 NaN 0.00 

37 1.24 0.26 0.78 0.95 0.84 2.59 -6.90 1.00 0.00 -6.90 0.28 0.00 

38 6.90 0.28 1.00 -0.29 1.20 0.75 -6.90 1.20 0.00 -6.90 0.45 0.00 

39 6.90 0.26 1.00 2.04 2.59 7.66 1.53 2.46 4.60 -6.90 0.17 0.00 

40 -1.40 0.05 0.20 1.30 0.87 3.65 1.52 2.11 4.58 -6.90 0.37 0.00 

41 -2.20 0.00 0.10 1.44 0.80 4.21 -6.90 NaN 0.00 -6.90 0.26 0.00 

42 -2.75 0.07 0.06 1.30 3.21 3.65 2.33 12.70 10.24 0.55 0.48 0.64 

43 -0.19 0.15 0.45 0.47 1.07 1.61 -6.90 1.20 0.00 4.15 1.60 0.98 

44 1.94 0.25 0.87 2.54 2.77 12.69 0.90 1.88 2.46 -2.44 0.21 0.08 

45 6.90 0.32 1.00 0.23 1.26 1.26 -3.09 1.32 0.05 -1.97 1.92 0.12 

46 6.90 0.21 1.00 0.45 1.28 1.57 -0.98 1.30 0.37 -6.90 0.38 0.00 

47 -0.89 0.06 0.29 1.69 1.12 5.42 -0.17 1.31 0.85 -6.90 0.34 0.00 

48 6.90 0.16 1.00 -0.18 1.54 0.83 0.92 1.60 2.50 -6.90 0.25 0.00 

49 -4.83 0.01 0.01 -0.91 5.07 0.40 2.99 33.76 19.89 -6.90 1.99 0.00 

50 6.90 0.19 1.00 0.30 1.08 1.34 -6.90 1.08 0.00 -6.90 0.71 0.00 

51 6.90 0.19 1.00 0.64 1.26 1.89 0.51 1.26 1.67 -6.90 0.23 0.00 

52 -5.33 0.00 0.00 2.99 NaN 19.89 -5.59 NaN 0.00 -6.90 0.84 0.00 

53 6.90 NaN 1.00 0.80 0.73 2.23 -6.86 0.74 0.00 -6.90 0.20 0.00 

54 1.48 0.16 0.82 0.94 1.32 2.57 -6.90 1.29 0.00 -0.82 0.40 0.30 
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55 0.83 0.18 0.70 2.15 1.61 8.61 -6.90 1.30 0.00 -6.90 0.21 0.00 

56 0.95 0.13 0.72 1.47 1.80 4.35 1.15 1.87 3.15 -6.90 0.13 0.00 

57 -2.80 0.02 0.06 2.16 2.06 8.71 -6.90 1.81 0.00 -0.41 0.73 0.40 

58 -1.49 0.05 0.18 2.99 5.23 19.89 2.98 10.85 19.59 -6.90 0.29 0.00 

59 6.90 0.14 1.00 -5.86 1.42 0.00 1.24 1.50 3.45 -6.90 0.24 0.00 

60 6.90 0.39 1.00 -0.37 1.23 0.69 -0.56 1.31 0.57 -6.90 1.22 0.00 

 

Table B.12 Posterior means and standard deviations (Std) of individual parameter distributions of the SU6 model. 

Gray shade is used for ADP. φ: decay parameter, α: learning rate, ρR: reward sensitivity, ρP: punishment 

sensitivity. 

  φ α ρR ρP 

Subj Mean Std Mean Std Mean Std Mean Std 

1 0.023 0.023 0.983 0.022 4.420 0.658 0.365 0.349 

2 0.026 0.027 0.981 0.028 1.828 0.553 0.590 0.520 

3 0.067 0.079 0.921 0.100 1.937 0.803 1.090 0.823 

4 0.022 0.022 0.968 0.043 5.034 1.173 2.261 1.259 

5 0.029 0.032 0.977 0.032 2.435 0.640 0.751 0.624 

6 0.020 0.017 0.887 0.099 5.717 0.989 0.522 0.491 

7 0.033 0.039 0.978 0.032 1.709 0.585 0.685 0.574 

8 0.057 0.080 0.574 0.217 2.272 0.851 0.709 0.773 

9 0.032 0.034 0.941 0.074 4.835 1.209 1.818 1.201 

10 0.047 0.063 0.726 0.181 2.127 0.614 0.324 0.338 

11 0.025 0.025 0.555 0.101 4.226 1.215 1.253 1.037 

12 0.074 0.122 0.901 0.126 1.869 0.348 0.148 0.143 

13 0.066 0.103 0.304 0.138 1.701 0.781 0.526 0.539 

14 0.057 0.085 0.813 0.167 1.474 0.414 0.244 0.241 

15 0.033 0.037 0.859 0.145 2.238 0.977 1.169 0.902 

16 0.068 0.109 0.649 0.192 0.882 0.441 0.437 0.387 

17 0.027 0.028 0.987 0.017 2.068 0.751 1.144 0.804 

18 0.049 0.055 0.650 0.118 6.775 1.262 1.072 0.930 

19 0.020 0.019 0.987 0.018 4.076 0.706 0.667 0.572 

20 0.079 0.135 0.183 0.239 3.253 1.567 0.395 0.503 

21 0.065 0.105 0.671 0.348 0.800 0.712 0.345 0.436 

22 0.043 0.047 0.949 0.068 10.490 2.039 0.742 0.684 

23 0.072 0.110 0.031 0.065 5.237 2.377 0.496 0.621 

24 0.048 0.053 0.733 0.129 5.729 1.068 2.398 1.548 

25 0.021 0.021 0.958 0.054 2.861 0.754 0.810 0.686 

26 0.028 0.029 0.714 0.138 4.462 0.948 0.764 0.734 

27 0.047 0.061 0.983 0.025 1.345 0.439 0.382 0.389 

28 0.033 0.040 0.453 0.158 3.431 1.462 0.204 0.241 

29 0.059 0.087 0.013 0.014 6.765 3.917 0.493 0.745 

30 0.041 0.052 0.987 0.020 1.252 0.587 0.670 0.575 

31 0.038 0.045 0.559 0.179 2.601 0.675 0.242 0.295 

32 0.058 0.077 0.185 0.022 10.351 1.739 0.292 0.373 

33 0.040 0.049 0.937 0.082 1.245 0.563 0.596 0.538 

34 0.026 0.026 0.531 0.070 5.528 0.899 0.216 0.241 

35 0.047 0.064 0.947 0.083 0.915 0.299 0.186 0.195 

36 0.059 0.087 0.962 0.069 0.773 0.372 0.356 0.330 
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37 0.037 0.042 0.851 0.134 2.614 0.474 0.253 0.295 

38 0.044 0.050 0.028 0.006 14.423 2.408 0.270 0.335 

39 0.030 0.032 0.956 0.065 7.754 1.888 3.296 1.740 

40 0.033 0.038 0.282 0.083 4.165 0.852 2.847 1.969 

41 0.053 0.070 0.048 0.017 6.110 1.427 0.643 0.947 

42 0.063 0.089 0.196 0.068 3.752 1.059 0.903 1.157 

43 0.066 0.098 0.492 0.169 1.409 0.507 0.279 0.318 

44 0.044 0.048 0.926 0.095 10.911 2.036 1.728 1.310 

45 0.041 0.049 0.031 0.011 9.371 2.334 0.418 0.578 

46 0.041 0.050 0.971 0.044 1.443 0.554 0.536 0.513 

47 0.038 0.046 0.335 0.058 4.873 0.892 0.684 0.708 

48 0.030 0.032 0.974 0.037 1.986 1.010 1.499 1.043 

49 0.066 0.103 0.053 0.130 2.884 2.931 0.961 1.466 

50 0.055 0.075 0.959 0.062 1.106 0.362 0.277 0.287 

51 0.022 0.021 0.988 0.016 2.375 0.915 1.213 0.937 

52 0.060 0.087 0.103 0.249 4.719 4.149 0.516 0.820 

53 0.026 0.028 0.855 0.197 2.330 0.644 0.354 0.538 

54 0.070 0.094 0.858 0.127 2.134 0.598 0.419 0.453 

55 0.060 0.065 0.825 0.138 7.903 1.365 0.388 0.455 

56 0.031 0.032 0.880 0.108 4.888 0.939 1.162 1.038 

57 0.070 0.116 0.070 0.016 5.377 0.921 0.355 0.457 

58 0.035 0.039 0.961 0.059 10.879 2.261 1.189 1.138 

59 0.023 0.023 0.987 0.019 1.720 1.024 1.816 1.095 

60 0.053 0.075 0.944 0.090 0.906 0.416 0.421 0.388 

 

Table B.13 Maximum likelihood estimates of DU1 parameters. Point estimates (P.E.) are shown with standard 

errors around them. Gray shade is used for ADP. 

  logit(α) α log(ρ) ρ 

Subj P.E. SE   P.E. SE   

1 -0.79 0.05 0.31 0.69 0.29 2.00 

2 -0.35 0.06 0.41 0.25 0.20 1.28 

3 -0.40 0.05 0.40 0.60 0.27 1.82 

4 -0.31 0.03 0.42 1.03 0.42 2.81 

5 6.90 0.17 1.00 0.31 0.19 1.37 

6 -1.79 0.02 0.14 1.69 0.86 5.43 

7 3.63 0.10 0.97 -0.01 0.13 0.99 

8 -1.58 0.07 0.17 0.26 0.32 1.30 

9 -0.43 0.03 0.39 1.07 0.43 2.91 

10 -0.59 0.09 0.36 0.08 0.21 1.09 

11 -1.29 0.03 0.22 1.15 0.48 3.15 

12 0.37 0.15 0.59 -0.31 0.17 0.73 

13 -1.81 0.05 0.14 -0.09 0.25 0.92 

14 0.09 0.11 0.52 -0.22 0.15 0.80 

15 -0.07 0.07 0.48 0.51 0.26 1.66 

16 -0.89 0.11 0.29 -0.58 0.17 0.56 

17 2.34 0.09 0.91 0.32 0.18 1.38 

18 -1.29 0.02 0.22 1.33 0.56 3.80 
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19 0.32 0.04 0.58 1.22 0.81 3.38 

20 -1.81 0.08 0.14 -0.39 0.27 0.68 

21 6.90 0.34 1.00 -1.15 0.07 0.32 

22 -1.88 0.02 0.13 1.88 1.14 6.54 

23 -4.89 0.01 0.01 1.02 2.65 2.78 

24 -1.02 0.02 0.26 1.52 0.75 4.55 

25 -0.79 0.03 0.31 0.75 0.30 2.13 

26 -1.37 0.02 0.20 1.25 0.51 3.48 

27 0.67 0.10 0.66 -0.25 0.13 0.78 

28 -1.30 0.07 0.21 0.45 0.33 1.57 

29 -6.90 NaN 0.00 2.46 NaN 11.65 

30 6.90 0.09 1.00 -0.06 0.11 0.94 

31 -1.36 0.04 0.20 0.42 0.26 1.52 

32 -4.52 0.00 0.01 2.99 3.50 19.89 

33 -0.32 0.06 0.42 0.09 0.18 1.10 

34 -1.10 0.03 0.25 1.04 0.41 2.83 

35 0.06 0.10 0.52 -0.38 0.14 0.68 

36 6.90 0.11 1.00 -0.69 0.09 0.50 

37 -1.03 0.05 0.26 0.48 0.25 1.62 

38 -0.88 0.06 0.29 -0.03 0.19 0.97 

39 -1.06 0.02 0.26 1.67 1.00 5.33 

40 -1.82 0.03 0.14 0.87 0.41 2.40 

41 -3.67 0.01 0.02 1.35 0.79 3.87 

42 -2.13 0.05 0.11 0.25 0.39 1.28 

43 -1.51 0.06 0.18 -0.23 0.21 0.80 

44 -1.36 0.02 0.20 1.86 1.20 6.41 

45 0.79 0.15 0.69 -0.45 0.14 0.64 

46 0.23 0.08 0.56 -0.06 0.16 0.95 

47 -1.59 0.02 0.17 0.93 0.37 2.53 

48 -0.28 0.05 0.43 0.46 0.22 1.58 

49 -4.02 0.02 0.02 0.00 0.99 1.00 

50 1.16 0.12 0.76 -0.41 0.11 0.67 

51 1.86 0.09 0.87 0.57 0.26 1.76 

52 -1.73 0.21 0.15 -1.46 0.27 0.23 

53 -1.02 0.05 0.26 0.71 0.33 2.03 

54 -0.98 0.04 0.27 0.39 0.22 1.47 

55 -1.98 0.01 0.12 1.72 0.86 5.60 

56 -1.00 0.02 0.27 1.31 0.55 3.71 

57 -3.58 0.01 0.03 0.89 0.56 2.45 

58 -1.30 0.02 0.21 1.67 0.94 5.32 

59 0.70 0.06 0.67 0.45 0.22 1.57 

60 3.15 0.12 0.96 -0.50 0.10 0.61 

 

Table B.14 Posterior means and standard deviations (Std) of individual parameter distributions of the DU1 model. 

Gray shade is used for ADP. α: learning rate, ρ: sensitivity. 

  α ρ 

Subj Mean Std Mean Std 

1 0.359 0.059 1.815 0.263 
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2 0.412 0.058 1.283 0.207 

3 0.398 0.056 1.830 0.268 

4 0.418 0.030 3.133 0.482 

5 0.830 0.084 1.614 0.220 

6 0.169 0.020 5.247 0.832 

7 0.860 0.072 1.104 0.139 

8 0.216 0.069 1.322 0.292 

9 0.385 0.030 3.326 0.505 

10 0.378 0.093 1.062 0.202 

11 0.224 0.028 3.040 0.447 

12 0.463 0.145 0.894 0.205 

13 0.148 0.052 0.964 0.272 

14 0.516 0.110 0.814 0.151 

15 0.480 0.065 1.757 0.266 

16 0.331 0.136 0.551 0.172 

17 0.851 0.069 1.461 0.180 

18 0.207 0.021 3.948 0.588 

19 0.598 0.045 3.101 0.651 

20 0.162 0.087 0.854 0.499 

21 0.723 0.278 0.367 0.192 

22 0.140 0.018 5.917 0.976 

23 0.163 0.204 1.287 1.514 

24 0.268 0.022 4.378 0.680 

25 0.311 0.034 2.147 0.305 

26 0.207 0.023 3.393 0.486 

27 0.660 0.095 0.795 0.134 

28 0.253 0.074 1.487 0.299 

29 0.040 0.100 1.536 1.581 

30 0.944 0.044 0.995 0.112 

31 0.202 0.040 1.531 0.261 

32 0.023 0.006 7.572 1.597 

33 0.417 0.065 1.105 0.175 

34 0.250 0.032 2.852 0.409 

35 0.524 0.109 0.669 0.142 

36 0.902 0.070 0.538 0.090 

37 0.259 0.046 1.739 0.262 

38 0.289 0.061 0.966 0.200 

39 0.260 0.023 4.898 0.855 

40 0.162 0.033 2.362 0.378 

41 0.016 0.006 4.915 1.330 

42 0.087 0.043 1.827 0.709 

43 0.200 0.078 0.834 0.225 

44 0.214 0.019 5.849 1.011 

45 0.634 0.144 0.692 0.145 

46 0.571 0.086 0.942 0.156 

47 0.172 0.024 2.476 0.356 

48 0.424 0.049 1.693 0.239 

49 0.081 0.190 1.199 1.162 

50 0.746 0.114 0.669 0.114 

51 0.851 0.074 1.815 0.262 

52 0.145 0.216 1.114 1.410 

53 0.270 0.046 2.091 0.328 

54 0.276 0.040 1.540 0.232 

55 0.111 0.015 5.511 0.820 

56 0.278 0.026 3.629 0.532 

57 0.026 0.011 3.241 1.031 

58 0.232 0.022 5.733 1.038 

59 0.656 0.062 1.676 0.236 
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60 0.869 0.086 0.664 0.101 

 

Table B.15 Maximum likelihood estimates of DU2 parameters. Point estimates (P.E.) are shown with standard 

errors around them. Gray shade is used for ADP. 

  logit(α) α log(ρR) ρR log(ρP) ρP 

Subj P.E. SE   P.E. SE   P.E. SE   

1 1.77 0.10 0.85 0.95 0.51 2.57 -2.01 0.22 0.13 

2 0.41 0.09 0.60 0.27 0.20 1.31 -1.44 0.26 0.24 

3 0.27 0.11 0.57 0.54 0.26 1.72 -0.22 0.40 0.80 

4 0.17 0.10 0.54 0.96 0.43 2.62 0.43 0.78 1.54 

5 6.90 0.23 1.00 0.30 0.19 1.34 0.36 0.47 1.43 

6 -0.16 0.08 0.46 1.28 0.68 3.61 -0.33 0.58 0.72 

7 1.01 0.13 0.73 -0.12 0.15 0.89 0.74 0.65 2.11 

8 0.68 0.31 0.66 -0.11 0.26 0.90 -6.90 0.39 0.00 

9 -0.15 0.08 0.46 1.03 0.44 2.80 0.72 0.80 2.06 

10 -1.06 0.10 0.26 0.15 0.24 1.16 0.69 0.90 1.99 

11 -1.12 0.05 0.25 1.09 0.49 2.99 0.92 0.89 2.51 

12 0.54 0.17 0.63 -0.27 0.17 0.76 -0.57 0.25 0.56 

13 -2.03 0.06 0.12 -0.08 0.28 0.92 0.33 1.00 1.39 

14 -0.35 0.11 0.41 -0.43 0.16 0.65 0.54 0.51 1.71 

15 -0.35 0.12 0.41 0.55 0.29 1.74 0.78 0.88 2.17 

16 -1.34 0.06 0.21 -1.73 0.23 0.18 0.72 0.69 2.06 

17 6.90 0.15 1.00 0.38 0.20 1.46 0.01 0.38 1.01 

18 -0.55 0.06 0.37 1.17 0.54 3.24 0.26 0.66 1.30 

19 1.41 0.17 0.80 1.55 3.17 4.72 0.62 1.00 1.85 

20 -1.12 0.18 0.25 -0.28 0.28 0.75 -6.90 0.36 0.00 

21 6.90 0.46 1.00 -1.44 0.14 0.24 -0.77 0.28 0.46 

22 0.27 0.10 0.57 2.99 9.54 19.89 0.89 1.14 2.43 

23 3.07 NaN 0.96 -0.73 NaN 0.48 -6.90 NaN 0.00 

24 -0.68 0.06 0.34 1.42 0.75 4.15 1.07 1.12 2.91 

25 -0.39 0.06 0.40 0.69 0.30 2.00 0.07 0.48 1.08 

26 -1.26 0.05 0.22 1.20 0.61 3.32 1.10 1.22 2.99 

27 0.99 0.10 0.73 -0.11 0.15 0.90 -0.85 0.18 0.43 

28 0.78 0.17 0.69 0.18 0.21 1.20 -5.69 0.22 0.00 

29 -6.50 0.01 0.00 2.99 75.80 19.89 2.32 42.96 10.21 

30 6.90 0.14 1.00 -0.07 0.13 0.93 -0.03 0.32 0.97 

31 -0.81 0.08 0.31 0.33 0.24 1.39 -0.73 0.46 0.48 

32 -0.52 0.09 0.37 0.94 0.45 2.56 -6.90 0.35 0.00 

33 -0.19 0.09 0.45 0.10 0.18 1.10 -0.11 0.43 0.90 

34 -0.16 0.08 0.46 0.83 0.37 2.29 -0.74 0.48 0.48 

35 -0.05 0.11 0.49 -0.43 0.15 0.65 -0.18 0.31 0.84 

36 6.90 0.15 1.00 -0.56 0.10 0.57 -0.94 0.20 0.39 

37 0.52 0.14 0.63 0.45 0.28 1.57 -6.90 0.35 0.00 

38 -0.43 0.07 0.40 0.59 0.30 1.81 -6.90 0.26 0.00 

39 -0.13 0.13 0.47 1.56 0.97 4.75 0.73 1.15 2.08 

40 -1.11 0.10 0.25 0.62 0.41 1.86 -0.12 0.71 0.89 

41 -2.43 0.08 0.08 0.52 1.02 1.69 -6.90 1.57 0.00 

42 1.28 NaN 0.78 -0.41 NaN 0.66 -6.90 NaN 0.00 

43 -1.56 0.06 0.17 -0.36 0.23 0.70 0.15 0.47 1.16 

44 -0.15 0.13 0.46 1.71 1.23 5.51 0.73 1.14 2.08 
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45 0.85 0.16 0.70 -0.14 0.18 0.87 -1.24 0.16 0.29 

46 1.53 0.15 0.82 -0.04 0.16 0.96 -1.35 0.22 0.26 

47 -1.55 0.04 0.17 0.91 0.43 2.49 0.86 1.02 2.37 

48 0.40 0.12 0.60 0.40 0.22 1.50 -0.39 0.42 0.68 

49 -5.75 0.00 0.00 -1.28 2.53 0.28 2.99 31.46 19.89 

50 2.20 0.14 0.90 -0.32 0.12 0.73 -0.99 0.18 0.37 

51 6.90 0.17 1.00 0.88 0.59 2.41 -0.04 0.55 0.96 

52 -6.49 0.00 0.00 2.99 45.51 19.89 1.84 18.74 6.32 

53 0.41 0.10 0.60 0.53 0.26 1.70 -2.23 0.29 0.11 

54 -0.92 0.06 0.29 0.38 0.22 1.46 0.27 0.58 1.31 

55 -0.50 0.08 0.38 1.31 0.68 3.72 -0.33 0.60 0.72 

56 -0.48 0.06 0.38 1.19 0.56 3.28 0.59 0.77 1.81 

57 -2.48 0.03 0.08 0.69 0.41 2.00 -0.99 0.50 0.37 

58 0.11 0.08 0.53 1.64 1.22 5.17 0.39 0.73 1.48 

59 0.99 0.12 0.73 0.46 0.22 1.59 0.25 0.48 1.28 

60 2.91 0.16 0.95 -0.51 0.11 0.60 -0.47 0.24 0.63 

 

Table B.16 Posterior means and standard deviations (Std) of individual parameter distributions of the DU2 model. 

Gray shade is used for ADP. α: learning rate, ρR: reward sensitivity, ρP: punishment sensitivity. 

  α ρR ρP 

Subj Mean Std Mean Std Mean Std 

1 0.782 0.078 2.618 0.484 0.284 0.173 

2 0.581 0.079 1.356 0.197 0.313 0.200 

3 0.564 0.095 1.727 0.247 0.810 0.365 

4 0.555 0.082 2.850 0.460 1.624 0.715 

5 0.745 0.117 1.536 0.228 2.149 0.596 

6 0.476 0.070 4.332 0.827 0.961 0.552 

7 0.692 0.103 0.928 0.155 2.281 0.604 

8 0.475 0.134 1.108 0.207 0.343 0.330 

9 0.477 0.072 3.034 0.480 2.139 0.767 

10 0.346 0.102 1.044 0.205 1.491 0.622 

11 0.295 0.053 2.671 0.406 1.842 0.663 

12 0.513 0.145 0.903 0.202 0.663 0.269 

13 0.169 0.063 0.891 0.259 0.895 0.568 

14 0.452 0.107 0.637 0.159 1.574 0.444 

15 0.481 0.099 1.716 0.268 1.856 0.645 

16 0.271 0.089 0.301 0.159 1.598 0.560 

17 0.840 0.087 1.483 0.201 1.461 0.398 

18 0.384 0.060 3.176 0.505 1.068 0.572 

19 0.781 0.095 3.828 1.243 1.804 0.636 

20 0.266 0.112 0.854 0.260 0.247 0.213 

21 0.676 0.221 0.205 0.113 0.643 0.292 

22 0.514 0.077 7.883 2.126 1.210 0.635 

23 0.664 0.165 0.589 0.207 0.066 0.073 

24 0.395 0.062 3.638 0.616 1.995 0.815 

25 0.425 0.062 1.962 0.281 0.941 0.433 

26 0.290 0.056 2.809 0.459 1.757 0.804 

27 0.740 0.103 0.897 0.148 0.412 0.184 

28 0.600 0.134 1.305 0.204 0.177 0.151 
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29 0.019 0.020 2.259 1.234 0.318 0.328 

30 0.932 0.062 0.930 0.132 1.147 0.272 

31 0.327 0.078 1.369 0.222 0.432 0.343 

32 0.341 0.067 2.742 0.380 0.202 0.170 

33 0.488 0.098 1.078 0.172 0.731 0.374 

34 0.480 0.065 2.309 0.320 0.370 0.294 

35 0.535 0.123 0.655 0.147 0.654 0.281 

36 0.931 0.069 0.582 0.106 0.427 0.164 

37 0.589 0.078 1.719 0.224 0.123 0.106 

38 0.371 0.060 1.916 0.269 0.109 0.087 

39 0.617 0.111 4.020 0.887 0.839 0.576 

40 0.307 0.078 1.776 0.299 0.635 0.455 

41 0.051 0.022 2.092 0.449 0.402 0.421 

42 0.453 0.230 0.971 0.291 0.205 0.268 

43 0.208 0.085 0.737 0.238 0.981 0.428 

44 0.585 0.106 4.342 0.932 0.813 0.581 

45 0.643 0.182 0.959 0.251 0.273 0.161 

46 0.808 0.116 0.973 0.146 0.293 0.192 

47 0.238 0.055 2.069 0.340 1.226 0.713 

48 0.630 0.114 1.530 0.220 0.609 0.378 

49 0.060 0.151 1.065 0.821 0.680 0.757 

50 0.855 0.106 0.745 0.119 0.383 0.173 

51 0.963 0.038 2.399 0.483 1.033 0.257 

52 0.081 0.145 1.638 1.221 0.339 0.354 

53 0.564 0.085 1.780 0.243 0.277 0.219 

54 0.327 0.063 1.455 0.220 0.989 0.491 

55 0.404 0.067 3.452 0.534 0.427 0.343 

56 0.449 0.070 2.842 0.456 1.124 0.600 

57 0.090 0.032 1.958 0.351 0.326 0.290 

58 0.626 0.081 6.330 1.677 1.087 0.597 

59 0.776 0.111 1.667 0.232 1.148 0.425 

60 0.870 0.097 0.644 0.112 0.702 0.214 

 

Table B.17 Maximum likelihood estimates of DU3 parameters. Point estimates (P.E.) are shown with standard 

errors around them. Gray shade is used for ADP. 

  logit(αR) αR logit(αP) αP log(ρ) ρ 

Subj P.E. SE   P.E. SE   P.E. SE   

1 6.90 0.21 1.00 -0.68 0.05 0.34 0.54 0.23 1.71 

2 0.35 0.11 0.59 -0.65 0.06 0.34 0.14 0.19 1.15 

3 0.93 0.19 0.72 -0.34 0.06 0.42 0.39 0.25 1.48 

4 0.81 0.17 0.69 -0.32 0.03 0.42 0.82 0.42 2.28 

5 6.90 0.58 1.00 4.59 0.22 0.99 0.32 0.23 1.37 

6 0.44 0.14 0.61 -1.13 0.03 0.24 1.04 0.55 2.84 

7 0.79 0.14 0.69 6.90 0.13 1.00 0.05 0.15 1.05 

8 0.85 0.19 0.70 -1.27 0.08 0.22 -0.25 0.16 0.78 

9 0.17 0.11 0.54 -0.42 0.03 0.40 0.94 0.45 2.55 

10 -1.23 0.14 0.23 -0.65 0.09 0.34 0.29 0.42 1.34 
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11 -1.22 0.06 0.23 -1.28 0.03 0.22 1.12 0.61 3.06 

12 0.71 0.19 0.67 0.06 0.16 0.51 -0.32 0.16 0.73 

13 -2.48 0.09 0.08 -1.83 0.06 0.14 0.19 0.70 1.20 

14 -0.53 0.12 0.37 1.39 0.20 0.80 -0.27 0.17 0.77 

15 -0.19 0.13 0.45 -0.09 0.07 0.48 0.53 0.32 1.70 

16 -2.77 0.06 0.06 -0.22 0.11 0.45 -0.22 0.22 0.80 

17 6.90 0.26 1.00 1.67 0.10 0.84 0.36 0.19 1.44 

18 -0.19 0.10 0.45 -1.25 0.03 0.22 0.97 0.50 2.64 

19 1.53 0.22 0.82 0.34 0.04 0.58 1.20 0.90 3.32 

20 -0.24 5.75 0.44 -6.90 2.61 0.00 -0.77 2.99 0.46 

21 6.90 NaN 1.00 6.90 0.28 1.00 -1.15 0.07 0.32 

22 2.78 0.20 0.94 -1.26 0.03 0.22 2.99 36.83 19.89 

23 6.90 0.25 1.00 -6.90 0.13 0.00 -0.98 0.09 0.37 

24 -0.46 0.09 0.39 -0.93 0.03 0.28 1.31 0.80 3.69 

25 -0.05 0.09 0.49 -0.90 0.04 0.29 0.55 0.29 1.74 

26 -1.29 0.06 0.22 -1.35 0.03 0.21 1.21 0.76 3.35 

27 1.53 0.12 0.82 -0.12 0.11 0.47 -0.20 0.13 0.82 

28 0.76 0.21 0.68 -1.00 0.08 0.27 0.06 0.20 1.06 

29 -6.23 0.01 0.00 -6.90 0.00 0.00 2.73 74.85 15.36 

30 6.90 0.21 1.00 6.90 0.12 1.00 -0.06 0.12 0.94 

31 -1.04 0.09 0.26 -1.45 0.04 0.19 0.29 0.29 1.34 

32 -0.32 0.08 0.42 -2.09 0.03 0.11 0.72 0.33 2.06 

33 0.03 0.14 0.51 -0.43 0.07 0.39 0.03 0.19 1.03 

34 0.16 0.11 0.54 -1.12 0.04 0.25 0.68 0.34 1.97 

35 -0.35 0.12 0.41 0.34 0.12 0.58 -0.33 0.15 0.72 

36 6.90 0.21 1.00 3.56 0.15 0.97 -0.67 0.09 0.51 

37 1.14 0.12 0.76 -1.31 0.05 0.21 0.23 0.18 1.26 

38 -0.06 0.08 0.48 -3.00 0.05 0.05 0.15 0.19 1.17 

39 -0.20 0.12 0.45 -0.87 0.03 0.29 1.42 0.97 4.12 

40 -0.92 0.12 0.28 -1.63 0.04 0.16 0.51 0.40 1.67 

41 -1.76 0.06 0.15 -6.90 0.03 0.00 0.07 0.28 1.07 

42 1.17 0.38 0.76 -2.24 0.11 0.10 -0.59 0.21 0.55 

43 -1.81 0.07 0.14 -1.20 0.10 0.23 -0.16 0.23 0.85 

44 -0.13 0.13 0.47 -0.99 0.03 0.27 1.50 1.10 4.46 

45 1.65 0.18 0.84 -0.27 0.13 0.43 -0.31 0.14 0.73 

46 3.07 0.18 0.96 -0.11 0.08 0.47 -0.15 0.14 0.86 

47 -1.66 0.04 0.16 -1.60 0.02 0.17 0.96 0.54 2.62 

48 1.94 0.18 0.87 -0.36 0.06 0.41 0.25 0.19 1.28 

49 -6.90 0.00 0.00 -4.45 0.00 0.01 1.64 NaN 5.15 

50 0.93 0.19 0.72 1.43 0.21 0.81 -0.41 0.12 0.66 

51 6.90 0.42 1.00 1.70 0.09 0.85 0.57 0.26 1.78 

52 -5.84 0.01 0.00 -6.90 0.00 0.00 2.44 54.17 11.45 

53 0.44 0.11 0.61 -0.97 0.05 0.28 0.40 0.23 1.50 

54 -0.66 0.09 0.34 -1.09 0.05 0.25 0.30 0.25 1.35 

55 0.40 0.14 0.60 -1.52 0.03 0.18 0.99 0.49 2.68 

56 -0.26 0.09 0.43 -0.94 0.03 0.28 1.07 0.55 2.91 

57 -1.95 0.06 0.12 -3.64 0.01 0.03 0.33 0.37 1.39 

58 6.90 0.30 1.00 -0.73 0.03 0.32 1.42 0.91 4.12 
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59 0.35 0.15 0.59 0.75 0.07 0.68 0.46 0.23 1.59 

60 1.05 0.18 0.74 6.90 0.15 1.00 -0.45 0.11 0.64 

 

Table B.18 Posterior means and standard deviations (Std) of individual parameter distributions of the DU3 model. 

Gray shade is used for ADP. αR: reward learning rate, αP: punishment learning rate, ρ: sensitivity.  

  αR αP ρ 

Subj Mean Std Mean Std Mean Std 

1 0.872 0.088 0.323 0.044 1.742 0.225 

2 0.615 0.110 0.338 0.066 1.116 0.188 

3 0.697 0.137 0.407 0.057 1.500 0.233 

4 0.653 0.137 0.419 0.033 2.578 0.469 

5 0.686 0.162 0.808 0.083 1.683 0.250 

6 0.618 0.125 0.251 0.031 3.225 0.636 

7 0.628 0.135 0.880 0.070 1.168 0.151 

8 0.629 0.164 0.232 0.073 0.867 0.184 

9 0.528 0.103 0.393 0.032 2.871 0.523 

10 0.345 0.140 0.396 0.097 1.132 0.300 

11 0.280 0.064 0.233 0.030 2.677 0.494 

12 0.582 0.158 0.446 0.139 0.811 0.174 

13 0.203 0.105 0.161 0.071 0.851 0.321 

14 0.365 0.116 0.683 0.135 0.837 0.161 

15 0.474 0.116 0.485 0.066 1.761 0.315 

16 0.137 0.104 0.477 0.124 0.745 0.216 

17 0.860 0.101 0.808 0.075 1.503 0.187 

18 0.482 0.099 0.215 0.029 2.610 0.480 

19 0.790 0.129 0.595 0.041 3.082 0.681 

20 0.400 0.175 0.118 0.084 0.569 0.193 

21 0.596 0.301 0.688 0.216 0.358 0.154 

22 0.811 0.119 0.231 0.017 5.692 1.561 

23 0.864 0.118 0.106 0.078 0.403 0.091 

24 0.463 0.101 0.287 0.027 3.244 0.645 

25 0.521 0.094 0.283 0.041 1.693 0.277 

26 0.294 0.074 0.215 0.026 2.747 0.579 

27 0.792 0.107 0.489 0.114 0.814 0.128 

28 0.687 0.159 0.259 0.072 1.060 0.180 

29 0.212 0.225 0.111 0.195 0.550 0.610 

30 0.894 0.084 0.918 0.057 1.001 0.114 

31 0.308 0.097 0.180 0.053 1.251 0.283 

32 0.440 0.086 0.101 0.027 1.997 0.324 

33 0.549 0.144 0.383 0.081 0.993 0.182 

34 0.596 0.114 0.238 0.041 1.925 0.322 

35 0.462 0.128 0.586 0.127 0.672 0.143 

36 0.854 0.116 0.852 0.096 0.551 0.092 

37 0.737 0.112 0.210 0.054 1.316 0.186 

38 0.483 0.085 0.049 0.035 1.192 0.187 

39 0.591 0.142 0.306 0.032 3.312 0.690 
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40 0.340 0.106 0.174 0.041 1.642 0.356 

41 0.114 0.049 0.013 0.009 1.315 0.367 

42 0.531 0.220 0.102 0.071 0.752 0.245 

43 0.199 0.094 0.302 0.144 0.774 0.231 

44 0.594 0.143 0.281 0.034 3.561 0.769 

45 0.760 0.143 0.395 0.121 0.777 0.139 

46 0.840 0.105 0.462 0.083 0.898 0.130 

47 0.204 0.056 0.172 0.027 2.244 0.461 

48 0.795 0.122 0.402 0.054 1.370 0.192 

49 0.342 0.316 0.260 0.279 0.349 0.475 

50 0.715 0.150 0.732 0.145 0.668 0.109 

51 0.799 0.139 0.834 0.075 1.830 0.260 

52 0.385 0.273 0.289 0.269 0.335 0.399 

53 0.604 0.112 0.272 0.047 1.533 0.234 

54 0.376 0.092 0.246 0.052 1.337 0.246 

55 0.647 0.133 0.170 0.029 2.526 0.430 

56 0.490 0.096 0.286 0.031 2.668 0.486 

57 0.186 0.071 0.021 0.014 1.237 0.281 

58 0.858 0.107 0.321 0.022 5.245 1.263 

59 0.551 0.153 0.674 0.068 1.688 0.250 

60 0.712 0.144 0.879 0.085 0.692 0.105 

 

Table B.19 Maximum likelihood estimates of DU4 parameters. Point estimates (P.E.) are shown with standard 

errors around them. Gray shade is used for ADP. 

  logit(αR) αR logit(αP) αP log(ρR) ρR log(ρP) ρP 

Sub P.E. SE   P.E. SE   P.E. SE   P.E. SE   

1 6.90 0.33 1.00 1.49 0.12 0.82 0.88 0.53 2.40 -1.63 0.25 0.20 

2 -0.55 0.13 0.37 1.61 0.13 0.83 0.71 0.66 2.04 -2.78 0.18 0.06 

3 0.85 0.23 0.70 -0.23 0.22 0.44 0.41 0.33 1.50 0.28 1.24 1.33 

4 1.05 0.15 0.74 -2.45 0.14 0.08 0.76 0.34 2.14 2.99 38.17 19.89 

5 6.90 NaN 1.00 0.49 0.16 0.62 0.29 0.16 1.33 1.12 NaN 3.07 

6 0.17 0.16 0.54 -0.52 0.17 0.37 1.15 0.82 3.17 0.25 1.36 1.28 

7 0.93 0.13 0.72 3.16 0.51 0.96 -0.09 0.16 0.92 0.33 1.23 1.39 

8 1.39 0.22 0.80 0.05 0.35 0.51 -0.24 0.17 0.79 -6.90 0.46 0.00 

9 0.42 0.10 0.60 -2.48 0.12 0.08 0.83 0.36 2.29 2.99 32.63 19.89 

10 -0.82 0.15 0.31 -1.41 0.17 0.20 0.03 0.32 1.03 0.99 2.50 2.69 

11 -3.28 0.04 0.04 0.07 0.09 0.52 2.99 23.66 19.89 -0.09 0.38 0.91 

12 0.71 0.18 0.67 -0.13 0.30 0.47 -0.33 0.17 0.72 -0.18 0.67 0.83 

13 -5.67 0.02 0.00 -1.52 0.11 0.18 2.99 95.40 19.89 -0.05 0.73 0.95 

14 -0.48 0.12 0.38 0.40 0.30 0.60 -0.38 0.18 0.69 0.14 0.66 1.15 

15 -0.20 0.12 0.45 -0.82 0.18 0.31 0.49 0.29 1.63 1.18 2.41 3.25 

16 -1.76 0.13 0.15 -0.76 0.21 0.32 -1.39 0.37 0.25 0.25 0.97 1.29 

17 6.90 0.27 1.00 6.90 0.26 1.00 0.38 0.20 1.46 0.01 0.54 1.01 

18 -0.11 0.14 0.47 -1.53 0.27 0.18 0.93 0.76 2.53 1.27 6.90 3.55 

19 1.06 0.32 0.74 1.68 0.26 0.84 1.73 7.93 5.62 0.53 1.08 1.70 

20 -5.07 0.04 0.01 -0.38 0.18 0.41 2.99 125.72 19.89 -2.43 0.14 0.09 

21 6.90 NaN 1.00 6.90 0.35 1.00 -1.44 0.05 0.24 -0.77 0.20 0.46 



250 

 

22 2.78 0.20 0.94 -1.26 1.12 0.22 2.99 51.38 19.88 2.99 127.29 19.89 

23 6.90 0.24 1.00 -0.37 NaN 0.41 -0.77 0.11 0.46 -6.90 NaN 0.00 

24 -0.02 0.11 0.49 -2.62 0.13 0.07 1.08 0.62 2.96 2.99 42.30 19.89 

25 0.25 0.09 0.56 -3.23 0.08 0.04 0.42 0.22 1.53 2.99 43.40 19.89 

26 -3.33 0.15 0.03 -0.09 0.17 0.48 2.99 86.72 19.89 0.00 0.67 1.00 

27 1.36 0.14 0.80 0.29 0.23 0.57 -0.16 0.15 0.85 -0.51 0.38 0.60 

28 0.97 0.25 0.73 0.69 0.20 0.66 0.15 0.26 1.16 -3.82 0.25 0.02 

29 -6.37 0.01 0.00 -6.90 0.01 0.00 2.87 59.77 17.57 2.73 121.28 15.35 

30 6.90 0.22 1.00 6.90 0.22 1.00 -0.07 0.13 0.93 -0.03 0.41 0.97 

31 -3.91 0.07 0.02 0.64 0.11 0.66 2.99 65.71 19.89 -1.45 0.17 0.23 

32 -0.47 0.10 0.38 -0.55 0.17 0.37 0.92 0.57 2.50 -6.56 0.51 0.00 

33 0.14 0.15 0.53 -0.89 0.25 0.29 -0.03 0.21 0.97 0.45 1.72 1.57 

34 -0.37 0.16 0.41 0.12 0.20 0.53 0.93 0.89 2.53 -1.25 0.58 0.29 

35 -0.95 0.18 0.28 1.73 0.23 0.85 0.15 0.63 1.16 -1.07 0.23 0.34 

36 6.90 0.20 1.00 6.90 0.25 1.00 -0.56 0.11 0.57 -0.94 0.23 0.39 

37 1.35 0.18 0.79 0.08 0.49 0.52 0.30 0.22 1.35 -6.90 1.13 0.00 

38 -3.33 0.15 0.03 0.73 0.12 0.67 2.99 82.64 19.89 -6.90 0.17 0.00 

39 -1.52 0.22 0.18 1.46 0.17 0.81 2.99 28.61 19.89 -0.39 0.54 0.68 

40 -0.93 0.12 0.28 -1.59 0.18 0.17 0.52 0.44 1.68 0.46 2.42 1.59 

41 -1.75 0.04 0.15 -6.90 0.00 0.00 0.06 0.16 1.07 -6.90 NaN 0.00 

42 1.88 0.22 0.87 0.50 NaN 0.62 -0.50 0.15 0.61 -6.90 NaN 0.00 

43 -1.51 0.17 0.18 -1.67 0.32 0.16 -0.40 0.59 0.67 0.24 2.58 1.27 

44 -1.23 0.18 0.23 1.29 0.17 0.78 2.99 21.19 19.89 -0.31 0.58 0.73 

45 1.46 0.20 0.81 0.06 0.28 0.51 -0.27 0.19 0.77 -0.60 0.51 0.55 

46 2.45 0.14 0.92 -1.84 0.30 0.14 -0.21 0.13 0.81 1.55 11.76 4.70 

47 -3.72 0.04 0.02 0.06 0.11 0.52 2.99 29.43 19.89 -0.63 0.31 0.53 

48 1.31 0.13 0.79 -2.96 0.08 0.05 0.26 0.18 1.30 2.99 33.88 19.89 

49 -6.90 0.00 0.00 -5.70 0.01 0.00 -0.22 NaN 0.80 2.99 47.26 19.89 

50 0.89 0.19 0.71 6.90 0.27 1.00 -0.22 0.15 0.80 -0.98 0.17 0.38 

51 6.90 0.49 1.00 6.90 0.18 1.00 0.88 0.65 2.41 -0.04 0.57 0.96 

52 -6.47 0.00 0.00 -6.90 0.01 0.00 2.99 53.95 19.88 2.30 115.86 9.96 

53 -0.01 0.14 0.50 0.86 0.15 0.70 0.67 0.44 1.96 -6.90 0.27 0.00 

54 -0.48 0.09 0.38 -3.44 0.18 0.03 0.13 0.23 1.14 2.70 89.44 14.87 

55 0.78 0.15 0.69 -3.34 0.10 0.03 0.89 0.41 2.43 2.99 63.96 19.89 

56 -0.03 0.15 0.49 -2.21 0.46 0.10 0.94 0.79 2.56 2.37 55.29 10.66 

57 -1.82 0.06 0.14 -6.17 0.02 0.00 0.24 0.28 1.27 2.99 236.93 19.89 

58 6.90 0.28 1.00 -2.28 0.10 0.09 1.31 0.78 3.70 2.99 22.85 19.89 

59 -0.13 0.16 0.47 2.93 0.14 0.95 0.69 0.44 2.00 -0.25 0.31 0.78 

60 1.02 0.18 0.74 6.90 0.24 1.00 -0.41 0.14 0.66 -0.49 0.26 0.61 

 

Table B.20 Posterior means and standard deviations (Std) of individual parameter distributions of the DU4 model. 

Gray shade is used for ADP. αR: reward learning rate, αP: punishment learning rate, ρR: reward sensitivity, ρP: 

punishment sensitivity.  

  αR αP ρR ρP 

Subj Mean Std Mean Std Mean Std Mean Std 

1 0.836 0.115 0.664 0.115 2.316 0.469 0.455 0.290 

2 0.449 0.126 0.654 0.108 1.760 0.524 0.257 0.181 

3 0.661 0.161 0.482 0.121 1.598 0.323 1.208 0.706 
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4 0.634 0.147 0.470 0.122 2.674 0.567 2.364 1.346 

5 0.753 0.165 0.609 0.137 1.530 0.259 3.097 1.252 

6 0.465 0.137 0.486 0.100 4.736 1.575 0.973 0.731 

7 0.692 0.129 0.586 0.141 0.913 0.157 3.025 1.197 

8 0.637 0.168 0.405 0.129 0.940 0.214 0.380 0.396 

9 0.525 0.108 0.427 0.105 2.900 0.572 2.743 1.366 

10 0.341 0.148 0.392 0.127 1.188 0.509 1.352 0.750 

11 0.186 0.069 0.441 0.090 4.607 1.695 1.114 0.533 

12 0.560 0.175 0.458 0.146 0.868 0.282 0.842 0.506 

13 0.143 0.102 0.282 0.115 1.553 1.230 0.569 0.478 

14 0.397 0.126 0.517 0.140 0.685 0.209 1.410 0.570 

15 0.471 0.116 0.469 0.122 1.758 0.342 2.032 0.937 

16 0.146 0.120 0.429 0.124 0.804 0.943 1.005 0.521 

17 0.870 0.101 0.642 0.137 1.455 0.197 2.365 0.907 

18 0.412 0.115 0.371 0.108 3.180 0.935 1.244 0.943 

19 0.770 0.152 0.650 0.133 3.499 1.109 2.807 1.236 

20 0.219 0.156 0.404 0.143 1.451 1.082 0.171 0.163 

21 0.606 0.287 0.553 0.172 0.258 0.346 0.682 0.316 

22 0.782 0.144 0.406 0.094 7.052 2.212 2.547 1.427 

23 0.852 0.129 0.404 0.155 0.501 0.116 0.098 0.119 

24 0.405 0.118 0.394 0.101 3.826 1.147 2.173 1.206 

25 0.499 0.104 0.348 0.116 1.783 0.352 1.513 1.102 

26 0.226 0.082 0.388 0.096 3.898 1.477 1.212 0.769 

27 0.759 0.127 0.677 0.188 0.873 0.156 0.499 0.327 

28 0.678 0.181 0.580 0.151 1.232 0.274 0.183 0.206 

29 0.088 0.156 0.191 0.268 1.468 1.329 0.209 0.358 

30 0.896 0.091 0.871 0.114 0.908 0.137 1.331 0.427 

31 0.187 0.088 0.567 0.132 2.771 1.256 0.227 0.194 

32 0.400 0.098 0.291 0.097 2.452 0.543 0.321 0.432 

33 0.511 0.171 0.490 0.185 1.110 0.374 0.828 0.728 

34 0.444 0.134 0.517 0.120 2.652 0.834 0.341 0.438 

35 0.303 0.148 0.825 0.147 1.320 0.727 0.325 0.220 

36 0.872 0.116 0.886 0.112 0.567 0.117 0.482 0.209 

37 0.745 0.126 0.479 0.115 1.468 0.231 0.176 0.198 

38 0.243 0.091 0.520 0.100 3.314 1.318 0.068 0.053 

39 0.553 0.177 0.660 0.129 4.959 1.777 0.756 0.703 

40 0.285 0.117 0.362 0.123 2.095 0.901 0.521 0.555 

41 0.090 0.048 0.042 0.035 1.708 0.780 0.400 0.549 

42 0.606 0.223 0.401 0.242 0.789 0.262 0.186 0.278 

43 0.149 0.116 0.378 0.183 1.354 1.065 0.695 0.554 

44 0.550 0.176 0.610 0.131 5.126 1.786 0.812 0.810 

45 0.661 0.206 0.614 0.213 0.963 0.371 0.359 0.359 

46 0.843 0.115 0.604 0.221 0.920 0.148 0.749 0.808 

47 0.145 0.058 0.455 0.119 3.908 1.563 0.532 0.461 

48 0.816 0.123 0.406 0.144 1.339 0.188 1.686 1.238 

49 0.177 0.263 0.463 0.343 1.012 1.070 0.212 0.405 
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50 0.732 0.154 0.880 0.113 0.786 0.148 0.393 0.170 

51 0.752 0.190 0.961 0.040 2.626 0.653 1.055 0.264 

52 0.175 0.224 0.462 0.303 1.147 1.113 0.163 0.216 

53 0.513 0.133 0.621 0.117 1.980 0.468 0.211 0.221 

54 0.369 0.097 0.285 0.116 1.374 0.305 1.314 1.024 

55 0.575 0.156 0.317 0.104 2.856 0.716 0.907 0.966 

56 0.411 0.117 0.487 0.139 3.307 1.080 1.177 1.224 

57 0.140 0.072 0.076 0.055 1.769 0.906 0.360 0.490 

58 0.850 0.125 0.531 0.122 6.375 1.946 2.324 1.420 

59 0.347 0.153 0.914 0.076 2.872 1.075 0.862 0.265 

60 0.715 0.154 0.896 0.100 0.680 0.138 0.695 0.212 

 

Table B.21 Posterior means and standard deviations (Std) of individual parameter distributions of the DU5 model. 

Gray shade is used for ADP. α: learning rate, ρ: sensitivity.  

  α ρ 

Subj Mean Std Mean Std 

1 0.436 0.069 1.828 0.262 

2 0.501 0.071 1.283 0.206 

3 0.478 0.067 1.833 0.274 

4 0.501 0.036 3.112 0.481 

5 0.907 0.063 1.694 0.216 

6 0.204 0.024 5.288 0.837 

7 0.930 0.053 1.163 0.140 

8 0.258 0.084 1.330 0.297 

9 0.462 0.036 3.305 0.503 

10 0.460 0.113 1.060 0.202 

11 0.268 0.035 3.040 0.458 

12 0.570 0.171 0.886 0.206 

13 0.177 0.063 0.974 0.273 

14 0.621 0.131 0.812 0.153 

15 0.574 0.079 1.751 0.269 

16 0.395 0.162 0.561 0.177 

17 0.933 0.048 1.545 0.182 

18 0.250 0.026 3.960 0.586 

19 0.718 0.055 3.098 0.651 

20 0.187 0.107 0.906 0.613 

21 0.721 0.304 0.403 0.291 

22 0.169 0.021 5.993 0.991 

23 0.187 0.242 1.375 1.569 

24 0.321 0.027 4.356 0.679 

25 0.375 0.041 2.140 0.304 

26 0.248 0.028 3.408 0.492 

27 0.809 0.106 0.783 0.130 

28 0.305 0.090 1.492 0.300 

29 0.042 0.113 1.677 1.642 

30 0.976 0.025 1.046 0.120 
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31 0.243 0.049 1.539 0.268 

32 0.027 0.008 7.601 1.646 

33 0.501 0.079 1.097 0.178 

34 0.298 0.039 2.870 0.415 

35 0.647 0.134 0.663 0.140 

36 0.952 0.050 0.573 0.096 

37 0.308 0.055 1.741 0.262 

38 0.349 0.073 0.960 0.197 

39 0.314 0.029 4.936 0.868 

40 0.190 0.039 2.400 0.387 

41 0.019 0.007 4.993 1.332 

42 0.102 0.052 1.889 0.788 

43 0.239 0.093 0.842 0.227 

44 0.259 0.023 5.885 1.021 

45 0.766 0.152 0.682 0.137 

46 0.703 0.110 0.924 0.156 

47 0.206 0.029 2.487 0.360 

48 0.513 0.060 1.691 0.238 

49 0.059 0.153 1.372 1.296 

50 0.867 0.103 0.679 0.108 

51 0.949 0.045 1.930 0.262 

52 0.177 0.264 1.214 1.495 

53 0.325 0.057 2.097 0.335 

54 0.330 0.048 1.540 0.232 

55 0.135 0.018 5.518 0.826 

56 0.334 0.031 3.635 0.535 

57 0.030 0.012 3.330 1.031 

58 0.277 0.027 5.847 1.065 

59 0.797 0.077 1.675 0.239 

60 0.940 0.059 0.708 0.103 

 

Table B.22 Posterior means and standard deviations (Std) of individual parameter distributions of the reduced DU6 

model. Gray shade is used for ADP. α: learning rate, ρR: reward sensitivity, ρP: punishment sensitivity.  

  α ρR ρP 

Subj Mean Std Mean Std Mean Std 

1 0.830 0.079 2.603 0.475 0.297 0.176 

2 0.628 0.084 1.355 0.196 0.310 0.200 

3 0.608 0.101 1.726 0.248 0.809 0.364 

4 0.598 0.091 2.848 0.463 1.628 0.733 

5 0.778 0.115 1.541 0.229 2.233 0.603 

6 0.514 0.075 4.316 0.818 0.952 0.548 

7 0.740 0.106 0.924 0.157 2.302 0.597 

8 0.518 0.143 1.101 0.204 0.327 0.299 

9 0.515 0.078 3.030 0.483 2.126 0.765 

10 0.374 0.111 1.042 0.204 1.491 0.624 

11 0.316 0.057 2.679 0.413 1.863 0.682 
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12 0.555 0.154 0.901 0.200 0.662 0.267 

13 0.181 0.069 0.894 0.261 0.913 0.585 

14 0.491 0.116 0.631 0.160 1.569 0.444 

15 0.516 0.106 1.716 0.268 1.864 0.644 

16 0.292 0.097 0.301 0.161 1.598 0.561 

17 0.867 0.083 1.478 0.203 1.576 0.401 

18 0.414 0.066 3.170 0.508 1.067 0.578 

19 0.819 0.094 3.755 1.159 1.927 0.643 

20 0.287 0.121 0.852 0.256 0.244 0.205 

21 0.701 0.226 0.202 0.118 0.660 0.314 

22 0.554 0.083 7.858 2.127 1.214 0.633 

23 0.703 0.171 0.600 0.335 0.068 0.096 

24 0.426 0.067 3.640 0.616 2.000 0.818 

25 0.458 0.067 1.959 0.283 0.935 0.433 

26 0.313 0.060 2.796 0.457 1.744 0.802 

27 0.802 0.105 0.896 0.145 0.409 0.182 

28 0.655 0.146 1.301 0.205 0.174 0.148 

29 0.021 0.027 2.259 1.245 0.327 0.348 

30 0.948 0.053 0.911 0.134 1.269 0.272 

31 0.353 0.084 1.367 0.222 0.426 0.336 

32 0.367 0.073 2.743 0.383 0.203 0.171 

33 0.528 0.107 1.075 0.173 0.726 0.377 

34 0.517 0.070 2.310 0.318 0.373 0.294 

35 0.582 0.134 0.654 0.147 0.649 0.283 

36 0.942 0.064 0.576 0.112 0.491 0.170 

37 0.637 0.084 1.710 0.223 0.119 0.099 

38 0.401 0.065 1.911 0.269 0.107 0.085 

39 0.671 0.123 4.062 0.922 0.838 0.591 

40 0.329 0.084 1.780 0.302 0.644 0.468 

41 0.055 0.024 2.100 0.456 0.405 0.429 

42 0.490 0.248 0.974 0.302 0.210 0.300 

43 0.225 0.095 0.733 0.240 0.985 0.428 

44 0.635 0.117 4.379 0.968 0.807 0.593 

45 0.700 0.188 0.951 0.240 0.271 0.157 

46 0.857 0.108 0.978 0.144 0.300 0.188 

47 0.256 0.059 2.072 0.341 1.232 0.713 

48 0.686 0.124 1.524 0.219 0.594 0.375 

49 0.061 0.152 1.079 0.849 0.701 0.764 

50 0.890 0.095 0.751 0.121 0.404 0.173 

51 0.968 0.035 2.277 0.426 1.237 0.273 

52 0.093 0.173 1.663 1.257 0.341 0.367 

53 0.611 0.093 1.779 0.244 0.274 0.219 

54 0.352 0.069 1.455 0.220 0.996 0.499 

55 0.436 0.073 3.450 0.533 0.433 0.353 

56 0.483 0.075 2.848 0.456 1.134 0.598 

57 0.096 0.033 1.966 0.352 0.328 0.290 
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58 0.675 0.088 6.375 1.685 1.105 0.601 

59 0.829 0.108 1.671 0.233 1.168 0.411 

60 0.903 0.087 0.645 0.115 0.745 0.210 

 

Table B.23 Posterior means and standard deviations (Std) of individual parameter distributions of the reduced 

HMM1 model. Gray shade is used for ADP. τ: transition probability, ο: outcome probability.  

  τ ο 

Subj Mean Std Mean Std 

1 0.117 0.022 0.736 0.045 

2 0.151 0.023 0.711 0.037 

3 0.114 0.023 0.795 0.043 

4 0.040 0.021 0.933 0.037 

5 0.121 0.039 0.988 0.011 

6 0.003 0.003 0.945 0.029 

7 0.223 0.032 0.971 0.024 

8 0.098 0.026 0.619 0.036 

9 0.034 0.019 0.931 0.039 

10 0.163 0.036 0.679 0.048 

11 0.053 0.014 0.722 0.035 

12 0.208 0.063 0.698 0.078 

13 0.075 0.026 0.544 0.015 

14 0.215 0.046 0.703 0.061 

15 0.113 0.025 0.834 0.042 

16 0.172 0.073 0.586 0.059 

17 0.132 0.041 0.978 0.015 

18 0.033 0.012 0.791 0.050 

19 0.039 0.026 0.979 0.015 

20 0.086 0.046 0.541 0.022 

21 0.390 0.062 0.890 0.118 

22 0.003 0.002 0.890 0.030 

23 0.176 0.161 0.558 0.098 

24 0.019 0.013 0.917 0.047 

25 0.058 0.026 0.822 0.066 

26 0.042 0.012 0.750 0.042 

27 0.241 0.035 0.786 0.053 

28 0.097 0.029 0.628 0.034 

29 0.514 0.169 0.738 0.155 

30 0.244 0.028 0.980 0.018 

31 0.085 0.017 0.600 0.022 

32 0.006 0.003 0.543 0.007 

33 0.166 0.026 0.697 0.038 

34 0.054 0.016 0.794 0.051 

35 0.242 0.047 0.689 0.061 

36 0.347 0.029 0.913 0.063 

37 0.087 0.016 0.686 0.035 

38 0.135 0.029 0.598 0.027 
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39 0.037 0.012 0.827 0.040 

40 0.053 0.011 0.675 0.038 

41 0.006 0.003 0.522 0.005 

42 0.045 0.024 0.543 0.015 

43 0.105 0.040 0.556 0.022 

44 0.022 0.009 0.853 0.043 

45 0.272 0.049 0.770 0.080 

46 0.210 0.032 0.764 0.047 

47 0.055 0.010 0.643 0.026 

48 0.094 0.025 0.840 0.044 

49 0.287 0.196 0.580 0.121 

50 0.283 0.040 0.816 0.072 

51 0.096 0.038 0.988 0.010 

52 0.255 0.155 0.574 0.103 

53 0.075 0.017 0.700 0.033 

54 0.109 0.017 0.643 0.027 

55 0.015 0.006 0.742 0.047 

56 0.037 0.014 0.853 0.046 

57 0.010 0.005 0.521 0.005 

58 0.003 0.002 0.959 0.019 

59 0.151 0.030 0.924 0.027 

60 0.311 0.033 0.903 0.062 

 

Table B.24 Maximum likelihood estimates of the reduced HMM2 parameters. Inverse temperature parameter is 

fixed to 14.933. Point estimates (P.E.) are shown with standard errors around them. Gray shade is used for ADP. 

  logit(τ) τ logit(οR) οR logit(οP) οP 

Subj P.E. SE   P.E. SE   P.E. SE   

1 -1.00 0.001 0.27 6.90 0.001 1.00 -1.37 0.097 0.60 

2 -1.03 0.001 0.26 -0.27 0.001 0.72 -2.22 0.069 0.55 

3 -1.14 0.001 0.24 0.22 0.001 0.78 -0.93 0.067 0.64 

4 -1.53 0.001 0.18 0.89 NaN 0.85 -0.07 NaN 0.74 

5 -0.77 0.001 0.32 6.90 0.077 1.00 6.47 0.097 1.00 

6 -2.02 0.025 0.12 1.29 0.04 0.89 -0.58 0.078 0.68 

7 -0.81 0.001 0.31 -0.09 0.069 0.74 2.71 0.001 0.97 

8 -0.79 0.001 0.31 -0.18 0.001 0.73 -6.90 0.083 0.50 

9 -1.63 0.014 0.16 0.35 0.001 0.79 -0.19 0.001 0.73 

10 -1.97 0.001 0.12 -2.10 0.001 0.55 -1.46 0.001 0.59 

11 -2.18 0.005 0.10 -1.05 0.001 0.63 -1.29 0.011 0.61 

12 -0.83 0.001 0.30 -0.67 0.001 0.67 -1.14 0.065 0.62 

13 -2.79 0.001 0.06 -3.38 0.008 0.52 -2.96 0.001 0.53 

14 -1.41 0.001 0.20 -2.00 0.023 0.56 -0.79 0.001 0.66 

15 -1.56 0.002 0.17 -0.72 0.001 0.66 -0.45 0.02 0.70 

16 -2.19 0.001 0.10 -4.38 0.017 0.51 -1.77 0.001 0.57 

17 -0.83 0.001 0.30 6.90 0.041 1.00 1.60 0.07 0.92 

18 -1.83 0.009 0.14 0.00 0.001 0.75 -1.34 0.062 0.60 

19 -1.89 0.001 0.13 1.76 0.031 0.93 1.40 0.036 0.90 
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20 -1.96 0.001 0.12 -2.63 0.001 0.53 -6.90 0.023 0.50 

21 -0.24 0.001 0.44 -0.11 0.206 0.74 6.90 NaN 1.00 

22 -6.90 0.001 0.00 6.76 0.001 1.00 1.68 0.001 0.92 

23 -0.26 0.001 0.43 6.90 NaN 1.00 -6.90 0.236 0.50 

24 -2.12 0.012 0.11 0.16 0.001 0.77 -0.36 0.039 0.71 

25 -1.58 0.001 0.17 -0.54 0.001 0.69 -1.31 0.033 0.61 

26 -2.42 0.008 0.08 -1.13 0.001 0.62 -1.15 0.003 0.62 

27 -0.73 0.001 0.33 0.13 0.001 0.77 -1.08 0.09 0.63 

28 -0.79 0.001 0.31 0.51 0.001 0.81 -3.45 0.104 0.52 

29 1.39 0.001 0.80 -4.20 0.026 0.51 -2.10 0.019 0.56 

30 -0.52 0.001 0.37 6.90 0.074 1.00 6.90 0.105 1.00 

31 -1.80 0.001 0.14 -1.67 0.001 0.58 -2.77 0.027 0.53 

32 -1.79 0.001 0.14 -0.45 0.001 0.70 -3.31 0.049 0.52 

33 -1.29 0.001 0.22 -1.14 0.001 0.62 -1.43 0.033 0.60 

34 -1.51 0.001 0.18 -0.10 0.001 0.74 -1.72 0.051 0.58 

35 -1.18 0.001 0.24 -1.66 0.001 0.58 -1.34 0.022 0.60 

36 -0.29 0.001 0.43 6.90 0.092 1.00 1.52 0.141 0.91 

37 -0.97 0.001 0.28 0.70 0.001 0.83 -6.90 0.1 0.50 

38 -1.57 0.001 0.17 -0.90 0.001 0.65 -6.90 0.045 0.50 

39 -2.01 0.013 0.12 0.25 0.001 0.78 -0.51 0.021 0.69 

40 -1.95 0.001 0.13 -1.44 0.001 0.60 -2.31 0.031 0.55 

41 -3.20 0.001 0.04 -3.16 0.001 0.52 -6.90 0.012 0.50 

42 -0.55 0.001 0.37 0.15 0.001 0.77 -6.90 0.129 0.50 

43 -2.37 NaN 0.09 -3.20 0.001 0.52 -2.65 NaN 0.53 

44 -2.22 0.013 0.10 0.26 0.001 0.78 -0.49 0.035 0.69 

45 -0.68 0.001 0.34 0.08 0.001 0.76 -1.47 0.087 0.59 

46 -0.59 0.001 0.36 1.32 0.001 0.89 -1.08 0.107 0.63 

47 -2.52 0.001 0.07 -1.83 0.001 0.57 -1.81 0.001 0.57 

48 -1.04 0.001 0.26 0.50 0.001 0.81 -0.92 0.079 0.64 

49 -0.07 0.001 0.48 6.90 0.602 1.00 -6.90 NaN 0.50 

50 -0.51 0.001 0.38 0.71 0.031 0.84 -0.38 0.102 0.70 

51 -1.00 0.001 0.27 6.90 0.063 1.00 1.98 0.055 0.94 

52 -0.07 0.001 0.48 2.16 0.625 0.95 -6.90 NaN 0.50 

53 -1.17 0.001 0.24 0.07 0.001 0.76 -2.37 0.067 0.54 

54 -1.84 0.001 0.14 -1.66 0.001 0.58 -1.86 0.001 0.57 

55 -1.98 0.045 0.12 1.20 0.039 0.88 -1.38 0.21 0.60 

56 -1.93 0.012 0.13 -0.06 0.001 0.74 -0.74 0.036 0.66 

57 -3.26 0.001 0.04 -3.04 0.001 0.52 -4.76 0.012 0.50 

58 -3.92 0.001 0.02 6.90 0.001 1.00 1.29 0.07 0.89 

59 -1.03 0.001 0.26 0.51 0.031 0.81 0.47 0.062 0.81 

60 -0.41 0.045 0.40 0.98 0.398 0.86 1.76 0.323 0.93 
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Table B.25 Posterior means and standard deviations (Std) of individual parameter distributions of the reduced 

HMM2 model. Gray shade is used for ADP. τ: transition probability, οR: reward probability, οP: punishment 

probability.  

  τ οR οP 

Subj Mean Std Mean Std Mean Std 

1 0.173 0.027 0.970 0.031 0.638 0.050 

2 0.228 0.035 0.819 0.066 0.579 0.050 

3 0.189 0.033 0.946 0.056 0.751 0.053 

4 0.083 0.030 0.942 0.049 0.870 0.048 

5 0.164 0.035 0.944 0.059 0.976 0.018 

6 0.034 0.021 0.953 0.035 0.831 0.066 

7 0.218 0.033 0.798 0.085 0.968 0.027 

8 0.214 0.049 0.768 0.081 0.557 0.038 

9 0.068 0.026 0.918 0.045 0.876 0.047 

10 0.147 0.046 0.629 0.052 0.679 0.046 

11 0.081 0.020 0.745 0.048 0.676 0.036 

12 0.260 0.066 0.760 0.107 0.671 0.079 

13 0.086 0.037 0.542 0.020 0.539 0.021 

14 0.206 0.052 0.619 0.053 0.777 0.080 

15 0.118 0.029 0.768 0.053 0.812 0.040 

16 0.121 0.045 0.524 0.026 0.639 0.043 

17 0.174 0.036 0.974 0.031 0.957 0.023 

18 0.063 0.024 0.907 0.046 0.714 0.058 

19 0.074 0.033 0.965 0.037 0.956 0.021 

20 0.157 0.067 0.594 0.058 0.517 0.016 

21 0.358 0.079 0.702 0.163 0.849 0.124 

22 0.020 0.014 0.982 0.025 0.810 0.051 

23 0.360 0.042 0.899 0.097 0.519 0.021 

24 0.048 0.023 0.947 0.041 0.847 0.057 

25 0.114 0.029 0.839 0.049 0.708 0.054 

26 0.063 0.021 0.726 0.044 0.698 0.043 

27 0.276 0.034 0.857 0.069 0.689 0.066 

28 0.248 0.039 0.885 0.081 0.548 0.041 

29 0.551 0.067 0.803 0.141 0.739 0.150 

30 0.274 0.025 0.945 0.056 0.970 0.025 

31 0.149 0.038 0.650 0.045 0.537 0.028 

32 0.100 0.024 0.807 0.050 0.542 0.031 

33 0.212 0.042 0.741 0.074 0.641 0.053 

34 0.107 0.034 0.898 0.051 0.691 0.080 

35 0.256 0.053 0.674 0.075 0.690 0.070 

36 0.364 0.027 0.914 0.079 0.868 0.084 

37 0.194 0.029 0.907 0.051 0.544 0.041 

38 0.140 0.025 0.728 0.044 0.509 0.009 

39 0.092 0.029 0.920 0.060 0.745 0.054 
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40 0.109 0.029 0.709 0.047 0.601 0.044 

41 0.032 0.014 0.535 0.013 0.506 0.005 

42 0.286 0.068 0.799 0.113 0.517 0.019 

43 0.135 0.064 0.552 0.029 0.585 0.059 

44 0.074 0.028 0.915 0.060 0.748 0.061 

45 0.296 0.042 0.878 0.086 0.632 0.071 

46 0.282 0.032 0.916 0.065 0.666 0.065 

47 0.073 0.021 0.636 0.030 0.609 0.036 

48 0.164 0.037 0.905 0.053 0.753 0.053 

49 0.446 0.082 0.752 0.159 0.614 0.132 

50 0.319 0.036 0.872 0.086 0.751 0.090 

51 0.139 0.036 0.951 0.047 0.978 0.016 

52 0.387 0.114 0.715 0.157 0.594 0.117 

53 0.154 0.031 0.841 0.054 0.609 0.049 

54 0.141 0.028 0.664 0.041 0.596 0.038 

55 0.050 0.024 0.965 0.033 0.697 0.062 

56 0.073 0.025 0.886 0.048 0.783 0.058 

57 0.051 0.020 0.557 0.021 0.505 0.005 

58 0.024 0.015 0.977 0.023 0.888 0.045 

59 0.173 0.033 0.866 0.077 0.904 0.032 

60 0.322 0.034 0.848 0.091 0.903 0.067 

 

 

 

 

Table B.26 Pseudo r2 values show the fractional reduction provided by the computational learning models in log 

data likelihood relative to the null model (in ideal case, Pseudo r2 = 1). The threshold for selecting subjects whose 

behavior cannot be predicted by the model significantly better than chance was set to pseudo R-squared = 0.1375 

which corresponds to p = 0.55. Poorly-fitted subjects are marked with bold characters. Gray shade is used for 

ADP. 

  Pseudo r2 

Subj SU1 SU2 SU3 SU4 SU5 SU6 DU1 DU2 DU3 DU4 DU5 DU6 HMM1 HMM2 

1 0.63 0.65 0.64 0.66 0.59 0.60 0.48 0.63 0.60 0.63 0.49 0.63 0.48 0.61 

2 0.30 0.30 0.30 0.30 0.24 0.24 0.27 0.33 0.29 0.34 0.27 0.33 0.27 0.32 

3 0.35 0.36 0.39 0.39 0.30 0.30 0.45 0.47 0.47 0.47 0.45 0.47 0.45 0.47 

4 0.58 0.58 0.60 0.60 0.62 0.62 0.66 0.66 0.67 0.68 0.66 0.66 0.66 0.67 

5 0.46 0.46 0.51 0.51 0.36 0.36 0.66 0.66 0.66 0.67 0.65 0.66 0.66 0.66 

6 0.53 0.62 0.65 0.66 0.46 0.53 0.67 0.77 0.77 0.77 0.67 0.77 0.69 0.79 

7 0.30 0.30 0.30 0.30 0.24 0.25 0.46 0.48 0.47 0.48 0.45 0.48 0.46 0.48 

8 0.15 0.15 0.16 0.16 0.16 0.16 0.17 0.19 0.20 0.20 0.17 0.19 0.17 0.20 

9 0.57 0.57 0.59 0.59 0.61 0.61 0.64 0.64 0.65 0.66 0.64 0.64 0.64 0.65 

10 0.19 0.21 0.21 0.21 0.18 0.19 0.20 0.20 0.20 0.21 0.20 0.20 0.20 0.21 

11 0.55 0.55 0.55 0.56 0.46 0.46 0.55 0.56 0.55 0.58 0.55 0.56 0.55 0.55 

12 0.14 0.17 0.19 0.19 0.15 0.18 0.16 0.16 0.16 0.16 0.16 0.16 0.16 0.16 

13 0.08 0.08 0.09 0.09 0.06 0.07 0.08 0.08 0.08 0.08 0.08 0.08 0.00 0.08 

14 0.16 0.18 0.18 0.18 0.15 0.16 0.18 0.21 0.21 0.21 0.18 0.21 0.18 0.21 

15 0.40 0.40 0.40 0.40 0.32 0.32 0.45 0.45 0.45 0.45 0.45 0.45 0.45 0.46 

16 0.06 0.07 0.08 0.08 0.07 0.07 0.05 0.09 0.09 0.09 0.06 0.09 0.05 0.09 
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17 0.49 0.49 0.49 0.49 0.40 0.40 0.63 0.64 0.64 0.64 0.63 0.64 0.63 0.64 

18 0.57 0.63 0.61 0.64 0.63 0.68 0.66 0.70 0.70 0.70 0.66 0.70 0.66 0.70 

19 0.69 0.73 0.69 0.73 0.58 0.60 0.81 0.82 0.82 0.82 0.81 0.82 0.81 0.81 

20 0.05 0.07 0.07 0.07 0.05 0.07 0.05 0.06 0.06 0.07 0.05 0.06 0.05 0.06 

21 0.05 0.05 0.05 0.05 0.04 0.04 0.07 0.08 0.07 0.08 0.06 0.08 0.07 0.07 

22 0.74 0.93 0.94 0.94 0.82 0.93 0.77 0.96 0.97 0.97 0.78 0.96 0.88 0.97 

23 0.01 0.03 0.04 0.04 0.02 0.04 0.01 0.09 0.09 0.10 0.01 0.09 0.00 0.09 

24 0.62 0.62 0.63 0.65 0.67 0.67 0.73 0.74 0.74 0.74 0.73 0.74 0.73 0.74 

25 0.47 0.47 0.50 0.50 0.42 0.42 0.44 0.46 0.47 0.48 0.45 0.46 0.45 0.47 

26 0.59 0.59 0.59 0.60 0.52 0.52 0.60 0.60 0.60 0.60 0.60 0.60 0.60 0.60 

27 0.18 0.18 0.18 0.18 0.18 0.18 0.21 0.23 0.23 0.23 0.21 0.23 0.21 0.23 

28 0.19 0.19 0.19 0.19 0.14 0.15 0.26 0.33 0.31 0.33 0.26 0.33 0.26 0.33 

29 0.01 0.03 0.04 0.04 0.01 0.03 0.01 0.02 0.02 0.02 0.01 0.02 0.02 0.02 

30 0.26 0.26 0.26 0.26 0.19 0.19 0.43 0.43 0.43 0.43 0.42 0.43 0.43 0.44 

31 0.21 0.21 0.23 0.23 0.20 0.20 0.24 0.26 0.24 0.28 0.24 0.26 0.24 0.25 

32 0.26 0.59 0.58 0.59 0.21 0.59 0.47 0.60 0.59 0.60 0.47 0.60 0.47 0.60 

33 0.20 0.20 0.22 0.22 0.19 0.19 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 

34 0.38 0.49 0.47 0.50 0.31 0.44 0.53 0.60 0.60 0.60 0.53 0.60 0.53 0.60 

35 0.10 0.11 0.12 0.12 0.08 0.09 0.13 0.14 0.14 0.14 0.14 0.14 0.13 0.14 

36 0.09 0.09 0.09 0.09 0.07 0.07 0.16 0.17 0.16 0.17 0.15 0.17 0.16 0.16 

37 0.23 0.25 0.28 0.28 0.22 0.24 0.31 0.46 0.45 0.47 0.31 0.46 0.32 0.47 

38 0.08 0.08 0.12 0.12 0.04 0.04 0.14 0.39 0.34 0.42 0.14 0.39 0.14 0.39 

39 0.78 0.79 0.78 0.81 0.81 0.81 0.78 0.81 0.80 0.82 0.78 0.81 0.77 0.78 

40 0.25 0.25 0.25 0.25 0.24 0.24 0.31 0.32 0.32 0.32 0.31 0.32 0.31 0.33 

41 0.15 0.17 0.17 0.17 0.10 0.12 0.19 0.23 0.23 0.23 0.19 0.23 0.00 0.23 

42 0.08 0.08 0.09 0.09 0.10 0.10 0.09 0.13 0.12 0.14 0.09 0.13 0.09 0.14 

43 0.08 0.09 0.09 0.09 0.08 0.09 0.08 0.08 0.08 0.08 0.08 0.08 0.08 0.08 

44 0.74 0.82 0.80 0.83 0.78 0.83 0.79 0.83 0.83 0.84 0.79 0.83 0.80 0.81 

45 0.11 0.11 0.12 0.12 0.10 0.10 0.15 0.18 0.18 0.18 0.15 0.18 0.15 0.18 

46 0.22 0.22 0.23 0.23 0.19 0.19 0.24 0.26 0.27 0.28 0.24 0.26 0.24 0.27 

47 0.36 0.38 0.37 0.39 0.33 0.36 0.41 0.41 0.41 0.43 0.41 0.41 0.41 0.41 

48 0.40 0.41 0.43 0.43 0.40 0.40 0.41 0.42 0.45 0.47 0.41 0.42 0.42 0.44 

49 0.01 0.02 0.02 0.03 0.01 0.01 0.01 0.02 0.02 0.02 0.01 0.02 0.00 0.01 

50 0.14 0.15 0.15 0.15 0.13 0.14 0.20 0.21 0.20 0.21 0.20 0.21 0.20 0.21 

51 0.59 0.59 0.59 0.59 0.41 0.41 0.76 0.80 0.76 0.80 0.76 0.80 0.76 0.76 

52 0.01 0.02 0.02 0.02 0.00 0.02 0.01 0.02 0.02 0.02 0.01 0.02 0.01 0.01 

53 0.35 0.36 0.35 0.36 0.23 0.24 0.41 0.49 0.46 0.49 0.41 0.49 0.41 0.48 

54 0.26 0.26 0.31 0.31 0.29 0.29 0.28 0.28 0.28 0.29 0.28 0.28 0.28 0.28 

55 0.62 0.77 0.79 0.80 0.69 0.80 0.71 0.78 0.79 0.79 0.71 0.78 0.73 0.79 

56 0.63 0.63 0.63 0.63 0.64 0.64 0.66 0.68 0.68 0.69 0.66 0.68 0.66 0.68 

57 0.15 0.23 0.23 0.23 0.17 0.23 0.17 0.21 0.22 0.22 0.17 0.21 0.17 0.22 

58 0.82 0.82 0.82 0.82 0.83 0.83 0.76 0.84 0.88 0.89 0.76 0.84 0.81 0.90 

59 0.53 0.54 0.54 0.54 0.43 0.43 0.57 0.57 0.57 0.59 0.58 0.57 0.57 0.57 

60 0.15 0.15 0.15 0.15 0.10 0.10 0.21 0.21 0.22 0.22 0.21 0.21 0.21 0.21 
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