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Summary 

Alexander Steinke 

A Computational Cognitive Neuropsychology of Cognitive Flexibility 

Executive dysfunctions are well-documented, yet non-specific neuropsychological 

sequelae of various neurological diseases. For example, patients with Parkinson’s disease (PD) 

and amyotrophic lateral sclerosis (ALS) were repeatedly reported to show a particular 

executive dysfunction: cognitive inflexibility. The Wisconsin Card Sorting Test (WCST) is 

probably the most frequently used neuropsychological assessment tool for cognitive flexibility. 

Increased WCST error propensities are considered as behavioral evidence for cognitive 

inflexibility in PD and ALS patients. However, increased WCST error propensities are unlikely 

to represent pure indicators of cognitive inflexibility. Instead, WCST error propensities may 

rather arise from a mixture of multiple covert cognitive processes. Computational cognitive 

modeling provides a method for the identification and assessment of these covert cognitive 

processes. The present thesis aimed to provide advanced computational cognitive modeling for 

the WCST to elucidate whether increased WCST error propensities in PD and ALS patients 

are related to nosologically specific impairments of covert cognitive processes. 

In a first study, novel computational cognitive models for the WCST were introduced. 

Recent research suggests that the propensity for erroneous repetitions of sorting categories 

following negative feedback is modulated by response demands: These errors occur less 

frequently when their commitment repeats the previously executed response. Hence, 

participants may not only learn about sorting categories from feedback but also about the 

execution of particular responses. Novel parallel reinforcement learning (RL) models 

conceptualize trial-by-trial WCST behavior as resulting from cognitive RL at the level of 

categories and sensorimotor RL at the level of responses. Parallel RL models were evaluated 

against a solely cognitive RL model and a state-of-the-art computational cognitive model of 

the WCST. Computational cognitive models were evaluated using data from a large sample of 

healthy volunteers who were assessed on a computerized WCST (cWCST). Parallel RL models 

provided the best prediction of observed behavior for most participants. Only parallel RL 

models were able to simulate the finding of a modulation of error propensities by response 

demands. Against this background, parallel RL models should be considered as suitable 

computational cognitive models for the cWCST. 

In two clinical studies, I aimed to shed light on impairments of covert cognitive 

processes in PD and ALS patients. Therefore, I analyzed PD and ALS patients’ trial-by-trial 
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cWCST behavior by means of a parallel RL model. Results suggest that bradyphrenia 

constitutes a disease-nonspecific covert cognitive symptom in PD and ALS patients, which 

manifests as increased retention of learned cognitive information. Computational cognitive 

modeling also revealed covert cognitive symptoms that appear to be PD- and ALS-specific. 

Only PD patients showed impaired stimulus-response learning as indicated by decreased 

retention of learned sensorimotor information. In contrast, only ALS patients showed overall 

haphazard responding. Furthermore, dopamine replacement therapy in PD patients incurred 

two iatrogenic covert cognitive side effects: bradyphrenia and impaired cognitive learning from 

positive feedback.  

These results demonstrate that computational cognitive neuropsychology allows for the 

detection of nosologically specific covert cognitive symptoms in PD and ALS patients, which 

remain undiscoverable through traditional behavioral cognitive neuropsychology. Thus, 

computational cognitive neuropsychology may offer a valuable supplement for the 

neuropsychological assessment of cognitive flexibility.   
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Zusammenfassung 

Alexander Steinke 

Eine komputationale kognitive Neuropsychologie der kognitiven Flexibilität 

Eine Vielzahl von neurologischen Erkrankungen geht mit exekutiven Dysfunktionen 

einher. Zum Beispiel äußern sich exekutive Dysfunktionen bei Patient*innen mit Morbus 

Parkinson und Amyotropher Lateralsklerose (ALS) als kognitive Inflexibilität. Der Wisconsin 

Card Sorting Test (WCST) stellt den vielleicht am häufigsten verwendeten 

neuropsychologischen Test zur Erfassung von kognitiver Flexibilität dar. Morbus Parkinson- 

und ALS-Patient*innen zeigen eine erhöhte Fehlerneigung auf dem WCST, was als Evidenz 

für kognitive Inflexibilität in diesen Patientengruppen betrachtet wird. Es ist jedoch 

unwahrscheinlich, dass eine erhöhte Fehlerneigung auf dem WCST ein reines Maß für 

kognitive Inflexibilität ist. Stattdessen könnten diese Fehlerneigungen eine Vielzahl von 

latenten kognitiven Prozessen widerspiegeln. Die komputationale kognitive Modellierung 

erlaubt es, diese latenten kognitiven Prozesse zu erfassen. Das Ziel der vorliegenden Arbeit 

war neue komputationale kognitive Modelle für den WCST zu entwickeln, um zu ergründen, 

ob erhöhte WCST-Fehlerneigungen von Morbus Parkinson- und ALS-Patient*innen auf 

nosologisch spezifische Beeinträchtigungen latenter kognitiver Prozesse zurückzuführen sind.  

In einer ersten Studie wurden neue komputationale kognitive Modelle für den WCST 

vorgestellt. Aktuelle Forschungsergebnisse legen nahe, dass Fehlerneigungen auf dem WCST 

durch Reaktionsanforderungen moduliert werden: Fehlerhafte Regelwiederholungen nach 

einem negativen Feedback treten seltener auf, wenn diese eine Wiederholung der letzten 

Reaktion einschließen. Dieser Befund legt nahe, dass Proband*innen aus Feedback nicht nur 

über Regelanwendungen lernen, sondern auch über die Ausführung bestimmter Reaktionen. 

Neuartige komputationale kognitive Modelle des parallelen Verstärkungslernens beinhalten 

kognitives Verstärkungslernen auf der Ebene der Regeln und sensomotorisches 

Verstärkungslernen auf der Ebene der Reaktionen. Diese komputationalen kognitiven Modelle 

wurden zusammen mit einem Modell, welches ausschließlich kognitives Verstärkungslernen 

umfasst, und einem Modell, welches aktuell in der Forschung Verwendung findet, evaluiert. 

Hierzu dienten Daten einer großen Stichprobe gesunder Proband*innen, welche einen 

computerisierten WCST (cWCST) durchführten. Modelle des parallelen Verstärkungslernens 

gaben die beste Vorhersage des beobachteten WCST-Verhaltens für die Mehrzahl der 

Probanden. Lediglich Modelle des parallelen Verstärkungslernens konnten die Modulation von 

Fehlerneigungen durch Reaktionsanforderungen reproduzieren. Vor diesem Hintergrund 
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sollten Modelle des parallelen Verstärkungslernens als geeignete komputationale kognitive 

Modelle für den cWCST betrachtet werden. 

In zwei anschließenden klinischen Studien wurde ein Modell des parallelen 

Verstärkungslernens verwendet, um latente kognitive Symptome bei Morbus Parkinson- und 

ALS-Patient*innen zu studieren. Die Ergebnisse dieser Studien deuten darauf hin, dass 

Bradyphrenie ein krankheits-unspezifisches latentes kognitives Symptom bei Morbus 

Parkinson- und ALS-Patient*innen darstellt, welches sich als verstärkte Erhaltung gelernter 

kognitiver Informationen ausdrückt. Darüber hinaus zeigten nur Patient*innen mit Morbus 

Parkinson ein beeinträchtigtes Reiz-Reaktions-Lernen, was sich in einer verminderten 

Erhaltung von erlernten sensomotorischen Informationen äußerte. Nur ALS-Patient*innen 

zeigten dagegen ein insgesamt eher zufälliges Reaktionsverhalten. Dopamin-

Substitutionstherapie bei Patient*innen mit Morbus Parkinson induzierte zwei iatrogene latente 

kognitive Symptome: Bradyphrenie und beeinträchtigtes Regellernen durch positives 

Feedback. 

Diese Ergebnisse legen nahe, dass die komputationale kognitive Neuropsychologie die 

Erfassung von nosologisch spezifischen latenten kognitiven Symptomen bei Morbus 

Parkinson- und ALS-Patient*innen ermöglicht. Diese latenten kognitiven Symptome sind für 

eine rein verhaltensbezogene kognitive Neuropsychologie nicht feststellbar. Somit könnte die 

komputationale kognitive Neuropsychologie eine wertvolle Ergänzung für die 

neuropsychologische Untersuchung der kognitiven Flexibilität bieten. 
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Cognitive Flexibility 

To maintain goal-directed behavior in the face of novel situations is a fundamental 

requirement for everyday life. The family of processes, which enables individuals to do so, is 

called executive control (also called executive function or cognitive control; Diamond, 2013; 

Duncan et al., 1996; Grafman & Litvan, 1999; MacPherson et al., 2019; Miller & Cohen, 2001). 

Impaired executive control is a well-documented corollary of various neurological diseases as 

well as a predictor of disease progression (Beeldman et al., 2016; Dirnberger & Jahanshahi, 

2013; Elamin et al., 2015; Lange, Seer, & Kopp, 2017; Rapp & Reischies, 2005; Seer et al., 

2016). Hence, a major aim of contemporary neuropsychological research is to achieve a better 

understanding of executive control. The present thesis intends to contribute to this aim. 

The studies described in the following are concerned with a particular facet of executive 

control: cognitive flexibility (Diamond, 2013; Friedman & Miyake, 2017; Miyake et al., 2000; 

Miyake & Friedman, 2012). Cognitive flexibility refers to the ability to adjust to novel 

situational demands, rules or priorities in an adaptive manner (Badre & Wagner, 2006; Braem 

& Egner, 2018; Diamond, 2013; Miyake et al., 2000). Various standardized 

neuropsychological assessment tools for cognitive flexibility have been proposed. These 

include, for example, the Trail Making Test Part B (Kopp et al., 2015; Kortte et al., 2002; 

Reitan, 1955), the intra/extradimensional attentional set-shifting task (Dias et al., 1996) and the 

Wisconsin Card Sorting Test (WCST; Berg, 1948; Grant & Berg, 1948; Heaton et al., 1993). 

The WCST is probably the most frequently used tool for the neuropsychological assessment 

of cognitive flexibility (Rabin et al., 2005). 

The Wisconsin Card Sorting Test 

On the WCST, participants are required to sort stimulus cards to key cards according 

to categories that change periodically. In order to identify the prevailing category, participants 

are required to adjust card sorting to the examiner’s positive and negative feedback, which 

follows any card sort. Negative feedback indicates that the previously applied category was 

incorrect and should be switched, whereas positive feedback indicates that the previously 

applied category was correct and should be repeated. Perseveration errors (PE) and set-loss 

errors (SLE) represent failures to adjust card sorting to these task demands. PE refer to 

erroneous category repetitions following negative feedback, and SLE refer to erroneous 

category switches following positive feedback. Increased PE and/or SLE propensities on the 
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WCST are typically interpreted as behavioral evidence for cognitive inflexibility1 (Lange, Seer, 

& Kopp, 2017). A representative WCST-trial sequence is depicted in Figure I-1. 

 

 

Figure I-1. Three consecutive trials on the computerized WCST (cWCST) that was used 

throughout studies included in this thesis (Barceló, 2003; Lange, Kröger, Steinke, Seer, 

et al., 2016; Lange, Seer, & Kopp, 2017; Lange, Vogts, Seer, Fürkötter, et al., 2016; 

Lange & Dewitte, 2019). The stimulus card on Trial t depicts one green cross. This 

stimulus card could be sorted according to the number category (far left key card, 

response 1), the color category (inner left key card, response 2), or the shape category 

(inner right key card, response 3). The execution of response 3 indicated the application 

of the shape category. A succeeding positive feedback cue (i.e., “REPEAT”) indicated 

that response 3 was correct and that the shape category should be repeated on the 

upcoming trials. Yet, on Trial t+1, response 3 was pressed, indicating that the number 

category was applied. Erroneous switches of the applied category following positive 

feedback are referred to as set-loss errors. A subsequent negative feedback cue (i.e., 

“SWITCH”) indicates that response 3 was incorrect, indicating that a switch of the 

applied category is required. However, on Trial t+2, response 2 was pressed, indicating 

that the number category was erroneously repeated. Erroneous repetitions of categories 

after negative feedback are referred to as perseveration errors.  

 

 
 

1 WCST error propensities are usually measured as conditional PE and/or SLE probabilities 
(e.g., Kopp, Steinke, et al., 2019). Conditional PE probabilities are computed as the number of 
committed PE divided by the number of trials following negative feedback (i.e., all trials on 
which an PE was possible). Similarly, conditional SLE probabilities are computed as the 
number of committed SLE divided by the number of trials following positive feedback. 
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The Ubiquity of Increased WCST Error Propensities 

In a seminal study, Milner (1963) investigated the effects of unilateral cortical excisions 

for the relief of focal epilepsy on WCST error propensities. Patients with lesions in the 

dorsolateral prefrontal cortex (PFC) showed increased WCST error propensities when 

compared to patients with posterior cortical lesions. The association of PFC dysfunction and 

increased WCST error propensities was later confirmed by two meta-analytical studies 

reporting small (d = -0.32; Demakis, 2003) to large effect sizes (d = -0.97; Alvarez & Emory, 

2006). These findings contributed to the widespread consensus that structures of the PFC 

support executive control in general (Luria, 1966; Stuss, 2011) and cognitive flexibility in 

particular (Alvarez & Emory, 2006; Demakis, 2003; Lange, Seer, & Kopp, 2017). 

However, the finding of elevated WCST error propensities is not restricted to patients 

with PFC dysfunctions (Nyhus & Barceló, 2009). For example, Eslinger and Grattan (1993) 

reported that patients with focal ischemic lesions in the basal ganglia showed enhanced WCST 

error propensities when compared to patients with posterior cortical lesions. Enhanced WCST 

error propensities were further reported to be a corollary of various neurological diseases, such 

as Alzheimer’s disease (Guarino et al., 2019), Gilles de la Tourette syndrome (Lange, Seer, 

Müller-Vahl, et al., 2017), Huntington’s disease (Crawford et al., 2000), and primary dystonia 

(Lange, Seer, Dengler, et al., 2016; Lange, Seer, Salchow, et al., 2016). Increased WCST error 

propensities were also reported for a number of psychiatric disorders, such as attention deficit 

hyperactivity disorder (Romine, 2004), eating disorders (Roberts et al., 2007), major depressive 

disorder (Snyder, 2013), obsessive-compulsive disorder (Shin et al., 2014), and schizophrenia 

(Bosia et al., 2012). Of particular interest for the present thesis are increased WCST error 

propensities that are associated with idiopathic Parkinson’s disease (PD; Lange et al., 2018) 

and amyotrophic lateral sclerosis (ALS; Beeldman et al., 2016; Lange, Vogts, Seer, Fürkötter, 

et al., 2016).   

The ubiquity of increased WCST error propensities across a number of neurological 

diseases and psychiatric disorders suggests that elevated WCST error rates are neither specific 

to PFC dysfunctions nor to various clinical conditions (Lange, Seer, & Kopp, 2017; Roca et 

al., 2010). Thus, increased WCST error propensities do not provide sufficient nosological 

specificity to serve as pathognomonic neuropsychological symptoms of particular neurological 

diseases or psychiatric disorders.  
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The Impurity of WCST Error Propensities 

Several explanations were proposed to account for the non-specificity of enhanced 

WCST error propensities (Lange, Seer, & Kopp, 2017). For example, all listed clinical 

conditions might include a shared brain dysfunction of similar severity (e.g., dysfunctions of 

the PFC) that behaviorally manifests as enhanced WCST error propensities. However, given 

the diversity of the named clinical conditions, this explanation appears to be rather implausible. 

It also remains possible that elevated WCST error propensities do not result from a particular 

brain dysfunction but rather from a disease-nonspecific factor. For example, patients could 

perform worse because they expect to show cognitive impairments (Schwarz et al., 2016). If 

increased WCST error propensities would arise from such a disease-nonspecific factor, the 

neuropsychological value of WCST-based assessment of cognitive flexibility would be 

negligible (for a detailed discussion, see Lange, Seer, & Kopp, 2017). 

Alternatively, the non-specific finding of increased WCST error propensities was 

proposed to result from the impurity of WCST error propensities (Bishara et al., 2010; Lange, 

Seer, & Kopp, 2017; Miyake & Friedman, 2012; Strauss et al., 2006). That is, WCST error 

propensities may not represent pure correlates of the efficacy of a specific, well-circumscribed 

cognitive process. Instead, WCST error propensities may actually reflect the efficacy of a 

mixture of multiple, yet covert cognitive processes. Any impairments of these covert cognitive 

processes may become behaviorally manifest as increased WCST error propensities (Lange, 

Seer, & Kopp, 2017). Against this background, WCST error propensities should be conceived 

unsatisfactory for the neuropsychological assessment of cognitive flexibility. 

The assumption that WCST error propensities result from a mixture of covert cognitive 

processes implies that similar increased WCST error propensities across various clinical 

conditions could actually arise from separable impairments of covert cognitive processes. 

However, such covert cognitive symptoms may not yet be detectable on the WCST because 

they all become behaviorally manifest as increased WCST error propensities (see Figure I-2 

for an illustrative example).  
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Figure I-2. Increased PE propensities may result from separable impairments of covert 

cognitive processes. A. An exemplary sequence on the computerized WCST (cWCST). 

On Trial t-1, the number category was applied as indicated by the execution of response 

3. A negative feedback cue (i.e., “SWITCH”) indicates that the number category was 

incorrect. Thus, a switch away from the number category is required on Trial t. B. A 

successful switch away from the number category on Trial t may rely on a number of 

covert cognitive processes. For example, the assumption about the prevailing category 

on Trial t-1 (i.e., “number is correct”) needs to be retained until a feedback cue is 

presented (i.e., “number was correct”). Next, the retained assumption about the 

prevailing category is updated by a received feedback (i.e., “number is incorrect”). At 

the level of overt behavior on Trial t, the color category was applied by executing 

response 1, indicating a successful switch away from the number category. C. A covert 

cognitive symptom may describe impaired updating following received feedback. In this 

example, impaired updating results in the assumption that the number category is still 

correct, although the received negative feedback indicated that the number category was 

incorrect. At the level of overt behavior, a PE was committed as the number category 

was repeated by executing response 2. D. Another covert cognitive symptom may 

describe impaired retention. In this example, retention fails on the assumption that the 
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number category was correct. Instead, the color category was erroneously assumed to be 

correct. This assumption is updated by a negative feedback (i.e., “Color is incorrect”), 

rendering a subsequent switch to the number or shape category likely. At the level of 

overt behavior, a perseveration error was committed as the number category was applied 

by executing response 2. Please note that I do not wish to imply that these covert 

cognitive processes are conscious (i.e., the depicted clouds might just as well reflect 

implicit processes). 

 

For example, PD is primarily characterized by a loss of dopaminergic neurons in nigro-

striatal pathways (Braak & Del Tredici, 2008; Hawkes et al., 2010). In contrast, ALS is 

characterized by a loss of upper and lower motor neurons in the brain and spinal cord neurons 

(Wijesekera & Leigh, 2009). Both PD and ALS patients were reported to show increased 

WCST error propensities (Beeldman et al., 2016; Lange et al., 2018; Lange, Vogts, Seer, 

Fürkötter, et al., 2016). Despite this commonality between PD and ALS patients, the 

neurodegenerative alterations that occur in ALS patients could affect a set of covert cognitive 

processes that remain spared in PD patients, who, in contrast, show impairments in a distinct 

set of covert cognitive processes (Lange, Seer, & Kopp, 2017). Thus, while PD and ALS 

patients remain indiscernible by analyses of overt WCST error propensities, these patient 

groups may show (partially) dissociable covert cognitive symptoms. The present thesis aims at 

the assessment of covert cognitive symptoms that give rise to increased WCST error 

propensities in PD and ALS patients. 

Assessing Covert Cognitive Symptoms on the WCST 

A common approach to the assessment of covert cognitive processes and their 

impairments on the WCST is concerned with the dissociation of patterns of erroneous 

responses as a function of task demands (Barceló, 1999; Barceló & Knight, 2002; Kopp, 

Steinke, et al., 2019; Lange, Kröger, Steinke, Seer, et al., 2016). For example, in a recent 

behavioral study of neurological inpatients (Kopp, Steinke, et al., 2019), we stratified PE and 

SLE by response demands (see Figure I-3). PE propensities were reduced when the 

commitment of a PE implied a response repetition in comparison to PE that implied a response 

alternation. These results indicate that PE propensities are modulated by response demands; 

PE propensities are reduced when they imply repeating the response that had received a 

negative feedback on the previous trial. We concluded that participants not only learn to avoid 
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re-applications of categories following a received negative feedback. In addition, participants 

also learn to avoid re-executions of particular responses after received negative feedback.  

 

 

Figure I-3. A modulation of PE propensities by response demands. A. PE may be 

stratified by response demands. With a demanded response repetition, the commitment 

of a PE (i.e., the re-application of the number category by executing response 2 on Trial 

t) implies an alternation of the previously executed response (i.e., response 3 on Trial t-

1). With a demanded response alternation, the commitment of a PE (i.e., the re-

application of the number category by executing response 2 on Trial t) implies the 

repetition of the previously executed response (i.e., response 2 on Trial t-1). B. In a recent 

behavioral study (Kopp, Steinke, et al., 2019), we found that perseveration propensities 

are modulated by response demands. The propensity for PE was reduced with demanded 

response alternations when compared to demanded response repetitions. Please note that 

we did not find evidence for a modulation of SLE propensities by response demands. See 

text for details. 

 

Analyses of such sub-types of WCST errors may allow for the detection of particular 

behavioral effects, which could be indicative of covert cognitive processes (e.g., learning to 

avoid particular response executions following received negative feedback). However, 
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analyses of WCST error sub-types still refer to overt behavioral events (i.e., the occurrence of 

a particular error type), rendering inferences about actual covert cognitive processes difficult.  

The computational approach represents an alternative method for the assessment of 

covert cognitive processes and their impairments on the WCST (Bishara et al., 2010; Greve et 

al., 2005). The computational approach is concerned with the mathematical identification and 

assessment of latent variables (as opposed to observable variables, such as WCST error 

propensities). These latent variables are assumed to reflect the efficacy of covert cognitive 

processes.  

Factor analyses are typically used to study latent variables on the WCST. Factor 

analyses allow the identification of a set of latent variables that explain variance common to 

WCST error propensities (Bowden et al., 1998; Greve et al., 2002; Jewsbury & Bowden, 2017). 

Results of factor-analytical WCST studies consistently revealed a latent variable that generally 

contributes to WCST error propensities (Greve et al., 2005). However, factor analytical studies 

of the WCST were inconclusive about the number of latent variables that are needed to explain 

variance common to WCST error propensities (Greve et al., 2005). Furthermore, it remains 

unclear which covert cognitive processes are actually reflected by these latent variables and 

how these covert cognitive processes could interact (Greve et al., 2005). Thus, factor analyses 

should be conceived as unsatisfactory for the assessment of covert cognitive processes on the 

WCST. 

Computational Cognitive Modeling 

Computational cognitive modeling provides an alternative approach to study latent 

variables on the WCST. Computational cognitive models formalize putative covert cognitive 

processes and the way in which these covert cognitive processes interact by explicit 

mathematical formulations (Botvinick & Cohen, 2014; Busemeyer et al., 2015; Forstmann & 

Wagenmakers, 2015; Hazy et al., 2007; Oberauer & Lewandowsky, 2019; Sun, 2001).  

Computational cognitive models are typically utilized 1) to test hypotheses about covert 

cognitive processes and 2) to estimate a set of latent variables that reflect the efficacy of the 

assumed covert cognitive processes (Palminteri, Wyart, et al., 2017; Steinke et al., 2018). In 

the first case, computational cognitive models are considered as explicit instantiations of 

hypotheses about covert cognitive processes (Palminteri, Wyart, et al., 2017). Having defined 

a set of competing computational cognitive models (i.e., hypotheses), these models can be 

submitted to a selection process. Computational cognitive models are typically evaluated by 

their abilities to predict observed behavior (Busemeyer & Diederich, 2014; Palminteri, Wyart, 
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et al., 2017). That computational cognitive model which gives the best prediction of observed 

behavior may provide the best conceptualization of covert cognitive processes among the 

studied computational cognitive models. Computational cognitive models should also be 

evaluated by their abilities to simulate particular behavioral phenomena, such as observed PE 

and SLE propensities (Palminteri, Wyart, et al., 2017). If a computational cognitive model is 

not able to simulate all behavioral phenomena of interest, then that computational cognitive 

model should be considered falsified (Palminteri, Wyart, et al., 2017). Having identified a 

suitable computational cognitive model, this computational cognitive model can be utilized to 

estimate a set of latent variables from observed behavior (Busemeyer et al., 2015; Forstmann 

& Wagenmakers, 2015; Hazy et al., 2007; Sun, 2001). 

Several computational cognitive models have been proposed for the WCST (Amos, 

2000; Berdia & Metz, 1998; Bishara et al., 2010; Caso & Cooper, 2020; D’Alessandro et al., 

2020; D’Alessandro & Lombardi, 2019; Dehaene & Changeux, 1991; Farreny et al., 2016; 

Granato & Baldassarre, 2019; Kaplan et al., 2006; Kimberg & Farah, 1993; Levine & Prueitt, 

1989). These computational cognitive models can be broadly classified into two families: 

neutral network models and mechanistic models (Bishara et al., 2010). In the following section, 

I will discuss these classes of computational cognitive models with regard to their utility for 

the assessment of covert cognitive processes and their impairments. 

Neural Network Models. Most computational cognitive models for the WCST are 

neural network models (e.g., Granato & Baldassarre, 2019; Levine & Prueitt, 1989). Neural 

network models are biologically inspired sets of computational units (referred to as cells or 

neurons; Farrell & Lewandowsky, 2018; Gallant, 1993). Interconnections of computational 

units are typically modeled after cerebral structures that are assumed to reflect specific covert 

cognitive processes (Bishara et al., 2010; Caso & Cooper, 2020). For example, Caso and 

Cooper (2020) proposed a neural network model for the WCST that incorporates cortical and 

striatal learning mechanisms. ‘Lesions’ (i.e., manual alterations of latent variables) to 

computational units that reflect striatal learning mechanisms were considered as a model of PD 

patients. WCST error propensities, which were produced by the lesioned neural network model, 

were comparable to those actually observed in a sample of PD patients (Lange, Vogts, Seer, 

Fürkötter, et al., 2016). The authors concluded that the proposed neural network model 

represents a biologically plausible model of impaired striatal learning mechanisms in PD 

patients. 
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Neural network models are informative with regard to simulations of general patterns 

of WCST error propensities, such as increased WCST error propensities as found in samples 

of PD patients (Caso & Cooper, 2020). However, most neural network models do not allow 

inferences about individual covert cognitive processes. That is, neural network models 

typically incorporate very large numbers of latent variables, rendering the precise estimation 

of these latent variables on the individual level difficult (Bishara et al., 2010). Thus, the utility 

of neural network models for neuropsychological assessment of covert cognitive processes is 

limited.  

Mechanistic Models. The second family of computational cognitive models of the 

WCST are so called mechanistic models (Bishara et al., 2010; Steinke et al., 2018). 

Mechanistic models impute covert cognitive processes with relatively straightforward 

computational mechanisms. Mechanistic models typically incorporate a small number of latent 

variables, which can be robustly estimated from individual trial-by-trial WCST responses. 

Thereby, mechanistic models provide a set of individual latent variables that reflect the efficacy 

of a participant’s assumed covert cognitive processes (Bishara et al., 2010; Steinke et al., 2018). 

Against this background, mechanistic models could provide a suitable approach for the 

assessment of individual covert cognitive processes and their impairments on the WCST.  

The attentional-updating (AU) model by Bishara et al. (2010) represents a state-of-the-

art mechanistic model for the WCST. The AU model is based on the assumption that 

participants form attentional prioritizations (AP) of categories. A high AP of a category results 

in a high probability of applying that category on a particular trial. AP of categories are trial-

wise updated following a received feedback. After a received positive feedback, the AP of the 

applied category will increase, and AP of not-applied categories will decrease (and vice versa 

for negative feedback). Thus, following a received positive feedback, the repetition of a 

category becomes more likely, whereas a switch of the applied category becomes more likely 

after a received negative feedback. An attentional focus mechanism modulates the strength of 

updating of AP of categories by received feedback: a high AP of a category results in stronger 

updating of that particular AP. In contrast, if the AP of a category is low, updating of that AP 

is less strong. 

Individual latent variables of the AU model reflect the efficacy of these putative covert 

cognitive processes. Individual sensitivity parameters give the overall strengths of updating of 

AP of categories following a received positive or negative feedback. An attentional focus 

parameter quantifies the extent to which updating of AP of a particular category is further 
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accentuated or attenuated by its current AP. An individual response variability parameter 

quantifies how well executed responses correspond to AP of categories. Figure I-4 gives a 

schematic depiction of the AU model. 

 

 

Figure I-4. A schematic representation of the AU model (Bishara et al., 2010). An 

exemplary sequence on the computerized WCST (cWCST) is presented at the top. 

Central to the AU model (bottom) are AP of categories, !(#). AP of categories from the 

previous trial !(# − 1)  are updated in response to a received feedback. Individual 

sensitivity parameters ', which are further separated for positive and negative feedback 

(not depicted), quantify the overall strengths of updating. An attentional focus 

mechanism further accentuates or attenuates the strength of updating of AP of a category 

by its current AP (i.e., a high AP of a particular category results in strong updating of 

that AP). An individual attentional focus parameter f quantifies the extent to which 

updating is further accentuated or attenuated by current AP of categories. Response 

probabilities for the subsequently presented target are rendered from updated AP of 

categories. An individual response variability parameter d quantifies the extent to which 

responding accords to updated AP of categories. 

 

The utility of the AU model was demonstrated in a number of clinical studies (Cella et 

al., 2014; Farreny et al., 2016; Steinke et al., 2018). For example, Bishara et al. (2010) 

complemented the analysis of WCST error propensities in substance dependent individuals 
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with computational cognitive modeling by means of the AU model. Results of this study 

suggest that enhanced WCST error propensities in substance dependent individuals resulted 

from a decreased sensitivity to negative feedback as well as increased response variability. 

Latent variables of the AU model were also utilized in a lesion mapping study (Gläscher et al., 

2019). Results of this lesion mapping study indicated an association between lesions in the 

right PFC and the AU model’s sensitivity parameter for negative feedback. In a model 

evaluation study on a computerized WCST (cWCST), the AU model successfully simulated 

individual PE and SLE propensities of PD patients and participants with no known brain 

damage (Steinke et al., 2018; see also Bishara et al., 2010; Gläscher et al., 2019). Thus, the AU 

model should be considered as an appropriate mechanistic model for the cWCST with regard 

to individual PE and SLE propensities. 

Aims of the Present Thesis 

In the present thesis, I aimed to elucidate whether computational cognitive modeling 

provides advanced neuropsychological assessment of cognitive inflexibility in neurological 

conditions – an approach which is referred to as computational cognitive neuropsychology 

(Bishara et al., 2010; Botvinick & Plaut, 2004; Busemeyer & Stout, 2002; Cooper & Shallice, 

2000; Frank et al., 2004; Palminteri et al., 2011; Steinke et al., 2018; Stout et al., 2004). More 

precisely, latent variables of mechanistic models for the WCST could reveal nosologically 

specific covert cognitive symptoms in various neurological diseases. In this thesis, I 

exemplarily investigated covert cognitive symptoms in PD and ALS patients. 

As a first step, a model evaluation study in a large sample of healthy volunteers was 

conducted. This study aimed to assess the performance of the AU model in comparison to novel 

mechanistic models for the WCST, which I will introduce in the following section. Having 

established a suitable mechanistic model for the WCST, the second step of this thesis aimed to 

shed light on the covert cognitive symptoms that give rise to increased WCST error 

propensities in PD and ALS patients. The third step aimed to gain information about the 

nosological specificity of these covert cognitive symptoms. Therefore, I compared profiles of 

alterations in latent variables between PD and ALS patients. In the present thesis, cWCST 

variants (Barceló, 2003; Lange, Kröger, Steinke, Seer, et al., 2016; Lange, Seer, & Kopp, 2017; 

Lange, Vogts, Seer, Fürkötter, et al., 2016; Lange & Dewitte, 2019) were administered under 

the assumption that behavior on these cWCST variants requires the same set of covert cognitive 

processes as standard versions of the WCST.  
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Step 1: Evaluating Mechanistic Models for the WCST  

Study 1 introduced novel mechanistic models for the WCST that are based on the well-

known mathematical framework of reinforcement learning (RL; Caligiore et al., 2019; 

Fontanesi, Gluth, et al., 2019; Fontanesi, Palminteri, et al., 2019; Gerraty et al., 2018; Niv, 

2009; Silvetti & Verguts, 2012; Sutton & Barto, 1998). The novel cognitive RL model (also 

referred to as model-based RL model in Study 1) is concerned with feedback predictions (also 

referred to as feedback expectations in Study 1) for the application of categories. High feedback 

predictions for a category indicate stronger predictions of positive feedback for the application 

of that category. High feedback predictions for a category are also associated with a higher 

probability of applying that category. Feedback predictions for categories are trial-wise 

updated in response to received feedback. Following a received positive feedback, feedback 

predictions for the applied category will increase. In contrast, after a received negative 

feedback, feedback predictions for the applied category will decrease. The strength of updating 

of feedback predictions for categories is modulated by prediction errors. Prediction errors equal 

the difference between the obtained feedback and the predicted feedback. Large prediction 

errors are associated with stronger updating of feedback predictions. The cognitive RL model 

incorporates two mechanisms that are not inherent parts of canonical RL models (Sutton & 

Barto, 1998). First, a retention mechanism (also referred to as inertia mechanism in Study 1) 

gives the extent to which feedback predictions for categories transfer from one trial to the next 

(Erev & Roth, 1998; Steingroever et al., 2013). The retention mechanism ensures that feedback 

predictions for categories are attenuated when transferring to the next trial. Thereby, 

interference (i.e., high feedback predictions) exerted from outdated categories is reduced on 

the current trial. Second, a ‘soft-max’ function is utilized to derive response probabilities from 

feedback predictions for categories (Daw et al., 2006; Luce, 1959; Sutton & Barto, 1998; Thrun, 

1992).  

Individual latent variables of the cognitive RL model comprise learning rates, which 

are further separated for positive and negative feedback. The reason for separating learning 

rates by feedback type is that positive and negative outcomes seem to be supported by distinct 

brain systems (Frank et al., 2004; Palminteri et al., 2009; Schultz, 2017; Schultz et al., 1997). 

Learning rates quantify the extent to which prediction errors are integrated into feedback 

predictions for categories. Furthermore, a retention rate (Erev & Roth, 1998; Steingroever et 

al., 2013) quantifies the extent to which feedback predictions transfer from one trial to the next. 

An inverse temperature parameter (also referred to as temperature parameter in Study 1) 
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expresses how well executed responses correspond to feedback predictions for categories (Daw 

et al., 2006; Luce, 1959; Thrun, 1992). Figure I-5 gives a schematic depiction of the cognitive 

RL model. 

 

 

Figure I-5. A schematic representation of the cognitive RL model. An exemplary 

sequence on the computerized WCST (cWCST) is presented at the top. Central to the 

cognitive RL model (bottom) are feedback predictions for the application of categories, 

()(#) . Feedback predictions for categories from the previous trial ()(# − 1)  are 

updated in response to received feedback by a prediction error. Individual cognitive 

learning rates *) , which are further separated for positive and negative feedback (not 

depicted), quantify the strength of updating of feedback predictions for categories by 

prediction errors. Response probabilities are derived from updated feedback predictions 

for categories. An individual inverse temperature parameter τ  quantifies how well 

response probabilities accord to updated feedback predictions. Retention mechanisms 

give the extent to which updated feedback predictions for categories transfer to the next 

trial. An individual cognitive retention rate ,)  quantifies the strengths of retention of 

feedback predictions for categories.  

 

RL might give a better conceptualization of trial-by-trial WCST responses when 

compared to the AU model. That is, RL might allow for more efficient adaptation of card 

sorting to changing task demands in comparison to the AU model. In RL, prediction errors 
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ensure that updating of feedback predictions is stronger when the correspondence between the 

received and the predicted feedback was poor. For example, a positive feedback was received 

for the application of a category that was predicted to be followed by a negative feedback. As 

the prediction of feedback for this category was poor, the prediction error will be high. Thus, 

updating of feedback predictions for this category will be strong, facilitating the repetition of 

the category that produced a positive feedback. In contrast, the attentional focus mechanism of 

the AU model ensures that updating of the AP of a particular category is less strong when the 

AP of that category was low. In the example mentioned above, updating of the AP of the 

category that was followed by a positive feedback will be less strong since the AP of that 

category was low. Here, the attentional focus mechanism of the AU model complicates the 

repetition of the category that was followed by a positive feedback. 

Study 1 also introduced a particular configuration of RL models, namely parallel RL 

models (Botvinick et al., 2019; Daw et al., 2005; Gläscher et al., 2010; Kool et al., 2017; 

O’Doherty et al., 2017; Verguts, 2017). Based on the finding of a modulation of PE 

propensities by response demands (see Figure I-3), we hypothesized that participants learn at 

two parallel levels on the WCST (Kopp, Steinke, et al., 2019). Category-level (putatively 

cortical) learning implies that participants switch between categories on trials following 

negative feedback, and that they repeat categories on trials following positive feedback. In 

addition, feedback might also induce response-level learning. Response-level (putatively 

striatal) learning implies that participants may tend to repeat a particular response following 

positive feedback, and that participants may avoid the previously executed response following 

negative feedback.  

Parallel RL models constitute instantiations of the hypothesized parallel category- and 

response-level learning (Kopp, Steinke, et al., 2019). Parallel RL models are based on the 

cognitive RL model (also referred to as model-based RL in Study 1; see Figure I-5), which 

instantiates category-level learning. In addition, sensorimotor RL (also referred to as model-

free RL in Study 1) instantiates response-level learning.  

Sensorimotor RL is solely concerned with selecting responses irrespective of categories. 

Central to sensorimotor RL are feedback predictions for the execution of responses. Higher 

feedback predictions for the execution of a particular response indicate stronger predictions of 

positive feedback. Higher feedback predictions are associated with a higher probability of 

executing that response. Feedback predictions for responses are trial-wise updated following a 

received feedback. That is, following a received positive feedback, feedback predictions for 
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the executed response will increase, whereas feedback predictions for the executed response 

will decrease after a received negative feedback. Thus, responses that were followed by 

positive feedback tend to be repeated, whereas responses that were followed by negative 

feedback tend to be avoided on upcoming trials. The strength of updating of feedback 

predictions for responses is modulated by prediction errors (i.e., the difference between the 

obtained feedback and the predicted feedback for the execution of a particular response). 

Sensorimotor RL further incorporates a retention mechanism that gives the extent to which 

feedback predictions for responses transfer from one trial to the next. In the parallel RL models, 

feedback predictions for categories and responses are integrated on any trial. A soft-max 

function is utilized to derive response probabilities from these integrated feedback predictions 

(Daw et al., 2006; Luce, 1959; Sutton & Barto, 1998; Thrun, 1992). By implementing parallel 

cognitive and sensorimotor RL as instantiations of category- and response-level learning, 

parallel RL models might be able to account for the behavioral effect of a modulation of PE 

propensities by response demands.  

Individual latent variables of parallel RL models comprise independent learning rates 

for cognitive and sensorimotor RL, which are further divided for positive and negative received 

feedback (Frank et al., 2004; Schultz, 2017; Schultz et al., 1997). Learning rates quantify the 

extent to which cognitive and sensorimotor prediction errors are integrated into feedback 

predictions for categories and responses, respectively. A weighting parameter quantifies the 

relative strength of cognitive over sensorimotor RL2. Furthermore, separate retention rates at 

cognitive and sensorimotor levels (Erev & Roth, 1998; Steingroever et al., 2013) quantify how 

well cognitive and sensorimotor feedback predictions remain available on current trials. An 

inverse temperature parameter (Daw et al., 2006; Luce, 1959; Thrun, 1992) expresses how well 

executed responses correspond to integrated feedback predictions. Figure I-6 gives a schematic 

depiction of the parallel RL models.  

 

 
 

2 Study 1 introduced two configurations of parallel RL models. The wP-RL (weighted parallel 
reinforcement-learning) model incorporates an individual weighting parameter (Daw et al., 
2005, 2011), which quantifies the relative strength of cognitive over sensorimotor RL. In 
contrast, the P-RL (parallel reinforcement-learning) model is a less complex configuration of 
the wP-RL model, which does not incorporate a weighting parameter. See Study 1 for details. 
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Figure I-6. A schematic representation of parallel RL models. An exemplary sequence 

on the computerized WCST (cWCST) is presented at the top. The parallel RL model 

(bottom) assumes independent trial-by-trial cognitive and sensorimotor RL (upper and 

lower grey bar, respectively). Central to cognitive and sensorimotor RL are feedback 

predictions for the application of categories ()(#) and the execution of responses (-(#), 

respectively. Cognitive and sensorimotor feedback predictions from the previous trial 

(()(# − 1) and (-(# − 1), respectively) are separately updated in response to a received 

feedback by cognitive and sensorimotor prediction errors. Individual cognitive *)  and 

sensorimotor learning rates *- , which are further separated for positive and negative 

feedback (not depicted), quantify the strengths of updating by prediction errors. For the 

subsequent target, cognitive and sensorimotor feedback predictions are integrated. A 

weighting parameter w quantifies the relative strength of cognitive over sensorimotor RL. 

Response probabilities are rendered from these integrated feedback predictions. An 

individual inverse temperature parameter τ quantifies how well response probabilities 

accord to integrated feedback predictions. Cognitive and sensorimotor retention 

mechanisms ensure that feedback predictions for categories and responses transfer to the 
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next trial. Individual cognitive ,)  and sensorimotor retention rates ,-  quantify the 

strengths of retention.  

 

Suitable mechanistic models for the WCST should be able to account for a wide range 

of behavioral effects that are detectable on the WCST. A benchmark for all model comparisons 

in Study 1 was the successful simulation of individual PE and SLE propensities. In addition, 

all mechanistic models were evaluated according to their ability to simulate the recently 

reported modulation of PE propensities by response demands (see Figure I-3). An aim of Study 

1 was to replicate the modulation of PE propensities by response demands. This replication 

was necessary since the reported modulation of PE propensities by response demands (Kopp, 

Steinke, et al., 2019) was studied in a sample of neurological inpatients (N = 112) using the 

Modified-WCST (M-WCST; Schretlen, 2010). Thus, it remains to be demonstrated 1) whether 

the modulation of PE propensities by response demands can be replicated in non-clinical 

samples, and 2) whether this behavioral effect is detectable on the cWCST, which was used in 

studies reported in the present thesis. Therefore, I aimed to replicate the finding of a modulation 

of PE propensities by response demands in a large sample of healthy volunteers (N = 375) who 

completed a cWCST variant (Lange & Dewitte, 2019).  

Study 1 aimed to test whether parallel RL models present more suitable mechanistic 

models for the WCST than a single-level RL model. Therefore, parallel RL models and the 

cognitive RL model were compared. In order to test whether the novel RL models present more 

suitable mechanistic models for the WCST than the AU model (Bishara et al., 2010), the 

performance of RL models (i.e., the parallel RL models and the cognitive RL model) was 

compared with the performance of the AU model. Mechanistic computational models were 

evaluated by predictive accuracies (Gronau & Wagenmakers, 2019; Vehtari et al., 2017). 

Predictive accuracies quantify a computational cognitive model’s ability to predict observed 

behavior. However, analyzing a model’s predictive accuracies is not informative with regard 

to whether a computational cognitive model is able to simulate behavioral phenomena of 

interest, i.e., individual PE and SLE propensities as well as the modulation of PE propensities 

by response demands (Palminteri, Wyart, et al., 2017). Therefore, participants’ behavior was 

simulated by means of novel RL models and the AU model. Model evaluations were based on 

cWCST behavior observed on a large sample (N = 375) of healthy volunteers (Lange & Dewitte, 

2019). 
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Step 2: Investigating Covert Cognitive Symptoms in PD and ALS Patients 

Having evaluated mechanistic models for the WCST in Study 1, I performed two 

clinical studies to investigate covert cognitive symptoms in PD and ALS patients by means of 

a parallel RL model. Study 2 aimed to characterize the specific covert cognitive symptoms that 

are associated with PD pathophysiology. A hallmark cognitive symptom of PD is referred to 

as bradyphrenia (Low et al., 2002; Pate & Margolin, 1994; Peavy, 2010; Revonsuo et al., 1993; 

Rogers, 1986; Vlagsma et al., 2016; Weiss & Pontone, 2019). Bradyphrenia literally translates 

to ‘slowness of thought’. However, it has been proposed that bradyphrenia rather describes 

cognitive akinesia (Rogers, 1986), rendering ‘inflexibility of thought’ a more appropriate 

conception of bradyphrenia. Study 2 was concerned with how bradyphrenia manifests at the 

level of covert cognitive processes in PD patients. 

As bradyphrenia is assumed to represent an ‘inflexibility of thought’, it may manifest 

as alterations of latent variables of cognitive RL. More precisely, bradyphrenia-related 

alterations of latent variables of cognitive RL may render switching between categories 

inflexible. Switching between categories is inflexible when feedback predictions for the 

outdated category remain high, as repetitions of the outdated category become more likely. 

There are three possibilities which may explain how altered latent variables of cognitive RL 

cause feedback predictions for the to-be-switched category to remain high (see Figure I-7 for 

an illustrative example). First, high cognitive retention rates cause feedback predictions for 

categories to remain high when transferring from one trial to the next. Hence, feedback 

predictions for the to-be-switched category also remain high (see Figure I-7B). Second, low 

configurations of cognitive learning rates following negative feedback decrease the strength of 

updating of feedback predictions for the to-be-switched category. Thus, feedback predictions 

for the to-be-switched category remain high (see Figure I-7C). Lastly, increased cognitive 

learning rates following positive feedback cause feedback predictions for a category to receive 

increased levels of activation. Hence, feedback predictions for that category remain high when 

this category is required to be switched (see Figure I-7D).  
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Figure I-7. Three hypotheses about how bradyphrenia may manifest as altered latent 

variables of cognitive RL. A. An exemplary trial sequence on the computerized WCST 

(cWCST). On Trial 1, the number category was applied as indicated by the observation 

of response 1. A subsequently presented positive feedback cue (i.e., “REPEAT”) 

indicates that the number category was correct. On Trial 2, the number category was 

repeated as response 3 was executed. A negative feedback cue (i.e., “SWITCH”) 

indicates that the number category was incorrect and should be switched on Trial 3. 

Bradyphrenia may hamper switching away from the number category on Trial 3. B. 

Feedback predictions for the application of the number category QC,Number across seven 

trials, the first two of which are shown in panel A. The received positive feedback on 

Trial 1 causes an increase in feedback prediction for the number category. The repetition 

of the number category on Trial 2 is followed by a negative feedback, reducing feedback 

predictions for the number category again. Bradyphrenia may manifest as increased 

cognitive retention rates (i.e., ,.) that cause feedback predictions to remain high on Trial 

3. C. Alternatively, bradyphrenia may manifest as decreased cognitive learning rates 

following negative feedback (i.e., *)
/). Low cognitive learning rates following negative 

feedback cause feedback predictions for the number category to be less strongly updated 

on Trial 2. Hence, feedback predictions for the number category remain high on Trial 3. 

Please note that this updating mechanism differs from the retention mechanism as 
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depicted in panel B.; the updating mechanism integrates the negative feedback 

exclusively into feedback predictions for the number category, whereas the retention 

mechanism attenuates all feedback predictions when transferring from trial-to-trial (i.e., 

feedback predictions for the color, shape, and number category). D. Lastly, bradyphrenia 

may manifest as increased cognitive learning rates following positive feedback (i.e., *)
0). 

With increased cognitive learning rates following positive feedback, feedback 

predictions for the number category receive higher levels of activation by the positive 

feedback cue that followed Trial 1. Hence, feedback predictions for the number category 

remain high on Trial 3. Please note that the presented effects of model parameters were 

computed by exclusively varying the parameter of interest at arbitrary values while 

holding all other model parameters constant. In this example, the number category was 

not applied on Trials 3 to 7. 

 

PD patients may also show alterations of latent variables of sensorimotor RL. 

Dysfunctions of striatal brain areas in PD patients are assumed to manifest as impaired 

stimulus-response learning, frequently studied by probabilistic classification tasks (Knowlton 

et al., 1996; Shohamy et al., 2008; Yin & Knowlton, 2006). This impaired stimulus-response 

learning could appear as impaired sensorimotor RL on the cWCST (i.e., impaired selection of 

key cards by response executions). Thus, PD patients may show altered latent variables of 

sensorimotor RL. 

A further aim of Study 2 was to investigate the covert cognitive symptoms that are 

associated with dopamine (DA) replacement therapy in patients with PD. DA replacement 

therapy is titrated to alleviate motor symptoms to the best possible motility, aiming to restore 

the missing DA in the nigro-striatal DA systems. However, adjusting systemic DA replacement 

solely at the best possible motility may incur cognitive side effects. That is, optimal DA 

replacement in the nigro-striatal DA systems may lead to a DA overdose in meso-limbic and/or 

meso-cortical DA systems, thereby inducing medication-related cognitive impairments (Cools, 

2006; Cools & D’Esposito, 2011; Gotham et al., 1988; Li et al., 2010; Seer et al., 2016; Thurm 

et al., 2016; Vaillancourt et al., 2013). The meso-limbic DA systems were demonstrated to be 

associated with anticipation of feedback (Aarts et al., 2014; Shohamy & Adcock, 2010). Hence, 

DA replacement therapy may alter learning rates (Frank et al., 2004; Palminteri et al., 2009). 

In addition, the meso-cortical DA systems were demonstrated to support cognitive flexibility 
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(Floresco & Magyar, 2006; Goschke & Bolte, 2014; Müller et al., 2007). Thus, DA medication 

may also alter latent variables of cognitive RL.  

In order to analyze alterations in latent variables associated with PD pathophysiology 

and DA replacement therapy, cWCST data from 16 patients with PD and 34 matched healthy 

control (HC) participants who were assessed twice on a cWCST variant were reanalyzed 

(Lange, Seer, Loens, et al., 2016). Patients with PD were assessed both ‘on’ DA medication 

and ‘off’ DA medication (i.e., after withdrawal of DA medication). 

Study 3 aimed to characterize the specific covert cognitive symptoms that are 

associated with ALS pathophysiology. ALS is primarily characterized by a loss of upper and 

lower motor neurons in the brain and spinal cord neurons (Wijesekera & Leigh, 2009). There 

is increasing evidence that ALS pathophysiology also comprises non-motor, prefrontal cortical 

areas in a non-negligible subset of patients (Abrahams et al., 1996; Kew et al., 1993; Pettit et 

al., 2013; Tsermentseli et al., 2012). This involvement of the PFC becomes present in about 

15% of ALS patients as the behavioral variant of frontotemporal dementia (Goldstein & 

Abrahams, 2013; Phukan et al., 2012; Ringholz et al., 2005). The PFC dysfunctions in ALS 

patients may induce alterations in latent variables of cognitive RL. In Study 3, data from 18 

ALS patients and 21 matched HC participants who completed a cWCST variant were 

reanalyzed (Lange, Vogts, Seer, Fürkötter, et al., 2016). 

Step 3: Investigating the Nosological Specificity of Covert Cognitive Symptoms 

Meta-analytical studies suggest that elevated WCST error propensities in PD and ALS 

are notably similar in effect size (for PE propensities, d = -0.60, and d = -0.49, respectively; 

Lange et al., 2018; Lange, Vogts, Seer, Fürkötter, et al., 2016). Thus, WCST error propensities 

do not provide sufficient nosological specificity to serve as pathognomonic neuropsychological 

symptoms of PD and ALS patients. Latent variables obtained from computational cognitive 

modeling could provide progress with regard to this unsatisfactory state-of-the-art practice. 

That is, covert cognitive symptoms, as indicated by alterations of computationally derived 

latent variables, could be more specifically related to some of the pathophysiologic 

characteristics of PD and ALS patients than WCST error propensities are. I aimed to investigate 

whether computational cognitive modeling provides indicators of nosologically specific covert 

cognitive symptoms in PD and ALS patients. Therefore, I compared PD and ALS patients’ 

profiles of covert cognitive symptoms as revealed by Study 2 and Study 3. 
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Abstract  

The Wisconsin Card Sorting Test (WCST) is considered a gold standard for the assessment of 

cognitive flexibility. On the WCST, repeating a sorting category following negative feedback 

is typically treated as indicating reduced cognitive flexibility. Therefore, such responses are 

referred to as ‘perseveration’ errors. Recent research suggests that the propensity for 

perseveration errors is modulated by response demands: They occur less frequently when their 

commitment repeats the previously executed response. Here, we propose parallel 

reinforcement-learning models of card sorting performance, which assume that card sorting 

performance can be conceptualized as resulting from model-free reinforcement learning at the 

level of responses that occurs in parallel with model-based reinforcement learning at the 

categorical level. We compared parallel reinforcement-learning models with purely model-

based reinforcement learning, and with the state-of-the-art attentional-updating model. We 

analyzed data from 375 participants who completed a computerized WCST. Parallel 

reinforcement-learning models showed best predictive accuracies for the majority of 

participants. Only parallel reinforcement-learning models accounted for the modulation of 

perseveration propensity by response demands. In conclusion, parallel reinforcement-learning 

models provide a new theoretical perspective on card sorting and it offers a suitable framework 

for discerning individual differences in latent processes that subserve behavioral flexibility. 
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Introduction 

Cognitive flexibility – the ability to adjust to new task demands, rules or priorities in 

an adaptive manner – is considered an integral part of executive functions (Badre & Wagner, 

2006; Braem & Egner, 2018; Diamond, 2013; Miyake et al., 2000). Cognitive flexibility is an 

important and widely studied topic in cognitive psychology. For example, there are numerous 

studies of cognitive flexibility in experimental psychology, often referred to as task-switching 

studies (Allport et al., 1994; Grange & Houghton, 2014; Kiesel et al., 2010; Rogers & Monsell, 

1995). Cognitive flexibility is also of importance in studies of individual differences (Geurts 

et al., 2009; Hommel & Colzato, 2017; Lange, Seer, et al., 2016; Lange, Seer, & Kopp, 2017; 

Meiran et al., 2011). Card sorting tasks, such as the numerous variants of the Wisconsin Card 

Sorting Test (WCST; Berg, 1948; Grant & Berg, 1948; Heaton et al., 1993; Nelson, 1976), 

represent the gold standard for the neuropsychological assessment of cognitive flexibility 

(Diamond, 2013). Reduced cognitive flexibility on these tasks was reported in many 

neurological diseases (Beeldman et al., 2016; Demakis, 2003; Dirnberger & Jahanshahi, 2013; 

Kudlicka et al., 2011; Lange, Seer, et al., 2016; Lange, Vogts, et al., 2016; Lange, Seer, & 

Kopp, 2017; Lange, Seer, Müller-Vahl, et al., 2017; Lange, Brückner, et al., 2018; Nyhus & 

Barceló, 2009) as well as in numerous psychiatric disorders (Roberts et al., 2007; Romine, 

2004; Shin et al., 2014; Snyder, 2013). 

The WCST requires participants to sort stimulus cards to key cards by categories that 

change periodically (see Figure II-1). In order to identify the prevailing category, participants 

have to rely on verbal feedback that is provided by the examiner who expresses the labels 

‘correct’ (positive feedback) or ‘incorrect’ (negative feedback) on each trial. Traditional 

behavioral indices of card sorting performance are the number of completed categories (i.e., 

sequences of correct card sorts that are required to trigger a change of the correct sorting 

category), the number of perseveration errors (i.e., erroneous category repetitions following 

negative feedback), and the number of set-loss errors (i.e., erroneous category switches 

following positive feedback; Heaton et al., 1993; Lange, Kröger, et al., 2017). Beginning with 

Milner’s (1963) seminal publication, perseveration errors – and to a lesser degree set-loss errors 

– have received by far the most attention in the field. 

Manifold cognitive processes were proposed to contribute to card sorting performance, 

such as feedback-driven learning, category formation, set maintenance, category inference, 

working memory, and cognitive inhibition (Bishara et al., 2010; Buchsbaum et al., 2005; 

Dehaene & Changeux, 1991; Diamond, 2013; Lange, Seer, & Kopp, 2017; Ridderinkhof et al., 
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2002). All these cognitive processes offer some degree of face validity for explaining card 

sorting performance. However, with the number of putative cognitive processes, and the 

complexity of card sorting tasks, such as the WCST, in mind, it remains difficult to infer – 

based on traditional methods – those cognitive processes that are truly related to card sorting 

performance, and how they might contribute to variability in individual card sorting 

performance (Bishara et al., 2010). 

Modeling Individual Card Sorting Performance 

The present study relies on computational modeling. That is, it utilizes computational 

models to formalize hypotheses about individual cognitive processes that underlie each 

participant’s behavior (Botvinick & Cohen, 2014; Oberauer & Lewandowsky, 2019; Steinke 

et al., 2018). Thus, one major goal of the present study is providing a computational model that 

offers a route towards a better understanding of individual card sorting performance. Several 

computational models of card sorting performance have been proposed (Amos, 2000; Berdia 

& Metz, 1998; Bishara et al., 2010; Caso & Cooper, 2017; Dehaene & Changeux, 1991; 

Granato & Baldassarre, 2019; Hazy et al., 2007; Kaplan et al., 2006; Kimberg & Farah, 1993; 

Levine & Prueitt, 1989). Here, we focus on the computational model that yielded robust 

estimates of individual cognitive processes by modeling trial-by-trial responses (Bishara et al., 

2010; Williams et al., 2020). 

The attentional-updating (AU) model by Bishara et al. (Bishara et al., 2010) is based 

on a conceptualization of card sorting performance as feedback-driven learning. An attention 

vector represents the attentional prioritization of each category on any trial. The attention 

vector is updated in response to trial-by-trial feedback. The attentional category prioritizations 

are also related to the probability of applying a category on any trial. Individual parameters of 

the AU model reflect a participant’s sensitivity to positive and negative feedback, response 

variability (i.e., the extent to which responses reflect attentional prioritization of categories), 

and attentional focus (i.e., the extent to which feedback is attenuated or accentuated by 

attentional prioritization of categories; for a detailed account of the AU model, see Section 

Attentional-Updating Model).  

The AU model was successfully applied in clinical studies of substance dependent 

individuals (Bishara et al., 2010), schizophrenia (Cella et al., 2014; Farreny et al., 2016), 

bipolar disorder (Farreny et al., 2016), and Parkinson’s disease (Steinke et al., 2018). Individual 

parameter estimates were further used in a lesion mapping study that suggested an association 

between the presence of lesions in the right prefrontal cortex and one particular reduced model 
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parameter, namely the sensitivity to negative feedback (Gläscher et al., 2019). Simulation 

studies revealed that the AU model successfully recovered observed perseveration errors and 

set-loss errors (Bishara et al., 2010; Gläscher et al., 2019; Steinke et al., 2018). As an interim 

conclusion, feedback-driven learning, as conceptualized by the AU model (Bishara et al., 2010), 

provides a computational model of individual card sorting performance that is consistent with 

a number of behavioral findings. 

Re-Conceptualizating Card Sorting Performance 

Behavioral findings from a recent study (Kopp et al., 2019) suggest that multiple levels 

of learning contribute to card sorting performance (see Figure II-1; note that Figure II-1 

considers the computerized WCST (cWCST), which was utilized in the present study). It is 

commonly assumed that trial-by-trial feedback triggers category-level learning: Category-level 

learning implies that participants switch between suitable categories on trials following 

negative feedback, and that they maintain categories on trials following positive feedback. The 

occurrence of perseveration errors and set-loss errors are commonly considered as behavioral 

indices of unsuccessful category-level learning. Our analysis of card sorting performance is 

novel in so far as it considers that trial-by-trial feedback might also trigger response-level 

learning. Response-level learning implies that participants tend to avoid the previously 

executed response following negative feedback. They may also tend to repeat the previously 

executed response following positive feedback.  

Behavioral evidence for the existence of response-level learning was reported in our 

previous study (Steinke et al., 2019). In particular, perseveration errors occurred less frequently 

when their occurrence implied repeating the previously executed response (see the “demanded 

response alternation” trial sequence depicted in Figure II-1; here, perseveration errors occur on 

response repetition trials) compared to when their occurrence did not imply repeating the 

previous response (see the “demanded response repetition” trial sequence depicted in Figure 

II-1; here, perseveration errors occur on response alternation trials). Hence, the propensity of 

committing a perseveration error was modulated by response demands: The occurrence of 

perseveration errors became less likely when it implied repeating the response that had received 

an incorrect feedback on the previous trial. In contrast, no evidence for a modulation of set-

loss propensity by response demands was found: Set-loss errors did not occur more frequently 

when they implied repeating the response that received a correct feedback on the previous trial. 

Thus, the novel finding of a modulation of the perseveration propensity by response demands 

could provide a behavioral indicator of response-level learning on the WCST. 
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Figure II-1. An exemplary outline of multiple levels of learning that contribute to card 

sorting performance. Computerized WCST. The present study utilizes the 

computerized WCST (Barceló, 2003; Lange, Seer, & Kopp, 2017; Lange & Dewitte, 

2019; Steinke et al., 2018). On the initial trial, a stimulus card (four green crosses) could 

be sorted according to the color category (inner left key card, response 2), the shape 

category (inner right key card, response 3), or the number category (far right key card, 

response 4). The color category was applied, indicated by observing response 2. A 

negative feedback stimulus (i.e., the visually presented word “SWITCH”) announced 

that this response was incorrect, meaning that the applied category should be switched. 

On the next trial, the stimulus card (two red crosses) was sorted by the shape category, 

indicated by observing response 3. Another negative feedback stimulus announced that 

response 3 was incorrect, meaning that the shape category should be switched. On the 

next trial, the number category was applied by pressing response 1. A positive feedback 

stimulus (i.e., the visually presented word “REPEAT”) indicated that response 1 was 

correct, meaning that the number category should be repeated on the upcoming trials. 

Category-Level Learning. Participants are supposed to consider abstract categories to 

guide their responses. Following negative feedback, the correct category is not yet 

identified and a category switch is requested. Following positive feedback, the correct 
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category is identified and a category repetition is requested. Response-Level Learning. 

Following negative feedback, perseveration errors should be less frequent when their 

commitment implies repeating the previously executed responses (this can only be the 

case on those trial sequences that demand a response alternation; whenever a response 

repetition is demanded, the occurrence of an error is necessarily a response alternation). 

Following positive feedback, set-loss errors should be more frequent when their 

commitment implies repeating the previously executed responses. Kopp et al. (2019) 

reported asymmetrical behavioral evidence for response-level learning, namely a 

modulation of perseveration propensity by response demands in the absence of 

modulatory effects with regard to set-loss errors. Please note that we do not wish to imply 

that these processes are conscious (i.e., the depicted clouds might just as well reflect 

implicit processes). 

 

A Reinforcement-Learning Model of Individual Card Sorting Performance 

To integrate the novel behavioral evidence into a computational model of card sorting 

performance, we utilize the well-known mathematical framework of reinforcement learning 

(Sutton & Barto, 1998). Reinforcement learning describes how actions (e.g., responses on the 

cWCST) are selected in the face of positive and negative feedback (Caligiore et al., 2019; 

Fontanesi, Gluth, et al., 2019; Fontanesi, Palminteri, et al., 2019; Gerraty et al., 2018; Niv, 

2009; Silvetti & Verguts, 2012; Sutton & Barto, 1998). Reinforcement learning is based on the 

assumption that participants form feedback expectations of actions, and that stronger 

expectations of positive feedback are associated with a higher probability of executing the 

corresponding action. Importantly, feedback expectations of executed actions are updated in 

response to feedback, with the strength of updating being modulated by prediction errors that 

equal the difference between the obtained feedback and expected feedback: Large prediction 

errors are associated with stronger updating of feedback expectations. Typical individual 

parameters are learning rates after positive and negative feedback (i.e., the extent to which 

prediction errors are integrated into feedback expectations), and a temperature parameter (i.e., 

the extent to which executed actions accord to current feedback expectations). Here, we 

propose for the first time that reinforcement learning provides a suitable computational 

framework for modeling card sorting performance. 

Dual-level models present a prominent approach of modeling multiple levels of 

reinforcement learning (Botvinick et al., 2019; Daw et al., 2005; Gläscher et al., 2010; Kool et 
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al., 2017; O’Doherty et al., 2017; Verguts, 2017). Model-based (MB) reinforcement learning 

operates at an abstract level, which guides selection of task-appropriate actions, while model-

free (MF) reinforcement learning bypasses the abstract level. Here, actions that were followed 

by positive feedback tend to be repeated, whereas actions that were followed by negative 

feedback tend to be avoided. We introduce parallel reinforcement-learning models of card 

sorting performance that incorporate parallel MB- and MF- reinforcement learning in an 

attempt to account for individual card sorting performance, including the newly discovered 

modulation of perseveration propensity by response demands.  

Primary Study Aims 

One aim of the current study is replicating the previously reported modulation of 

perseveration propensity by response demands. Kopp et al. (2019) analyzed data from a sample 

of brain-damaged inpatients (N = 112) using the Modified-WCST (M-WCST; Schretlen, 2010). 

The M-WCST is a short paper-and-pencil variant of the WCST (comprising a maximum of six 

switches of the correct sorting category). Participants are required to physically sort stimulus 

cards to key cards, followed by verbal feedback (“correct” vs. “incorrect”) that was provided 

by the examiner. It remains an open question whether the reported modulation of perseveration 

propensity by response demands generalizes to card sorting performance on other WCST 

versions. Therefore, we tested whether the reported modulation of perseveration propensity by 

response demands is replicable on the cWCST. In addition, the possibility cannot be excluded 

that the modulation of perseveration propensity by response demands may be exclusively 

observable in brain-damaged patients. In this study, we aim to address these questions by 

analyzing data from a large sample of non-clinical participants (N = 375 undergraduates) who 

completed a computerized variant of the WCST (Barceló, 2003). The cWCST that was utilized 

in the present study (see Figure II-1; Lange, Kröger, et al., 2016; Lange, Seer, & Kopp, 2017; 

Lange & Dewitte, 2019; Steinke et al., 2018) includes as many as 41 switches of the correct 

sorting category (rather than up to six switches of the correct category in the M-WCST). On 

the cWCST, participants respond via key presses, followed by visual feedback cues (“switch” 

vs. “repeat” rather than “incorrect” and “correct”).  

The major aim of the current study is providing a suitable cognitive theory of card 

sorting performance by means of novel parallel reinforcement-learning models. Cognitive 

theories of card sorting performance should be able to account for a wide range of behavioral 

effects that are detectable on card sorting tasks. Hence, the benchmark for all computational 

models under consideration is the successful recovery of perseveration and set-loss error 
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propensities as well as the novel modulation of perseveration errors by response demands. In 

order to test whether parallel reinforcement-learning models represent better computational 

models than a single-level reinforcement-learning model, we compare their performance with 

that of a pure model-based reinforcement-learning (MB-RL) model. In addition, we compare 

the performance of these reinforcement-learning models with the performance of the state-of-

the-art AU model (Bishara et al., 2010). Model performance was firstly assessed by estimating 

predictive accuracies. However, analyzing predictive accuracy is not informative with regard 

to whether a computational model recovers the behavioral phenomena of interest (Palminteri 

et al., 2017). Therefore, we also simulated individual participants’ behavior using each of the 

three computational models and its individual parameter estimates. 

Results 

Behavioral Analysis 

For analysis of behavioral card sorting data, traditional set-loss errors (a switch of the 

applied category after positive feedback) and perseveration errors (a repetition of the applied 

category after negative feedback) served as outcome measures. We considered set-loss and 

perseveration as behavioral indicators of the efficacy to adapt card-sorting behavior to negative 

and positive feedback cues (i.e., to switch the applied category after negative feedback and to 

repeat the applied category after positive feedback, respectively). Thus, we considered 

perseveration and set-loss errors appropriate for evaluations of the novel reinforcement-

learning models, which are based on a conceptualization of card sorting performance as 

feedback-driven learning. As Kopp et al. (2019) did with a traditional paper-and-pencil version 

of the WCST (Schretlen, 2010), we stratified these error scores by response demands (i.e. 

repetition vs. alternation; see Figure II-1). A demanded response repetition was scored if the 

correct response (i.e., responses that repeated a category after positive feedback or responses 

that switch the category after negative feedback) matched the executed response on trial t-1. A 

demanded response alternation was scored when the incorrect response (i.e., responses that 

switch the category after positive feedback or responses that repeat the category after negative 

feedback) matched the executed response on trial t-1 (see Figure II-1). Conditional error 

probabilities were computed by dividing the number of committed errors by the number of 

trials on which the respective error type was possible. Conditional error probabilities were 

entered into a Bayesian repeated measures analysis of variance (ANOVA) with the factors error 

type (set-loss vs. perseveration) and response demand (repetition vs. alternation). 
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Table II-1. Results of Bayesian repeated Measures ANOVAs for observed and simulated 

conditional error probabilities. 
  

ANOVA Model   
ET+RD+ET*R

D ET+RD ET RD Null 
Model 

Observed  
p(M|D) > 0.999 < 0.001 < 0.001 < 0.001 < 0.001  

log(BFM) 33.26 -30.48 -40.79 -89.44 -98.38 
Simulated 

AU p(M|D) 0.005 0.057 0.938 < 0.001 < 0.001  
log(BFM) -3.89 -1.42 4.11 -101.06 -98.26 

MB-RL p(M|D) 0.004 0.059 0.936 < 0.001 < 0.001  
log(BFM) -4.04 -1.37 4.07 -134.08 -130.78 

P-RL p(M|D) > 0.999 < 0.001 < 0.001 < 0.001 < 0.001  
log(BFM) 16.45 -13.80 -17.22 -107.04 -108.36 

wP-RL p(M|D) > 0.999 < 0.001 < 0.001 < 0.001 < 0.001  
log(BFM) 15.38 -12.75 -14.68 -79.70 -81.05 

Most likely ANOVA model given the data in bold. AU = attentional-updating model; 

MB-RL = only model-based reinforcement-learning model; P-RL = parallel 

reinforcement-learning model; wP-RL = weighted parallel reinforcement-learning 

model; p(M|D) = posterior probability of ANOVA model (M) given the data (D); 

log(BFM) = logarithmized Bayes factors for any ANOVA model when compared to all 

the other ANOVA models together; ET = factor error type (set-loss vs. perseveration); 

RD = factor response demand (repetitions vs. alternation); null model = ANOVA model 

including neither main effects nor the two-way interaction. 

 

Results of the Bayesian repeated measures ANOVA are presented in Table II-1. The 

ANOVA model including both main effects and the interaction effect of error type and 

response demand was most likely given the data. Inspection of Figure II-3 (far left plot) 

revealed a generally higher perseveration propensity than set-loss propensity. Conditional 

perseveration error probabilities were reduced with a demanded response alternation when 

compared to a demanded response repetition. This finding replicates the M-WCST-based 

finding of modulation of perseveration propensity by response demands (Kopp et al., 2019). 

Computational Modeling 

The parallel reinforcement-learning models incorporate MB- and MF- reinforcement 

learning. MB- reinforcement learning operates on feedback expectations for the application of 
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categories, which are updated in response to feedback and subsequently used to guide 

responses. In contrast, MF- reinforcement learning directly operates on feedback expectations 

of responses irrespective of corresponding sorting categories. For any trial, feedback 

expectations of MB- and MF- reinforcement learning are linear integrated and response 

probabilities are derived from these integrated feedback expectations. Individual parameters of 

the parallel reinforcement-learning models are MB- and MF- learning rates. In order to account 

for different strengths of learning from positive and negative feedback, MB- and MF- learning 

rates are further separated for trials following positive and negative feedback. The parallel 

reinforcement-learning models also incorporate individual MB- and MF- inertia parameters, 

which quantify the impact of previous feedback expectations on current responding (Erev & 

Roth, 1998; Steingroever et al., 2013). Lastly, an individual temperature parameter gives the 

extent to which responding accords to integrated feedback expectations.  

We considered two configurations of parallel reinforcement-learning models. First, the 

wP-RL (weighted parallel reinforcement-learning) model incorporates an individual weighting 

parameter (Daw et al., 2005, 2011), which quantifies the relative strength of MB- over MF- 

reinforcement learning. Second, we considered a less complex configuration of the wP-RL 

model, i.e., the P-RL model. In the P-RL model, feedback expectations of MB- and MF- 

reinforcement learning are linear integrated without any weighting. Instead, MB- and MF- 

reinforcement learning might be indirectly weighted by means of relative heights of learning 

rate parameters (i.e., generally higher MB- learning rates than MF- learning rates cause MB- 

feedback expectations to be higher than MF- feedback expectations, and vice versa). 

In summary, we considered four computational models of card sorting performance, 

i.e., the wP-RL model, the P-RL model, the MB-RL model including only MB- reinforcement-

learning, and the state-of-the-art AU model (Bishara et al., 2010). Analyses of parameter 

correlations, parameter recovery and model recovery are presented in the Supplementary 

Materials. 

Relative model performance. We assessed a computational model’s performance by 

Bayesian K-fold cross validation as an indicator of a model’s predictive accuracy (Vehtari et 

al., 2017). Bayesian K-fold cross validation quantifies a model’s predictive accuracy by the 

estimated log predictive density (elpd). Following, relative model performance was quantified 

by the difference in elpd between the model with the lowest absolute elpd and any other model 

(Δelpd). The lower the absolute elpd, the better is a model’s performance (i.e., a better 
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predictive accuracy). Hence, larger absolute Δelpd-values indicate worse model performance 

(for details, see Methods, Relative model performance).  

 

Table II-2. Group-level results of Bayesian K-fold cross validation. 

Computational 
Model 

 
Parameter 

 
elpd 

 
Δelpd 

wP-RL 8 -37,412 (782)  
P-RL 7 -37,573 (785) -161 (23) 

MB-RL 4 -37,713 (797) -301 (46) 
AU 4 -40,269 (805) -2,857 (118) 

Parameter = number of free parameters; elpd = estimated log predictive density; Δelpd = 

difference in estimated log pointwise predictive density between a model and the best 

performing model; standard error in parentheses; AU = attentional-updating model; MB-

RL = only model-based reinforcement-learning model; P-RL = parallel reinforcement-

learning model; wP-RL = weighted parallel reinforcement-learning model. 

 

Group-level relative model performance results are presented in Table II-2. The wP-

RL model showed the best predictive accuracy (elpd = -37,412) followed by the P-RL (Δelpd 

between the wP-RL and the P-RL model = -161; SE = 23) and the MB-RL model (Δelpd 

between the wP-RL and the MB-RL model = -301; SE = 46). All reinforcement-learning 

models (i.e., the wP-RL, the P-RL, and the MB-RL model) outperformed the state-of-the-art 

AU model (Bishara et al., 2010), which should be considered as the benchmark for model 

comparison (Δelpd between the wP-RL and the AU model = -2,857; SE = 118; Δelpd between 

the P-RL and the AU model = -2,696; SE = 112; Δelpd between the MB-RL and the AU model 

= -2,556; SE = 118). 
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Figure II-2. Individual-level results of K-fold cross validation. Dots represent single 

participants. Δelpd = individual difference in estimated log pointwise predictive density 

between models under consideration; AU = attentional-updating model; MB-RL = only 

model-based reinforcement-learning model; P-RL = parallel reinforcement-learning 

model; wP-RL = weighted parallel reinforcement-learning model.  

 

Individual-level relative model performance results are depicted in Figure II-2. In 

general, the wP-RL model performed best for 56% of all participants and the P-RL model for 

15% of all participants. In contrast, the MB-RL and the AU model performed best for 26% and 

3% of all participants, respectively. Pairwise model comparisons, which are depicted in Figure 

II-2, revealed that the wP-RL, the P-RL, and the MB-RL model showed better predictive 
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accuracies than the AU model for 93%, 94%, and 94% of all participants, respectively. Thus, 

all reinforcement-learning models outperformed the state-of-the-art AU model on an 

individual-level. With regard to comparisons of individual predictive accuracies between 

reinforcement-learning models, the wP-RL model performed better than the P-RL model for 

69% of all participants. The wP-RL model performed also better than the MB-RL model for 

69% off all participants. Hence, the wP-RL model provided better predictive accuracies than 

other reinforcement-learning models for most participants. The P-RL model performed better 

than the MB-RL model for 53% of all participants.  

Absolute model performance. Relative model comparisons are not informative about 

a model’s ability to simulate the behavioral phenomena of interest (Palminteri et al., 2017). 

Therefore, we assessed absolute model performance by simulating individual card sorting 

behavior according to the post-hoc absolute fit method (Steingroever et al., 2014), which is 

appropriate for analyses of reinforcement-learning models (see Konstantinidis et al., 2014) for 

a detailed discussion). Simulated card sorting behavior was analyzed by means of conditional 

error probabilites. 

Results of Bayesian repeated measures ANOVAs (see Table II-1) revealed that only 

data simulated by the wP-RL and the P-RL model mirrored the results of the analysis of 

observed data, i.e., the most likely ANOVA model given the data included both main effects 

and the two-way interaction of error type and response demand. For the MB-RL model and the 

AU model, the most likely ANOVA model given the data included only the main effect of 

error type. Inspection of Figure II-3 reveals that all considered computational models were able 

to simulate the finding of generally higher perseveration propensity than set-loss propensity. 

Importantly, only the wP-RL and the P-RL model simulated the modulation of perseveration 

propensity by response demands. Thus, combining MB- and MF- reinforcement learning as in 

the wP-RL and the P-RL model appears to successfully account for the modulation of 

perseveration propensities by response demands.
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Figure II-3. Observed (far left plot) and simulated group mean conditional error probabilities (all other plots). Error bars indicate +/- 1 

standard error of the mean. Note that set-loss and perseveration errors follow positive and negative feedback, respectively. AU = attentional-

updating model; MB-RL = only model-based reinforcment-learning model; P-RL = parallel reinforcement-learning model; wP-RL = 

weighted parallel reinforcement-learning model; SLE = set-loss error; PE = perseveration error; Repetition = demanded response repetition; 

Alternation = demanded response alternation; Conditional error probability = probability of an error given error type (perseveration vs. set-

loss) and response demand (repetition vs. alternation).
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Group-level analyses of simulated behavioral performance indices are not informative 

about whether a computational model presents a good description of individual behavioral 

performance indices. Thus, we depicted the recovery of individual conditional error 

probabilities in Figure II-4. In order to quantify a computational model’s ability to account for 

inter-individual variance of behavioral performance indices, we computed R2 statistics of 

observed conditional error probabilities when predicted by simulated conditional error 

probabilities using Bayesian linear regression analysis.  

Results are presented in Table II-3. For all behavioral performance indices under 

consideration, the wP-RL model presented a similar or even higher R2 statistics than the P-RL 

model. The MB-RL model showed lower R2 statistics than both the wP-RL and the P-RL model. 

The AU model showed the lowest R2 statistics. Thus, with regard to all computational models 

that were under consideration, the wP-RL and the P-RL model recovered the highest amount 

of inter-individual variance of behavioral performance indices.  
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Figure II-4. Observed (x-axis) and simulated (y-axis) individual conditional error probabilities. Note that set-loss and perseveration errors 

follow positive and negative feedback, respectively. Dots represent single participants. AU = attentional-updating model; MB-RL = only 

model-based reinforcement-learning model; P-RL = parallel reinforcement-learning model; wP-RL = weighted parallel reinforcement-

learning model; Conditional error probability = probability of an error given error type (perseveration vs. set-loss) and response demand 

(repetition vs. alternation). 
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Table II-3. Recovery of inter-individual variance of behavioral indices given by the R2 

statistic. 

  Computational Model 
Error Type Response Demand AU MB-RL P-RL wP-RL 
Set-Loss Error Repetition 0.61 0.68 0.79 0.80 

 Alternation 0.83 0.92 0.94 0.94 
Perseveration Error Repetition 0.80 0.84 0.86 0.86 

 Alternation 0.48 0.53 0.59 0.60 
AU = attentional-updating model; MB-RL = only model-based reinforcement-learning 

model; P-RL = parallel reinforcement learning model; wP-RL = weighted parallel 

reinforcement-learning model. 

 

Table II-4. Summary statistics of group-level parameter estimates of the wP-RL model. 

    95% HDI 
Parameter Description mean SD lower upper 

*12
0  

Model-based learning rate after 
positive feedback 

> 0.99 < 0.01 0.99 > 0.99 

*12
/  

Model-based learning rate after 
negative feedback 

0.60 0.03 0.55 0.66 

,12 Model-based inertia 0.31 0.02 0.28 0.34 

*13
0  

Model-free learning rate after 
positive feedback 

< 0.01 < 0.01 < 0.01 < 0.01 

*13
/  

Model-free learning rate after 
negative feedback 

0.02 0.01 0.01 0.03 

,13 Model-free inertia 0.35 0.06 0.22 0.46 
4 Temperature 0.09 0.02 0.06 0.11 

w 
Weighting of model-based and 

model-free reinforcement learning 
0.33 0.06 0.20 0.42 

Posterior distributions of Probit-transformed group-level location parameters from 

hierarchical Bayesian analysis are reported. SD = standard deviation; 95% HDI = 95% 

highest density interval.  

 

Parameter estimation. The wP-RL model performed best by means of relative and 

absolute model performance. Group-level parameter estimates of the wP-RL model are 

presented in Table II-4. Estimates of the weighting parameter indicated a stronger weighting 

of MF- reinforcement learning when compared to MB- reinforcement learning. However, 

learning rates of MB- reinforcement learning were higher than learning rates of MF- 

reinforcement learning. For MB- reinforcement learning, the learning rate after positive 
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feedback was higher than the learning rate after negative feedback, whereas the opposite 

occurred for MF- reinforcement learning. In fact, the learning rate of MF- reinforcement 

learning after positive feedback was close to zero, indicating that MF- feedback expectations 

of responses were virtually not updated after positive feedback. Inertia parameters were 

roughly equal for MB- and MF- reinforcement learning and substantially different from 1, 

indicating that inertia of feedback expectations contributed to model performance (i.e., a 

parameter value of 1 would indicate that no inertia happens from trial-to-trial). The temperature 

parameter was smaller than 1, indicating that differences in integrated feedback expectations 

were accentuated for computing response probabilities. 

Discussion 

The results from the present study of card sorting replicate the previously reported 

modulation of perseveration propensity by response demands, in the absence of a modulation 

of set-loss errors by response demands (Kopp et al., 2019). Perseveration errors were less likely 

when their occurrence implied repeating the response that had received an incorrect feedback 

on the previous trial. These findings were obtained from a relatively large sample of young 

participants. The results suggest that the original findings are neither specific for brain-

damaged patients nor specific for particular card sorting tasks such as the M-WCST. We 

introduced parallel reinforcement-learning models that incorporate MB- and MF- 

reinforcement learning to account for individual card sorting performance. Our results indicate 

that parallel reinforcement-learning models outperform competing computational models of 

card sorting performance. Only parallel reinforcement-learning models recovered the 

modulation of perseveration propensity by response demands, which demonstrates the 

advantage of combining MB- and MF- reinforcement learning over purely MB- reinforcement 

learning (i.e., the MB-RL model). Furthermore, all reinforcement-learning models under 

consideration outperformed the AU model: Reinforcement learning seems to provide a 

generally more suitable framework for understanding card sorting performance than does the 

state-of-the-art AU model (Bishara et al., 2010).  

We replicated the modulation of perseveration propensity by response demands in a 

large sample of young participants using the cWCST. The successful replication of that 

behavioral phenomenon should be interpreted with regard to differences between the M-WCST, 

which was utilized in the previous study (Kopp et al., 2019), and the cWCST, which was 

utilized in the present study. First, the M-WCST consists of 48 trials (including up to six 

switches of the correct category), resulting in a relatively low number of occasions on which 
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an error type of major interest (i.e., perseveration errors) may occur. Administering the cWCST 

raises these numbers because it consists of a fixed number of 41 switches of the correct 

category, yielding a relatively large number of trials overall (M = 168 trials; SD = 14 trials; 

note that the individual number of trials, which is needed to complete 41 switches of the correct 

category, depends on the overall performance of a participant). Second, there are a number of 

qualitative differences between the M-WCST and the cWCST. These qualitative differences 

are: Type of feedback (verbally uttered “correct”- or “incorrect”-feedback vs. visually 

presented “repeat”- or “switch”-feedback), duration of key card presentation (constantly 

present key cards vs. only present on the screen while stimulus cards are presented), type of 

responses (direct spatial match between stimulus card and key card vs. pressing spatially 

allocated buttons), and the general setting (manual administration vs. computerized 

administration). Previous research remained inconclusive as to what extent behavioral 

performance indices obtained from manual and computerized WCST versions are comparable 

(Artiola-i-Fortuny & Heaton, 1996; Feldstein et al., 1999; Tien et al., 1996). Replicating the 

modulation of perseveration propensity by response demands implies that this novel behavioral 

phenomenon seems to be generalizable across manifold versions of card sorting tasks. The 

successful replication of the modulation of perseveration propensity by response demands in a 

large sample of young participants also suggests that this behavioral phenomenon in card 

sorting data is robustly detectable from individuals with no known brain damage. 

The successful replication of the modulation of perseveration propensity by response 

demands sheds new light on the interpretation of perseveration errors. Perseveration errors are 

traditionally interpreted as indices of cognitive inflexibility, i.e., failures to shift away from 

abstract sorting categories (Lange, Seer, & Kopp, 2017). Our results suggest that perseveration 

errors may not be considered as ‘pure’ indices of cognitive inflexibility. Instead, as 

perseveration error propensities seem to be modulated by response demands, it appears that 

another learning process contributes to the occurrence of perseveration errors as well. This 

learning process might be best described as response-level learning. 

We propose a suitable cognitive theory of card sorting performance by means of novel 

parallel reinforcement-learning models. Parallel reinforcement-learning models integrate 

reinforcement learning that occurs in parallel at the MB- category level and at the MF- response 

level. The need for combining MB- and MF- reinforcement learning was suggested by our 

model comparisons, in which the wP-RL and the P-RL model outperformed pure MB- 

reinforcement learning (i.e., the MB-RL model) in terms of absolute (i.e., simulation of 
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participants’ behavior) model performance. Only the wP-RL and the P-RL model recovered all 

the behavioral phenomena under consideration, i.e., the generally higher perseveration 

propensity than set-loss propensity, and the modulation of perseveration propensity by 

response demands. Thus, combining MB- and MF- reinforcement learning appears to have an 

edge over pure MB- reinforcement learning with regard to the successful recovery of the 

modulation of perseveration propensity by response demands. In contrast, as the pure MB- 

reinforcement learning model as well as the AU model failed to recover the modulation of 

perseveration propensity by response demands, these computational models should be 

considered insufficient cognitive theories of card sorting performance. 

The wP-RL and the P-RL model outperformed both the MB-RL and the AU model. 

However, the wP-RL and the P-RL model could have performed best simply due to their 

relatively high complexity, i.e., they incorporate more individual model parameters than their 

competitors (eight or seven free parameters, respectively, vs. four free parameters in both the 

MB-RL and the AU models). The question emerges as to how the more complex wP-RL and 

P-RL models can be justified compared to the more parsimonious models of card sorting 

performance, i.e., the MB-RL and the AU model. We assessed model performance by means 

of predictive accuracies. Model parameters that merely fit non-replicable, idiosyncratic noise 

in the data exert detrimental effects on the model’s predictive accuracy (for a detailed 

discussion, see Methods, Relative model performance). On the group-level, the predictive 

accuracy of the wP-RL model (and of the P-RL model) was superior to the predictive 

accuracies of the MB-RL and the AU model. However, on an individual-level, the parallel 

reinforcement-learning models performed best for only 71% of all participants (56% and 15% 

for the wP-RL and the P-RL model, respectively). Thus, predictive accuracies indicate that 

parallel reinforcement-learning models performed best for most participants but not for all 

participants. Importantly, only the parallel reinforcement-learning models recovered the 

modulation of perseveration propensity by response demands. Thus, the additional model 

parameters of the parallel reinforcement-learning models, which were mainly introduced by 

the MF- reinforcement-learning algorithm, seem to be necessary to account for this well-

replicable behavioral phenomenon. Future research should address how the complexity of 

parallel reinforcement-learning models could be reduced without worsening their predictive 

accuracies, while maintaining their ability to recover all studied behavioral phenomena of card 

sorting. Possible ways to reduce the number of parameters of the parallel reinforcement-

learning models are outlined throughout the remainder of the Discussion.  
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As mentioned in the Introduction, many neurological diseases and psychiatric disorders 

are associated with an elevated perseveration propensity on the WCST. However, heightened 

numbers of perseveration errors in card sorting tasks are just a non-specific behavioral 

symptom of these conditions (Lange, Seer, & Kopp, 2017). The low specificity of behavioral 

card sorting symptoms (such as elevated perseveration propensity) should be resolved with 

regard to separable cognitive processes (Banich & Compton, 2018; Bishara et al., 2010; 

Diamond, 2013; Lange, Seer, & Kopp, 2017). Pursuing a computational approach might 

provide methods for disentangling those processes that could be specifically affected by 

neurological diseases and psychiatric disorders. For example, elevated perseveration 

propensity that occurs in patients who suffer from a particular diagnosis might be associated 

with increased inertia of MB- feedback expectations (i.e., heightened γ67), or with lowered 

MB learning from negative feedback (i.e., lowered *12
/ ). In contrast, elevated set-loss 

propensity might be associated with decreased inertia of MB- feedback expectations (i.e., 

lowered ,12), or with lowered MB learning from positive feedback (i.e., lowered *12
/ ). In 

contrast, the overall error propensity might be increased due to generally heightened 

contribution of MF learning (i.e., increased *13
0  and *13

/ ), or due to less consistent responding 

(i.e., increased 4). Strong modulations of perseveration propensity by response demands might 

be specifically associated with increased inertia of MF- feedback expectations (i.e., increased 

,13), or with heightened MF- learning rate after negative feedback (i.e., increased *13
/ ). These 

examples illustrate that future computational research of card sorting might contribute a better 

understanding of behavioral card sorting symptoms (for an illustrative example of the effect of 

model parameters on feedback expectations, see Steinke et al., 2020).  

Comparisons of relative model performance indicated that the wP-RL model provided 

the best group-level predictive accuracy, followed by the P-RL and the MB-RL model. On the 

individual-level, the parallel reinforcement-learning models performed best for 71% of all 

participants (i.e., 56% and 15% for the wP-RL and the P-RL models, respectively). For 56% 

of all participants, the wP-RL model showed best predictive accuracies. However, results of 

model recovery analysis (see Table II-S9) indicate that the wP-RL model can show the best 

predictive accuracy for card sorting performance that was actually generated by the P-RL 

model. Thus, it remains possible that card sorting performance of these participants was 

actually better conceptualized by the P-RL model than by the wP-RL model. For 26% of all 

participants, the solely MB- reinforcement-learning model performed best. These results 

suggest that parallel reinforcement-learning models might not provide the best description of 
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card sorting performance for all participants. In contrast, cWCST performance of a subset of 

participants was better described by a solely MB- reinforcement-learning model. Thus, it 

remains possible that not all participants show category- and response-level learning on the 

cWCST (as indicated by a best-fitting MB-RL model). Instead, a non-negligible subset of 

participants might show virtually no response-level learning on the cWCST. 

The wP-RL model provided the better group-level predictive accuracy when compared 

to the P-RL model. On the individual level, the wP-RL model performed better than the P-RL 

model for 69% of all participants. Thus, analyses of predictive accuracies suggest that the wP-

RL model, which includes an additional weighting parameter that arbitrates between MB- and 

MF reinforcement-learning, outperforms the P-RL model. However, the wP-RL model did not 

sufficiently recover parameters from simulated data (see Figure II-S1). Thus, the studied 

cWCST might be underpowered to assess the wP-RL model appropriately (Wilson & Collins, 

2019). In contrast, the P-RL model recovered parameters from simulated data reliably (see 

Figure II-S2). Hence, future studies of individual differences in parameters of parallel 

reinforcement-learning models should utilize the P-RL model.  

How feedback cues on the cWCST should be understood in a reinforcement-learning 

framework needs some conceptual clarification. Reinforcement-learning frameworks describe 

action selection in the face of reward or punishment. In experimental studies of reinforcement 

learning, reward (or punishment) is typically implemented as monetary incentives (Doll et al., 

2015) or food (Schultz et al., 1997), rather than visual feedback cues as utilized on the cWCST 

(i.e., “REPEAT or “SWITCH”). However, what features of a stimulus constitutes it to be a 

reward or a punishment remains debatable (Schultz, 2015). A comprehensive definition of 

reward and punishment refers to the behavior that a stimulus induces. That is, a stimulus, which 

increases (or decreases) the frequency of a preceding action, constitutes a reward (or a 

punishment; Schultz, 2015). Feedback cues on the cWCST fall within that definition of reward 

and punishment, as feedback cues elicit the repetition or avoidance of an action, i.e., the 

application of a sorting category or the execution of a response (see Figure II-1). Although the 

interpretation of WCST-feedback cues as reinforcement dates back to initial WCST studies 

(Grant & Berg, 1948), this interpretation of WCST-feedback cues remains debatable. 

Alternatively, feedback cues on the cWCST could also be understood in an instruction-based-

learning framework (Wolfensteller & Ruge, 2012). That is, WCST-feedback cues might rather 

constitute instructions to repeat or switch the previously applied category or executed response 

than reward or punishment for the application of a category or the execution of a response.  
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Comparing individual learning rate parameters of the wP-RL model under 

consideration of the weighting parameter reveals a much stronger impact of MB- than of MF- 

reinforcement learning on card sorting performance. That is, integrated feedback expectations 

were stronger driven by MB- than by MF- reinforcement learning. Please note that this finding 

also holds true when comparing learning rate parameters of the P-RL model, which provided 

better parameter recovery (see Table II-S10). The stronger MB- reinforcement learning was no 

surprise, given the WCST task instructions, which highlight the importance of category-level 

learning. This finding appears to be rather unusual in comparison to previous studies of MB- 

and MF- reinforcement learning, which report a more balanced impact of MB- and MF- 

reinforcement learning on performance (Daw et al., 2011; Moran et al., 2019; Sharp et al., 

2016). However, the comparison of parameter estimates in this study to those of other studies 

of MB- and MF- reinforcement learning is not straightforward due to substantial differences 

between the cWCST and cognitive paradigms that are specifically designed to study MB- and 

MF- reinforcement learning, such as multistep decision tasks (Daw et al., 2011; Moran et al., 

2019; Sharp et al., 2016). Moreover, further studies are necessary to address the validity of 

MB- and MF- reinforcement learning as instantiations of category- and response-level learning 

on the cWCST. However, our results suggest that MB- and MF- reinforcement learning 

provides a computational framework that accounts for a number of behavioral effects on the 

cWCST (i.e., the generally higher perseveration propensity than set-loss propensity and the 

modulation of perseveration propensity by response demands). 

Estimates of the MF- learning rate after negative feedback were small when compared 

to learning rates of MB- reinforcement learning but substantially different from zero. In 

contrast, estimates of the MF- learning rate after positive feedback were close to zero, 

indicating that feedback expectations of MF- reinforcement learning were not updated after 

positive feedback.  

The exclusive updating of MF- feedback expectations following negative feedback 

might be accounted for by the hypothesis of an uncertainty modulated weighting of MB- and 

MF- reinforcement learning (Daw et al., 2005). On card sorting tasks, such as the cWCST, 

participants face uncertainty about the prevailing sorting category (Kopp & Lange, 2013; 

Lange et al., 2015; Lange, Kip, et al., 2018). The reception of positive feedback allows 

identifying the correct sorting category unambiguously, and, by way of this, identifying the 

response that yields a positive feedback on the upcoming trial (conditional upon a repetition of 

the sorting category). Thus, following positive feedback, MB- reinforcement learning of 
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categories is associated with low uncertainty. The certainty that occurs under these 

circumstances may render additional MF- reinforcement learning needless. In contrast, the 

reception of negative feedback indicates that the application of a category was incorrect. Under 

these circumstances, the correct category remains uncertain (e.g., negative feedback following 

the application of the color category indicates that either the shape or number category is 

correct). On these trials, two responses remain viable for positive feedback, and under these 

circumstances participants might favor the response that did not produce negative feedback on 

the previous trial. In sum, response-related MF- reinforcement learning may provide additional 

guidance for card sorting when MB- reinforcement learning is faced with high uncertainty 

about the upcoming feedback. It remains to propose an adequate computational description of 

the uncertainty modulated weighting of MB- and MF- reinforcement learning. Such a 

description might be based on Bayesian reinforcement-learning algorithms (Daw et al., 2005; 

Kruschke, 2008), which explicitly quantify the uncertainty about feedback expectations. 

We assumed separate learning rates after positive and negative feedback for the 

reinforcement-learning models. However, previous studies of the AU model were inconclusive 

as to whether model configurations with separate sensitivity parameters (as a counterpart to 

learning rate parameters in reinforcement learning) for positive and negative feedback 

outperform model configurations with a single sensitivity parameter (Bishara et al., 2010; 

Steinke et al., 2018). In the present study, parameter estimates of the reinforcement-learning 

models showed substantial differences between learning rates after positive and negative 

feedback for MB- and MF- reinforcement learning. These findings suggest that separate 

learning rates are more appropriate for the studied reinforcement-learning models. This 

conclusion needs to be further examined by directly comparing the performance of 

reinforcement-learning models with separate and single learning rates. An alternative approach 

to separating learning rates by feedback type is the dynamic adjustment of learning rate 

parameters from trial-to-trial. Such algorithms were proposed long time ago in the context of 

associative learning (Mackintosh, 1975; Pearce & Hall, 1980).  

The parallel reinforcement-learning models allow disentangling inertia of MB- 

feedback expectations from that of MF- feedback expectations. The obtained estimates for 

inertia parameters of MB- and MF- reinforcement learning were roughly equal. Thus, 

configurations of the parallel reinforcement-learning models with a single inertia parameter 

may perform as good as configurations with separate inertia parameters. Future research might 
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address the pooling of MB- and MF- inertia parameters that could provide an appropriate way 

to reduce complexity of the parallel reinforcement-learning models.  

All reinforcement-learning models outperformed the state-of-the-art AU model 

(Bishara et al., 2010), indicating that reinforcement learning provides an even more suitable 

framework than AU for modeling of card sorting performance. This finding held true even 

when we compared models with equal complexity (i.e., both the MB-RL model and the AU 

model incorporated four individual parameters). The frameworks of AU and reinforcement 

learning as implemented in this study differ with regard to four major aspects. First, the AU 

framework assumes that updating of attentional category prioritizations is a function of 

individual sensitivity parameters and the attentional focus mechanism. In contrast, 

reinforcement learning assumes that updating of feedback-expectation is a function of 

individual learning rates and prediction errors: larger prediction errors, which are scaled by 

learning rates, are associated with a stronger updating of feedback expectations (Sutton & Barto, 

1998). Second, the AU framework assumes that attentional prioritizations of all categories are 

updated on any trial (e.g., after positive feedback, the attentional category prioritization of the 

applied category increases, and all other prioritizations decrease), whereas reinforcement 

learning updates only feedback expectations of the applied category and/or of the executed 

response. Third, in order to derive response probabilities, the AU framework incorporates an 

algorithm that divides each attentional category prioritization by the overall sum of attentional 

category prioritizations. In contrast, we assumed a “softmax” rule to derive response 

probabilities for reinforcement-learning models, which is based on the exponential function. 

Finally, reinforcement learning as utilized in this study incorporates inertia of feedback 

expectations.  

Our results suggest that feedback-driven learning, as exemplified by card sorting 

performance, can be conceptualized as two parallel yet independent reinforcement learning 

processes (Daw, 2018; Daw et al., 2005; Moran et al., 2019). These learning processes differ 

with regard to their level of abstraction. A cognitive learning process, which may also be 

described as goal-directed or executive (Balleine & Dickinson, 1998; Banich & Compton, 

2018; Pezzulo et al., 2013), operates at an abstract level to guide task-appropriate actions (i.e., 

formalized as MB- reinforcement learning in this study). When task demands change (e.g., 

indicated by a negative feedback on the cWCST), and uncertainty about feedback expectations 

of the cognitive learning process is high, a behavioral learning process complements the 

cognitive learning process (Daw et al., 2005). The behavioral learning process was formalized 
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as MF- reinforcement learning in this study. It may be described as habitual (Balleine & 

Dickinson, 1998; Pezzulo et al., 2013), because it bypasses the abstract level by simply 

favoring actions that were followed by positive feedback, and by avoiding actions that were 

followed by negative feedback. Parallel cognitive and behavioral reinforcement learning 

processes seem to complement each other; in particular when the cognitive learning system is 

faced with uncertainty about feedback expectations. 

Conclusions 

We presented a detailed evaluation of computational models of card sorting 

performance in a large sample of healthy volunteers (N = 375). We proposed that valid 

computational models of card sorting performance should be able to account for a wide range 

of behavioral effects that are detectable on card sorting tasks, such as the cWCST. Hence, a 

benchmark for all model comparisons in this study was not only the recovery of traditional 

perseveration and set-loss error propensities. In addition, all computational models were 

evaluated by their ability to recover the recently reported modulation of perseveration 

propensities by response demands (Kopp et al., 2019), which we successfully replicated in the 

present study. Against this background, parallel reinforcement-learning models, which 

incorporate MB- and MF- reinforcement learning, should be considered as valid computational 

models of card sorting performance. However, a more fine-grained analysis of individual 

model performance suggests that not all participants are best described by parallel MB- and 

MF- reinforcement learning.  

In conclusion, parallel reinforcement-learning models provide a new theoretical 

perspective on card sorting by conceptualizing WCST performance as parallel MB- and MF- 

reinforcement learning. Our computational approach offers a novel framework to discern 

individual differences in latent processes of behavioral flexibility in healthy and patient 

populations.  

Methods 

Data Collection 

Participants. A total of N = 407 participants (155 male, two preferred not to say; M = 

23.47 yrs; SD = 4.83 yrs) completed the cWCST. We excluded 32 participants due to invalid 

test performance, resulting in a final sample of N = 375 participants (144 male, one preferred 

not to say; M = 23.17 yrs; SD = 4.37 yrs). Test performance was considered as invalid when 

one of the three categories was more or less frequently applied than the overall mean of 

applications of that category plus/ minus three standard deviations. The studied data were 
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originally published by Lange and Dewitte (Lange & Dewitte, 2019). Data collection was 

approved by the local ethics committee of the KU Leuven (G-2016 12 694). All participants 

gave informed consent in accordance with the Declaration of Helsinki. 

Computerized Wisconsin Card Sorting Test. The cWCST (Lange, Kröger, et al., 

2016; Lange, Seer, & Kopp, 2017; Lange & Dewitte, 2019; Steinke et al., 2018) requires 

participants to match stimulus cards according to one of three possible categories. Stimulus 

cards varied on three dimensions that equaled the three viable categories U = {color, form, 

number}. Participants indicated their response by pressing one of four keys V = {response 1, 

response 2, response 3, response 4} that were spatially mapped to the position of the key cards 

W = {one red triangle, two green stars, three yellow crosses, and four blue balls}. The 24 

stimulus cards shared not more than one dimension with the same key card, rendering the 

applied category unambiguously identifiable. Responses were followed by a positive or 

negative visual feedback cue (“REPEAT” or “SWITCH”, respectively; Kopp & Lange, 2013). 

On any trial, the application of the correct category led to the presentation of a positive 

feedback cue (m = 50.84 % of trials, SD = 7.20 %), whereas the application of all other sorting 

categories or the selection of the key card that matched none of the viable sorting categories, 

led to the presentation of a negative feedback cue (m = 49.16 % of trials, SD = 7.20 %). Correct 

categories changed in an unpredictable manner after runs of two or more correct category 

repetitions (average number of correct category repetitions to trigger a switch of the correct 

sorting category = 3.5). Participants were required to complete 41 switches of the correct 

category, with a maximum of 250 trials to complete these 41 switches of the correct category 

and a practice session including 6 switches of the correct sorting category. Prior to the 

experimental session, participants were explicitly informed about the three possible sorting 

categories and about the fact that the correct category would switch from time to time. For all 

analyses, we excluded trials with responses that matched no viable sorting category; as such 

rarely occurring events (0.54% of all trials) would cause errors in parameter estimation. 

Parameter estimation in this study is based on assigning logarithmized probabilities to 

participants’ responses using a computational model. However, the AU model assigns a 

probability of zero to responses that match no viable category, which makes the corresponding 

logarithm undefined. For further details on the cWCST, see Lange & Dewitte (2019).  

Behavioral Analysis 

Conditional error probabilities were analyzed using JASP version 0.10 (JASP Team, 

2018). Default settings of JASP were used for the Bayesian repeated measures ANOVA with 
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uniform prior probabilities for all ANOVA models under concideration (p(M) = 0.2). In 

addition to posterior probabilities, we report logarithmized Bayes factors for an ANOVA 

model when compared to all the other ANOVA models under consideration (van Doorn et al., 

2019). Note that we did not analyze the number of completed categories, as this dependent 

variable is fixed on the cWCST. 

Computational Modeling 

The wP-RL and the P-RL models incorporated MB- and MF- reinforcement learning. 

In previous approaches of MB- reinforcement learning, participants operate on an abstract level, 

which incorporates feedback expectations for the prevailing task state (i.e., the correct sorting 

category) and a transition structure of task states (i.e., when categories will switch and which 

category will be correct; Moran et al., 2019). However, as switches of the correct category on 

the cWCST are supposed to be unpredictable, participants cannot learn its transition structure. 

Following, we assume that the abstract cognitive model of MB- reinforcement learning reduces 

to trial-by-trial learning of feedback expectations for the application of categories.  

Individual parameters of the wP-RL and the P-RL models are learning rate parameters 

for MB- and MF- reinforcement learning, which were further differentiated by feedback type. 

Learning rates give the extent to which prediction errors are integrated into feedback 

expectations following positive or negative feedback. Highest values of learning rates indicate 

that a prediction error will be added to the feedback expectations of the applied category or the 

executed response without attenuation. In contrast, with the lowest possible learning rate, no 

updating of the feedback expectation of the applied category or the executed response will 

happen. In addition, MB- and MF- inertia parameters, which quantify how much information 

from previous trials will be retained for the current trial. With highest values of inertia 

parameters, feedback expectations from the previous trial will transfer to the current trial 

without mitigation. In contrast, with lowest values of inertia parameters, feedback expectations 

are not transferred to the current trial. In such cases, responding depends entirely on the last 

received feedback. Thus, learning rate parameters and inertia parameters represent distinct 

model mechanisms (Erev & Roth, 1998; Steingroever et al., 2014), i.e., the strength of feedback 

integration into feedback expectations of the applied category or the executed response and the 

trial-to-trial inertia of all feedback expectations, respectively. Lastly, an individual temperature 

parameter gives the extent to which responding accords to integrated feedback expectations. 

More precisely, the temperature parameter indicates whether differences in integrated feedback 

expectations are attenuated (temperature values higher than 1) or emphasized (temperature 
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values less than 1). The wP-RL model incorporates an additional weighting parameter, which 

quantifies the relative strength of MB- over MF- reinforcement learning. High configurations 

of the weighting parameter (weighting values higher than 0.5) indicate a stronger weighting of 

MB- over MB- reinforcement learning and vice versa. 

Model-based reinforcement learning. The implemented MB- reinforcement-learning 

algorithm operates on an abstract level, which is represented by a 3 (categories) x 1 vector 

8)(#). 8)(#) quantifies the feedback expectation for the application of any category on trial t. 

Inertia of feedback expectations from one trial to the next is modeled as: 

8)
9 (#) = ,12 ∗ 8)(#) (II-1) 

where ,12 gives the strength of inertia. ,12 ranges from 0 to 1, with high values representing 

higher inertia of feedback expectations. Next, trial-wise prediction errors <12(#) are computed 

with regard to the category u ϵ U, which has been applied on trial t, as: 

<12(#) = =(#) − >),@
9 (#) (II-2) 

where =(#) is 1 for positive and -1 for negative feedback. Feedback expectations of categories 

are updated by a delta-learning rule: 

8)(# + 1) = 8)
9 (#) + B)(#) ∗ *12 ∗ <12(#) (II-3) 

where B)(#) is a 3 x 1 dummy vector, which is 1 for the applied category u and 0 for all other 

categories on trial t. B)(#)  ensured that only the expected feedback value of the applied 

category is updated in response to the prediction error. In line with existing reinforcement-

learning models (Frank et al., 2004, 2007; Haines et al., 2018; Palminteri et al., 2009) and the 

state-of-the-art AU model of card sorting performance (Bishara et al., 2010), we assumed 

distinct learning rate parameters for positive and negative feedback, *12
0  and *12

/ , which 

quantify the degree to which prediction errors are integrated into current feedback expectations. 

Learning rates range from 0 to 1. 

Lastly, feedback expectations for the application of categories 8)(#) are assigned to 

responses. More precisely, MB- feedback expectations of responses are represented by a 4 

(responses) x 1 vector 812(#). For response v ϵ V on trial t, 812(#) is computed as: 

>12,C(#) = DC
E(#)	8)(#) (II-4) 
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with DC(#) is a 3 (categories) x 1 vector that represents the match between a stimulus card and 

key card w (corresponding to response v) on trial t with regard to the color, form, and number 

category. Here, 1 indicates a match and 0 indicates no match. DC
E(#) denotes the transpose of 

DC(#). In order to account for responses that match no viable sorting category (i.e., certainly 

yield a negative feedback with regard to MB- reinforcement learning), we assigned these 

responses a MB- feedback expectation of -1. Therefore, >12,C(#) was set to -1, if key card v 

on trial t matches none of the valid sorting categories. 

Model-free reinforcement learning. MF- reinforcement learning operates directly on 

feedback expectations of responses. MF- reinforcement learning is based on a 4 (responses) x 

1 vector 813(#), which gives feedback expectations for the execution of any response on trial 

t. First, the inertia of 813(#) is computed as:  

813
9 (#) = ,13 ∗ 813(#) (II-5) 

where ,13 modulates the strength of inertia. Trial-wise prediction errors of MF- reinforcement 

learning are computed with regard to the executed response v ϵ V on trial t as: 

<13(#) = =(#) − >13,C
9 (#) (II-6) 

Next, feedback expectations are updated as: 

813(# + 1) = 813
9 (#) + B13(#) ∗ *13 ∗ <13(#) (II-7) 

where B13(#) is a 4 x 1 dummy vector that is 1 for the executed response v and 0 for all other 

responses on trial t, which, again, ensured that only feedback expectations of the executed 

response are updated in response to the prediction error. We assumed different learning rate 

parameters for positive and negative feedback, *13
0  and *13

/ , respectively. 

Integration and response probabilities. In order to compute response probabilities, 

MB- and MF- feedback expectations are integrated. For the P-RL model, the integrated 

feedback expectation (G@H(#) is computed as: 

(G@H(#) = 812(#) +	(13(#) (II-8) 

In contrast, the wP-RL model incorporates an additional weighting parameter that 

modulates the integration of MB- and MF- feedback expectations as: 

(G@H(#) = I ∗ 812(#) +	(I − 1) ∗ (13(#) (II-9) 

with the weighting parameter ranged from 0 to 1. 
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Finally, the probability of executing response v on trial t is computed using a “softmax” 

logistic function on integrated feedback expectations as: 

JC(#) = 	
K
LMNO,P(Q)

R

∑ K
LMNO,P(Q)

RT
UVW

 (II-10) 

with 4 ∈ ℛ0  that is a temperature parameter indicating whether differences in 

integrated feedback expectations are attenuated (4 > 1) or emphasized (0 < 4 < 1). 

Attentional-updating model. The AU model (Bishara et al., 2010) operates on a 3 

(categories) x 1 vector ](#) that quantifies attentional category prioritizations on any trial t as: 

](#) = ^

_`abac(#)
_Gdefg(#)

_h@Higc(#)
j (II-11) 

](#) is trial-wise updated based on a feedback signal. The feedback signal k(#) is computed as 

a function of current attentional category prioritizations, feedback, and an individual attentional 

focus parameter l ∈ ℛ0. More precisely, on trials following received positive feedback, k(#) 

of category u is given by: 

m(#)@|'omp#pqK =
rC,@(#)_@ (#)

s

∑ rC,d(#)_d (#)
st

dVW

 (II-12) 

and on trials following received negative feedback by:  

m(#)@|uKv_#pqK =
w1 −rC,@(#)x_@ (#)

s

∑ w1 − rC,d(#)x_d (#)
st

dVW

 (II-13) 

yC(#) is a 3 (categories) x 1 vector representing matches between a category u and the selected 

key card w (corresponding to response v) on trial t. Let yC,@(#) be 1 for a match and 0 

otherwise. The individual attentional focus l either emphasizes or equalizes differences in the 

feedback signal. 

Attentional category prioritizations for the next trial ](# + 1)  are updated by 

integrating feedback from the current trial: 

](# + 1) = (1 − ') ∗ ](#) + ' ∗ z(#) (II-14) 



Chapter II 61 

 

Here, the ratio of information integrated from the previous trial and the current feedback 

signal is given by the individual parameter '  ranging from 0 to 1. The implemented 

configuration of the AU model is based on separate ' parameters for positive and negative 

feedback, '0 and '/, respectively. The probability of response v on trial t is then given by: 

JC(#) =
{C

E(#)](#)|

∑ w{U
E(#)](#)|xT

UVW

 (II-15) 

with T denotes the transpose of yC(#) . Here, } ∈ ℛ0  represents participant’s decision 

consistency that either renders responses more deterministic or random. 

Model space. We considered four computational models of card sorting performance. 

First, we implemented the wP-RL model incorporating MB- and MF- reinforcement learning 

weighted by an individual w parameter as described above. Second, we considered the P-RL 

model incorporating MB- and MF- reinforcement learning but no weighting parameter. Third, 

we implemented the MB-RL model that only operates on MB- reinforcement learning, i.e., 

trial-by-trial updating of feedback expectations accorded to Equations II-1 to II-4 and response 

probabilities were computed by adapting the “softmax” rule (Equation II-10) on 812(#). Note 

that we did not implement a model that incorporates MF- reinforcement learning only, as it is 

psychologically implausible with regard to efficient card sorting performance. In order to test 

whether inertia parameters increase performance of the reinforcement-learning models, we also 

fitted simpler configurations of the wP-RL, the P-RL, and the MB-RL model without inertia 

parameters (i.e., fixing ,12  and ,13  to 1). However, K-fold cross validation revealed that 

model configurations with fixed inertia parameters did not perform better than configurations 

with free-to-vary inertia parameters (Δelpd between the wP-RL model with and without inertia 

parameters = -6,672; SE = 173; Δelpd between the P-RL model with and without inertia 

parameters = -13,979; SE = 197; Δelpd between the MB-RL model with and without inertia 

parameters = -13,814; SE = 208). Thus, inertia parameters significantly improved model 

performance of the wP-RL, the P-RL, and the MB-RL model. Lastly, we implemented the 

state-of-the art AU model (Bishara et al., 2010). Note that we used a full configuration of the 

AU model with all four individual parameters set free to vary. We also considered an AU model 

configuration with reduced complexity (i.e., the number of individual parameters): We 

implemented a configuration with fixed attentional focus parameter (l = 1 ), which was 

reported as best performing (Bishara et al., 2010). As hierarchical Bayesian analysis failed for 

this model configuration and '0 seemed to converge to 1, we also fixed '0 to .9999. However, 
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K-fold cross validation revealed that the full model outperformed the reduced configuration. 

Note that the reduced model configuration was not able to simulate the finding of an error 

modulation by response demands. See https://osf.io/9te5u/ for results and further details. 

Parameter estimation. We used hierarchical Bayesian analysis (Ahn et al., 2017; 

Haines et al., 2018; Kruschke, 2015; Lee, 2011; Lee & Wagenmakers, 2011; Rouder & Lu, 

2005; Shiffrin et al., 2008) for individual parameter estimation by means of RStan (Stan 

Development Team, 2018). To increase efficiency of parameter estimation, we implemented 

non-centered parameterizations and conducted parameter estimation in an unconstrained space 

(Ahn et al., 2017; Betancourt & Girolami, 2013; Haines et al., 2018). For example, the learning 

rate following positive feedback of MB- reinforcement learning, *12
0 , was formally specified 

by a vector of individual-level parameters as: 

~12
0 = J=o�p#(ÄÅÇÉÑ + ÖÅÇÉÑ ∗ ~12

0 ′) (II-16) 

Individual MB- learning rate parameters following positive feedback, *12
0 , were given 

by group-level location and scale parameters, ÄÅÇÉÑ  and ÖÅÇÉÑ , respectively, and a vector of 

individual-level location parameters, 	~12
0 ′ . The parameters ÄÅÇÉÑ , ÖÅÇÉÑ , and ~12

0 9
 were 

estimated in an unconstrained space (i.e., [-�,��]) and their linear combination was Probit-

transformed to a constrained space. The Probit is the inverse-cumulative distribution of the 

standard normal distribution, mapping unconstrained values to the interval ]0,1[. For model 

parameters that had no upper boundaries (e.g., the temperature parameter τ could exceed 1), 

we scaled Equation II-16 by multiplying it with five (Ahn et al., 2017). In line with previous 

studies using hierarchical Bayesian analysis (Ahn et al., 2017; Haines et al., 2018), we assumed 

that group-level location parameters had normal prior distributions (μ = 0, σ = 1) and Cauchy 

prior distributions for scale parameters (μ = 0, σ = 5). For individual-level location parameters, 

we implemented normal prior distributions (μ = 0, σ = 1). 

For parameter estimation, we initialized Q-values of the wP-RL, the P-RL, and the MB-

RL models as 0. As suggested by Bishara et al. (2010), values of a were initialized as 1/3. 

Sampling was done using three chains including 1,000 iterations and 500 warm-up iterations 

each. Convergence of chains was checked visually by trace-plots and quantitatively by the áà 

statistic (Gelman & Rubin, 1992). The implemented code was adapted from the R package 

hBayesDM (Ahn et al., 2017) and can be downloaded from https://osf.io/9te5u/, which also 

provides further specifications of the utilized sampling algorithm. 
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Relative model performance. In order to adjudicate between computational models, 

their performance needs to be quantified on a scale that is comparable across computational 

models. Such a performance quantification is achieved by, for example, assessing a model’s 

predictive accuracy (Gronau & Wagenmakers, 2019). The major challenge in quantifying a 

model’s performance is to account for the trade-off between a model’s complexity and its 

goodness-of-fit. A model with an unnecessary high number of degrees of freedom will present 

a good fit to the data. However, such a model is not parsimonious and will perform poorly 

when it comes to predict novel data, as the additional degrees of freedom fit idiosyncratic, 

nonreplicable noise. In contrast, a too parsimonious model might not show the necessary 

complexity to present a good fit to the data, thus decreasing its goodness of prediction of novel 

data (Gronau & Wagenmakers, 2019). Many methods have been proposed in order to account 

for the complexity-fit tradeoff, like the AIC (Akaike, 1973) and the BIC (Schwarz, 1978), 

which are based on the assumption that complexity can be unambiguously quantified (i.e., by 

the number of a model’s individual parameters). In contrast, cross-validation methods assess a 

model’s predictive accuracy directly by fitting a model to training data and testing its 

performance on validation data.  

In this study, we used K-fold cross validation following the procedure outlined by 

Vehtari, Gelman, and Gabry (Vehtari et al., 2017). Participants were randomly assigned to K 

= 5 subsets âä . Computational models were fitted separately to each training set â(/ä) , 

including all data but subset âä. Next, we used parameter estimates of training set â(/ä) to 

compute the predicted probabilities of responses in âä . For any participant, the product of 

predicted response probabilities across all trials was averaged across iterations of parameter 

estimation and logarithmized, which gives the elpd. The sum of elpd values over all participants 

was used as a metric for a models group-level predictive accuracy. 

Relative model performance was quantified by the difference in elpd between the model 

with the lowest absolute elpd and any other model (Δelpd). The lower the absolute elpd, the 

better is a model’s performance (i.e., a better predictive accuracy). Hence, larger absolute 

Δelpd-values indicate worse model performance. We also report standard errors associated 

with the Δelpd-values. Note that we chose K = 5 for reasons of computation time. The code 

used for K-fold cross validation was adapted from Nicenboim and Vasishth (2017).  

Absolute model performance. For assessment of absolute model performance, we 

used the post-hoc absolute fit method (Steingroever et al., 2014). The post-hoc absolute fit 

method conducts one-trial-ahead predictions of individual responses on trial t, using estimated 
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individual model parameters as well as observed responses and received feedback on all 

preceding trials. More precisely, for any participant, model parameters were randomly drawn 

from the individual-level posterior distribution of model parameters. Next, a participant’s 

response on trial t was simulated by informing the computational model of interest with 

estimated parameters as well as responses and feedback history from trial 1 to t-1. For any 

participant and across all trials, conditional error probabilities were computed based on 

simulated responses as described for behavioral data. This procedure was repeated for 1,000 

iterations. For any participant, conditional error probabilities were averaged over all iterations 

of the procedure and entered into a Bayesian repeated measures ANOVA. Additionally, as an 

indicator of a model’s ability to account for inter-individual variance of behavioral 

performance indices, we computed the R2 statistic (i.e., inter-individual variance accounted for 

by a model divided by the variance of the observed data) using Bayesian linear regression of 

observed conditional error probabilities when predicted by simulated conditional error 

probabilities by means of JASP. For a detailed account of the post-hoc abolute fit method, see 

Steingroever et al. (2014).  
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Supplementary Materials 

Parameter Correlations 

Tables II-S1 to II-S4 show correlations among model parameters estimated from 

observed data (N = 375). There was evidence for various correlations among estimated model 

parameters in all computational models under consideration. In order to examine whether these 

correlations were introduced by the parameter estimation process (Wilson & Collins, 2019), 

we also computed correlations among recovered model parameters estimated from simulated 

data (N = 50). Therefore, we simulated N = 50 cWCST runs by means of any computational 

model of interest using sets of randomly sampled model parameter values each. To ensure that 

sampled parameter values were in realistic ranges (Wilson & Collins, 2019), we restricted 

parameters to the minimum and maximum of individual parameter estimates from observed 

data (see Methods, Parameter estimation for details). As parameter ranges for temperature 

parameters were small, we extended parameter ranges for these parameters by 0.05. 

Tables II-S5 to II-S8 show correlations among model parameters estimated from 

simulated data (N = 50). For the wP-RL model, there was evidence for a correlation of the 

temperature parameter with the model-free learning rate after positive feedback and there was 

evidence for a correlation of the temperature parameter with the weighting parameter (see 

Table II-S5). For the P-RL model, there was evidence for a correlation of the temperature 

parameter with the model-based learning rate after negative feedback. However, these 

correlations are unlikely to account for the substantial correlations in model parameters 

estimated from observed data. Thus, these results suggest that the parameter estimation process 

did not introduce significant correlations between model parameters for the wP-RL and the P-

RL model. In contrast, with regard to the MB-RL model, there was evidence for negative 

correlations of the temperature parameter with learning rates, which were also apparent in 

estimated parameters from observed data. Similarly, with regard to the AU model, there was 

evidence for a correlation of the '0 and the } parameter, which was also apparent in estimated 

parameters from observed data. Thus, parameter estimation of the MB-RL model and the AU 

model could have introduced correlations among model parameters. These correlations should 

be considered when interpreting parameter estimates of the MB-RL and the AU model. Please 

note that these results remain to be confirmed in a larger simulated sample (Schönbrodt & 

Perugini, 2013). 
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Table II-S1. Correlations of wP-RL model parameters estimated from observed data (N 

= 375). 

 ãåç
0  ãåç

/  éåç ãåè
0  ãåè

/  éåè ê 
*12
0  -       
*12
/  0.361*** -      
,12 0.054 0.517*** -     
*13
0  -0.399*** -0.058 0.002 -    

*13
/  -0.208** 

-
0.239*** -0.125 0.196* -   

,13 0.235*** -0.152 -0.100 
-

0.635*** 0.147 -  

4 -0.199** 0.030 0.034 0.484*** 
-

0.061 -0.528*** - 

w 
0.248*** 0.449*** 

0.288**
* 

-
0.284*** 

-
0.128 0.204* -0.480*** 

Pearson correlation coefficients flagged by classes of Bayes factors (BF); * 10 < BF < 

100; **100 < BF < 1000; *** 1,000 < BF. 

 

Table II-S2. Correlations of P-RL model parameters estimated from observed data (N = 

375). 

 ãåç
0  ãåç

/  éåç ãåè
0  ãåè

/  éåè 
*12
0  -      
*12
/  0.520*** -     
,12 0.184* 0.571*** -    
*13
0  -0.270*** -0.108 -0.041 -   
*13
/  -0.190* -0.225*** -0.136 0.253*** -  
,13 0.082 -0.140 -0.123 -0.464*** 0.173* - 
4 -0.608*** -0.560*** -0.274*** -0.002 -0.042 -0.015 

Pearson correlation coefficients flagged by classes of Bayes factors (BF); * 10 < BF < 

100; **100 < BF < 1000; *** 1,000 < BF. 
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Table II-S3. Correlations of MB-RL model parameters estimated from observed data (N 

= 375). 

 ãåç
0  ãåç

/  éåç 
*12
0  -   
*12
/  0.519*** -  
,12 0.184* 0.571*** - 
4 -0.705*** -0.643*** -0.319*** 

Pearson correlation coefficients flagged by classes of Bayes factors (BF); * 10 < BF < 

100; **100 < BF < 1000; *** 1,000 < BF. 

 

Table II-S4. Correlations of AU model parameters estimated from observed data (N = 

375). 

 ë0 ë– ì 
'0 -   
'– 0.175* -  
} 0.276*** 0.624*** - 
l -0.149 0.203** 0.194* 

Pearson correlation coefficients flagged by classes of Bayes factors (BF); * 10 < BF < 

100; **100 < BF < 1000; *** 1,000 < BF. 

 

Table II-S5. Correlations of wP-RL model parameters recovered from simulated data (N 

= 50). 

 ãåç
0  ãåç

/  éåç ãåè
0  ãåè

/  éåè ê 
*12
0  -       
*12
/  -0.225 -      
,12 0.061 -0.082 -     
*13
0  -0.278 -0.043 -0.017 -    
*13
/  -0.075 -0.154 0.024 0.020 -   
,13 0.071 -0.062 -0.215 0.018 -0.236 -  
4 -0.001 0.034 -0.007 -0.652*** -0.369 0.044 - 
w 0.368 0.078 -0.009 -0.281 -0.129 0.032 -0.403* 

Pearson correlation coefficients flagged by classes of Bayes factors (BF); * 10 < BF < 

100; **100 < BF < 1000; *** 1,000 < BF. 
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Table II-S6. Correlations of P-RL model parameters recovered from simulated data (N 

= 50). 

 ãåç
0  ãåç

/  éåç ãåè
0  ãåè

/  éåè 
*12
0  -      
*12
/  0.014 -     
,12 -0.001 0.018 -    
*13
0  -0.383 -0.037 -0.116 -   
*13
/  -0.090 -0.183 -0.028 -0.097 -  
,13 -0.294 0.052 0.049 0.059 0.219 - 
4 -0.264 -0.428* 0.060 -0.275 -0.315 -0.058 

Pearson correlation coefficients flagged by classes of Bayes factors (BF); * 10 < BF < 

100; **100 < BF < 1000; *** 1,000 < BF. 

 

Table II-S7. Correlations of MB-RL model parameters recovered from simulated data 

(N = 50). 

 ãåç
0  ãåç

/  éåç 
*12
0  -   
*12
/  -0.026 -  
,12 0.026 -0.135 - 
4 -0.587*** -0.570*** -0.216 

Pearson correlation coefficients flagged by classes of Bayes factors (BF); * 10 < BF < 

100; **100 < BF < 1000; *** 1,000 < BF. 

 

Table II-S8. Correlations of AU model parameters recovered from simulated data (N = 

50). 

 ë0 ë– ì 
'0 -   
'– 0.048 -  
} 0.511** -0.051 - 
l 0.212 -0.058 -0.283 

Pearson correlation coefficients flagged by classes of Bayes factors (BF); * 10 < BF < 

100; **100 < BF < 1000; *** 1,000 < BF. 
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Parameter Recovery 

An important prerequisite for computational models is that their parameters can be 

reliably recovered from observed data (Wilson & Collins, 2019). In order to assess parameter 

recovery of the studied computational models, we simulated cWCST runs as described above 

(Section Parameter Correlations). Please note that temperature parameters were sampled from 

small intervals due to restrictions of parameter ranges taken from observed data. Thus, results 

of parameter recovery for temperature parameters are limited by these small parameter ranges.  

Figures II-S1 to II-S4 show scatterplots of simulated and recovered model parameters. 

Parameter recovery appeared to be successful for the P-RL and the MB-RL model. In contrast, 

for the wP-RL model, parameter recovery should be considered insufficient for most model 

parameters. For the AU model, parameter recovery should be considered insufficient for the 

'0 and the l parameter. 

For all simulations, we restricted ranges of parameter values to those of participants’ 

parameter estimates. It remains possible that true parameter values are in wider ranges, which 

are reduced by the parameter estimation procedure. A more detailed simulation study is 

necessary to address this possibility. Moreover, future research should address potential effects 

of specific combinations of parameter values on results of parameter recovery. 
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Figure II-S1. Parameter recovery of the wP-RL model.  
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Figure II-S2. Parameter recovery of the P-RL model. 
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Figure II-S3. Parameter recovery of the MB-RL model. 
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Figure II-S4. Parameter recovery of the AU model. 

 

Model Recovery 

In order to check whether model comparisons by predictive accuracies give sensible 

results for simulated data (Wilson & Collins, 2019), we simulated cWCST behavior by any 

computational model as described above. Next, we computed predictive accuracies by means 

of any computational model under consideration for these simulated datasets. Model 

comparisons by predictive accuracies can be considered valid if among all competing 

computational models, the data-simulating model is identified as the best-fitting computational 

model.  

Results of model recovery are shown in Table II-S9. For any simulation, the data-

simulating model performed best or was among the best performing computational models. As 

reinforcement-learning models were nested, multiple reinforcement-learning models could 

have presented similar predictive accuracies. That is, the P-RL model was nested within the 

wP-RL model. Furthermore, the MB-RL model was nested within the P-RL and the wP-RL 

model. Thus, if any of the reinforcement-learning models provided the best predictive accuracy 

for a given dataset, all conceptually higher reinforcement-learning models provided similarly 
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good predictive accuracies (the slight decrease in predictive accuracies of conceptually higher 

reinforcement-learning models might be explained by redundant model parameters, which fit 

idiosyncratic noise in the data). Importantly, conceptually higher reinforcement-learning 

models did not perform significantly better than the data-simulating models. These results 

suggest that model comparisons give sensible results for simulated data. However, as 

mentioned above, these results remain to be confirmed in a larger simulated sample. 

 

Table II-S9. Confusion matrix. 

Fitted 
Model 

Simulated Model 
AU MB-RL P-RL wP-RL 

AU 0 (0) -454 (45) -1492 (163) -850 (100) 
MB-RL -159 (23) -1 (3) -1005 (142) -604 (96) 
P-RL -161 (22) 0 (0) 0 (0) -16 (15) 

wP-RL -156 (22) -5 (4) 0 (9) 0 (0) 
Depicted are estimated log predictive density (elpd) as a measure of a computational 

models predictive accuracy; standard error in parentheses; AU = attentional-updating 

model; MB-RL = only model-based reinforcement-learning model; P-RL = parallel 

reinforcement-learning model; wP-RL = weighted parallel reinforcement-learning model.  
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Parameter Estimates of the P-RL Model 

Table II-S10. Summary statistics of group-level parameter estimates of the P-RL model. 

    95% HDI 
Parameter Description mean SD lower upper 

*12
0  

Model-based learning rate after positive 
feedback 

0.56 0.02 0.52 0.61 

*12
/  

Model-based learning rate after 
negative feedback 

0.34 0.02 0.30 0.37 

,12 Model-based inertia 0.26 0.01 0.24 0.29 

*13
0  

Model-free learning rate after positive 
feedback 

< 0.01 < 0.01 < 0.01 < 0.01 

*13
/  

Model-free learning rate after negative 
feedback 

0.02 < 0.01 0.01 0.03 

,13 Model-free inertia 0.33 0.07 0.19 0.46 
4 Inverse temperature 0.16 < 0.01 0.16 0.17 

Posterior distributions of Probit-transformed group-level location parameters from 

hierarchical Bayesian analysis are reported. SD = standard deviation; 95% HDI = 95% 

highest density interval.  
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Abstract  

The neural mechanisms of cognitive dysfunctions in neurological diseases remain poorly 

understood. Here, we conjecture that this unsatisfying state-of-the-art is in part due to the non-

specificity of the typical behavioral indicators for cognitive dysfunctions. Our study addresses 

the topic by advancing the assessment of cognitive dysfunctions through computational 

modeling. We investigate bradyphrenia in Parkinson’s disease (PD) as an exemplary case of 

cognitive dysfunctions in neurological diseases. Our computational model conceptualizes trial-

by-trial behavioral data as resulting from parallel cognitive and sensorimotor reinforcement 

learning. We assessed PD patients ‘on’ and ‘off’ their dopaminergic medication and matched 

healthy control (HC) participants on a computerized version of the Wisconsin Card Sorting 

Test. PD patients showed increased retention of learned cognitive information and decreased 

retention of learned sensorimotor information from previous trials in comparison to HC 

participants. Systemic dopamine replacement therapy did not remedy these cognitive 

dysfunctions in PD patients but incurred non-desirable side effects such as decreasing cognitive 

learning from positive feedback. Our results reveal novel insights into facets of bradyphrenia 

that are indiscernible by observable behavioral indicators of cognitive dysfunctions. We 

discuss how computational modeling may contribute to the advancement of future research on 

brain-behavior relationships and neuropsychological assessment. 
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Introduction 

Neuropsychological impairments are well-documented in idiopathic Parkinson’s 

disease (PD; reviewed in Seer et al., 2016). The main pathological characteristic of PD is the 

decline of dopaminergic cells in the substantia nigra pars compacta (SNpc; Braak & Del Tredici, 

2008; Hawkes et al., 2010). Braak’s theory (Braak et al., 2003; Hawkes et al., 2010) 

characterizes disease progression, which is divided into six different stages. Early stages of PD 

are characterized by non-motor symptoms, including a number of neuropsychological 

impairments (reviewed in Dirnberger & Jahanshahi, 2013; Kudlicka et al., 2011; Seer et al., 

2016). At later stages, the death of dopaminergic cells in the SNpc correlates with the 

emergence of motor symptoms, the presence of which typically lead to the diagnosis of the 

disease. According to Braak’s theory, dementia arises as the last Braak stages are reached. PD 

is treated by dopamine (DA) replacement therapy, which is adjusted to alleviate motor 

symptoms to the best possible motility. Thus, systemic DA replacement aims at substituting 

the missing DA in the dorsal striatum (in which the dopaminergic cells from the SNpc have 

their axonal terminals). However, titrating systemic DA replacement solely at the best possible 

motility may incur potential side effects. That is, optimal DA replacement in the nigro-striatal 

DA system may be associated with DA overdosing in meso-limbic and/or meso-cortical DA 

systems, thereby potentially inducing medication-related neuropsychological impairments 

(Cools, 2006; Cools & D’Esposito, 2011; Gotham et al., 1988; Li et al., 2010; Seer et al., 2016; 

Thurm et al., 2016; Vaillancourt et al., 2013). 

A cardinal motor symptom of many PD patients is bradykinesia, which might be best 

summarized as ‘slowness of movement’ (Bologna et al., 2019; Postuma et al., 2015). The 

neuropsychological equivalent of bradykinesia in PD is bradyphrenia, i.e., ‘slowness of thought’ 

(Kehagia et al., 2010; Low et al., 2002; Pate & Margolin, 1994; Peavy, 2010; Revonsuo et al., 

1993; Rogers et al., 1987; Vlagsma et al., 2016; Weiss & Pontone, 2019). However, 

bradyphrenia is not synonymous with slowed behavioral indicators of processing speed (e.g., 

response times in laboratory tasks), which would necessarily originate from both bradyphrenia 

and bradykinesia. Bradyphrenia has previously been described as cognitive akinesia (Rogers, 

1986), and we refer to it here as ‘inflexibility of thought’. As such, PD-related bradyphrenia is 

typically studied by a number of neuropsychological tests that are targeting covert aspects of 

attentional flexibility (Aarsland et al., 2010; Rustamov et al., 2013, 2014). Of major interest 

for the current study are the behavioral abnormalities on the Wisconsin Card Sorting Test 

(WCST; Dirnberger & Jahanshahi, 2013; Kudlicka et al., 2011; Lange, Seer, & Kopp, 2017), 
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which are typically considered as behavioral evidence indicating attentional inflexibility3 in 

patients with PD (Lange et al., 2018). Although these observable WCST indicators may 

provide well-documented sensitive markers of PD-related bradyphrenia, they yet lack 

specificity because similarly impaired WCST indicators occur in other neurological diseases 

(Beeldman et al., 2016; Demakis, 2003; Lange, Seer, Salchow, et al., 2016; Lange, Vogts, et 

al., 2016; Lange, Seer, Müller-Vahl, et al., 2017; Nyhus & Barceló, 2009) and also in 

psychiatric disorders (Roberts et al., 2007; Romine, 2004; Shin et al., 2014; Snyder, 2013). 

On the WCST (Berg, 1948; Grant & Berg, 1948; Heaton et al., 1993; Lange, Seer, & 

Kopp, 2017), participants are required to sort stimulus cards to key cards according to a 

periodically changing category, which is one of three rival categories (see Figure III-1). 

Behavioral WCST indicators are typically the number of perseveration errors (i.e., erroneous 

category repetitions following negative feedback) and the number of set-loss errors (i.e., 

erroneous category switches following positive feedback; Lange, Seer, & Kopp, 2017). 

Performance on the WCST can be conceptualized as feedback-driven learning (Bishara et al., 

2010; Kopp et al., 2019; Steinke et al., 2020) because in order to identify the prevailing 

category, participants have to rely on feedback about the correctness of their current sorts: 

Positive feedback indicates that the executed sort was correct, whereas negative feedback 

indicates that the executed sort was incorrect. We showed in an earlier study (Kopp et al., 2019) 

that WCST feedback affects both the cognitive selection of sorting categories and the 

sensorimotor selection of a particular response. We thus conceptualized feedback-driven 

learning on the WCST as occurring at two distinguishable levels in parallel, i.e., as 

sensorimotor learning at the lower level (i.e., which response to execute) and as cognitive 

learning at the higher level (i.e., which category to apply). 

 

 
 

3 Please note that we used the term attentional inflexibility synonymously with cognitive inflexibility 
as defined in Chapter I. 
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Figure III-1. An exemplary trial sequence on the computerized Wisconsin Card Sorting 

Test (WCST; Barceló, 2003; Lange, Kröger, et al., 2016; Lange, Seer, & Kopp, 2017; 

Lange & Dewitte, 2019; Steinke et al., 2018). On Trial t, a stimulus card (one green 

cross) could be sorted by the color category (inner left key card, response 2), the number 

category (far left key card, response 1), or the shape category (inner right key card, 

response 3). In the current example, the shape category was applied as indicated by 

observing response 3. A positive feedback (i.e., the visually presented word “REPEAT”) 

indicated that this sort was correct, implying that the shape category should be repeated 

on the upcoming trials. However, on Trial t+1, the number category was applied, as 

indicated by observing response 3. Erroneous switches of the applied category after 

positive feedbacks are referred to as a set-loss errors. A subsequently presented negative 

feedback stimulus (i.e., the visually presented word “SWITCH”) announced that that sort 

was incorrect, implying that a category switch is required. On Trial t+2 of the current 

example, the number category was repeated, as indicated by observing response 2. 

Erroneous repetitions of categories following negative feedbacks are referred to as 

perseveration errors. 

 

Putatively related to their lack of specificity, the underlying neural mechanisms of these 

behavioral WCST indicators remain poorly understood (Demakis, 2003; Nyhus & Barceló, 

2009). Here, we suggest that progress with regard to WCST-derived brain-behavior 

relationships does not primarily depend on further improvements at the neuroanatomical (or 

neurofunctional) level. In our opinion, such progress primarily depends on further 

improvements at the hitherto much neglected behavioral level. These improvements include 

(though are not limited to) applying more elaborate data analysis methods such as 
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computational modeling techniques (Beste et al., 2018; Bishara et al., 2010; Browning et al., 

2019; Caso & Cooper, 2020; Gläscher et al., 2019; Steinke et al., 2018). 

The computational approach allows specifying learning processes that are assumed to 

underlie observable behavior. These learning processes can be conceptualized mechanistically, 

and they act together in explicitly defined ways. Computational models allow decomposing the 

finally expressed overt behavior on neuropsychological tests such as the WCST into interacting 

covert components. Hence, computational modeling of WCST performance allows quantifying 

some of the contributing learning mechanisms. The pursuance of the computational approach 

promises to allow investigating associations between explicitly defined learning processes and 

neural mechanisms (Gläscher et al., 2019; McCoy et al., 2019). 

Here, we applied the parallel reinforcement-learning (RL; Caligiore et al., 2019; 

Fontanesi, Gluth, et al., 2019; Fontanesi, Palminteri, et al., 2019; Gerraty et al., 2018; Niv, 

2009; Silvetti & Verguts, 2012; Sutton & Barto, 1998) model of trial-by-trial behavior on the 

WCST, which we introduced in a recent publication (Steinke et al., 2020). Since learning on 

the WCST can be conceptualized as feedback driven, RL represents a natural approach for 

modeling dynamic changes in behavior on the WCST. Our RL model comprises distinct 

learning from positive feedback and from negative feedback. The reason for the distinction 

between positive and negative learning is that DA-midbrain signaling may code positive and 

negative learning in different ways due to the potential reward-quality of positive feedback 

(Frank et al., 2004; Schultz, 2017; Schultz et al., 1997). We also incorporated a simple retention 

mechanism (Erev & Roth, 1998; Steingroever et al., 2013), which ensured that what was 

learned from feedback stimuli on a particular WCST trial remained available in mind for short 

periods of time. Furthermore, we conceptualized WCST performance at two parallel, yet 

distinct levels of learning (Kopp et al., 2019; Steinke et al., 2020): The higher-level cognitive 

learning (which may also be referred to as cortical, declarative, or goal-directed) is completed 

by lower-level sensorimotor learning (which may also be referred to as striatal, procedural, or 

automatic). In the context of the WCST, cognitive learning considers objects of thought (i.e., 

which category to apply on a particular trial) that guide the selection of task-appropriate 

responses. Sensorimotor learning bypasses these objects of thought as it is solely concerned 

with selecting responses: Responses that were followed by positive feedback tend to be 

repeated, whereas responses that were followed by negative feedback tend to be avoided on 

upcoming trials. 
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Our study was directed toward two main goals. The first goal was advancing 

neuropsychological assessment of bradyphrenia/attentional inflexibility in PD by expanding 

purely observable indicators, such as perseveration and set-loss errors on the WCST, through 

a computational approach. The second goal was characterizing the specific learning 

dysfunctions that are associated with disease pathology and/or DA replacement therapy in 

patients with PD. In order to achieve these goals, we studied patients with PD and matched 

healthy control (HC) participants twice on a computerized version of the WCST (cWCST; 

Barceló, 2003; Lange, Kröger, et al., 2016; Lange, Seer, & Kopp, 2017; Lange & Dewitte, 

2019; Steinke et al., 2018). Patients with PD were assessed ‘on’ DA medication and ‘off’ DA 

medication (i.e., after withdrawal of DA medication). 

Materials and Methods 

Procedure 

The relationship between PD pathology and cWCST performance was studied in a 

between-subjects design, comparing PD patients and HC participants. The effect of DA 

replacement therapy on cWCST performance was studied in a within-subjects design. PD 

patients were assessed during two testing sessions; once with their usual DA replacement 

therapy (‘on’ medication) and once after withdrawal of DA replacement therapy (‘off’ 

medication). To account for a potential effect of the repeated assessment on cWCST 

performance, we also assessed HC participants at two testing sessions, and we included the 

testing session as an additional within-subjects factor in the analyses. Note that analyses of first 

testing sessions were reported by Lange, Seer, Loens, et al. (2016) and Steinke et al. (2018). 

Performance on the cWCST was first analyzed by means of conditional error 

probabilities. Second, we analyzed cWCST performance by means of computational modeling, 

i.e., we implemented the parallel reinforcement-learning model (Steinke et al., 2020). 

Participants 

The initial sample of PD patients comprised 44 inpatients and outpatients with 

idiopathic PD referred to the department of Neurology at Hannover Medical School. Patients 

were diagnosed by experienced neurologists in the field of movement disorders. Patients with 

any severe neurological or psychiatric condition other than PD, or a history of neurosurgical 

therapy were not considered for this study. One patient was excluded due to antidepressant 

medication. We excluded patients who were assessed only once (n = 22) and patients who 

completed less than half of the cWCST (i.e., less than 20 switches of the correct category) in 

at least one of the testing sessions (n = 5), resulting in a final sample of N = 16 (11 female) PD 
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patients. Table III-A1 displays PD patients’ demographic, clinical, and psychological data. 

Table III-A2 provides information about PD patients’ DA replacement therapy. None of the 

PD patients received infusional therapy at the time of testing. PD patients’ median Hoehn and 

Yahr stage was 2 (range: 1–3). Ten patients were tested first ‘off’ medication and six patients 

were tested first ‘on’ medication. The median time between the two testing sessions of PD 

patients was 2 days (range: 1–29). The median time of withdrawal from usual DA replacement 

therapy at the start of the testing session ‘off’ medication was 14 h (range: 4–177). The severity 

of clinical motor symptoms ‘off’ and ‘on’ medication was assessed by means of the Unified 

Parkinson’s Disease Rating Scale-part III (UPDRS III). PD patients’ mean UPDRS III scores 

were higher ‘off’ than ‘on’ medication, indicating an increase of motor symptoms after the 

withdrawal from DA replacement therapy (see Table III-A1). 

Thirty-six participants without neurological or psychiatric diseases served as an HC 

group. One of these participants had to be excluded due to inability of performing the cWCST. 

One additional participant was excluded because of completing less than half of the cWCST, 

resulting in a final sample of N = 34 (16 female) HC participants. Table III-A1 gives 

information about demographic and psychological data of HC participants. The median time 

between the two sessions for HC participants was 4 days (range: 1–16). 

The two testing sessions were scheduled at the same time of the day, with the exception 

of two HC participants and three PD patients, whose day times between testing sessions 

deviated for more than 4 h. All participants in this study scored 21 or higher on the Montreal 

Cognitive Assessment (Nasreddine et al., 2005). All participants were offered a compensation 

of € 25 per testing session. The study was approved by the ethics committee of Hannover 

Medical School (vote number: 6589). All participants gave informed consent in accordance 

with the Declaration of Helsinki. For further details, see Lange, Seer, Loens, et al. (2016). 

Computerized Wisconsin Card Sorting Test 

Participants were required to match stimulus cards to one of four key cards W = {one 

red triangle, two green stars, three yellow crosses, and four blue balls} according to one of 

three viable sorting categories U = {color, form, number} by pressing one of four keys V = 

{response 1, response 2, response 3, response 4}. Keys were spatially mapped to the position 

of key cards on the computer screen (see Figure III-1). Stimulus cards varied on the three 

dimensions color, shape, and number but never shared more than one attribute with any of the 

key cards. The target display presented a stimulus card and key cards, which appeared 

invariantly above the stimulus card. Target displays remained on screen until a response was 
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detected. Feedback cues were presented 800 ms after response detection and remained on 

screen for another 400 ms. The German words for repeat (i.e., ‘bleiben’) and shift (i.e., 

‘wechseln’) served as positive and negative feedback cues, respectively. Feedback cues 

indicated whether the previous response was correct or incorrect and whether the applied 

sorting category should be shifted or repeated on the upcoming trial (Kopp & Lange, 2013). 

The next target display appeared 800 ms after feedback-cue offset. The correct sorting category 

switched randomly (Altmann, 2004) after a minimum of two or more correct category 

repetitions. The average number of correct card sorts that was required to trigger a switch of 

the correct category was 3.5 trials. The cWCST was terminated after 39 switches of the correct 

sorting category or upon participant’s request. Prior to the experimental session, participants 

completed a short practice session including four category switches. Participants were 

explicitly informed about the viable sorting categories and about the fact that correct sorting 

categories change occasionally. The cWCST was programmed using Presentation® and 

responses were collected on a Cedrus® response pad. 

Error Analysis 

We analyzed perseveration errors (an erroneous repetition of the applied category 

following negative feedback) and set-loss errors (an erroneous switch of the applied category 

following positive feedback). We computed conditional error probabilities by dividing the 

number of committed errors by the number of trials on which a respective error type was 

possible (e.g., if six perseveration errors are committed on a total of 60 trials following negative 

feedback, the conditional perseveration error probability is 6/60 = 0.1). Conditional error 

probabilities were entered into Bayesian repeated measures analyses of variance (ANOVA) 

using JASP version 11.1 (JASP Team, 2019). First, we analyzed the effect of PD pathology on 

conditional error probabilities by means of a Bayesian ANOVA including the within-subjects 

factor error type (perseveration error vs. set-loss error) and the between-subjects factor disease 

(HC vs. PD). For this analysis, we pooled individual conditional error probabilities across 

testing sessions. That is, we computed individual mean conditional error probabilities across 

the first and the second testing sessions. Second, we analyzed the effect of DA replacement 

therapy on conditional error probabilities of PD patients. We conducted a Bayesian ANOVA 

including the within-subjects factors error type (perseveration error vs. set-loss error) and 

medication (‘on’ vs. ‘off’ medication). For an analysis of effect of the testing session on 

conditional error probabilities, see Appendix III-B. 
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Results of Bayesian ANOVAs were reported as analysis of effects (van den Bergh et 

al., 2019). Evidence for an effect (i.e., a main effect of a factor or the interaction of factors) in 

the data was quantified by means of inclusion Bayes factors (BFinclusion). Inclusion Bayes 

factors gave the change from prior probability odds to posterior probability odds for the 

inclusion of an effect. Prior probabilities for the inclusion of an effect p(inclusion) were 

computed as the sum of prior probabilities of all ANOVA models which included the effect of 

interest. Likewise, posterior probabilities for the inclusion of an effect p(inclusion|data) were 

computed as the sum of all posterior probabilities of these ANOVA models. For example, the 

Bayesian ANOVA including the factors error type and disease considers five ANOVA models 

(i.e., a null model including no effects, two models including only the main effect of error type 

or the main effect of disease, a model including both main effects, and the full model including 

both main effects and the interaction effect of error type and disease). Each ANOVA model 

had a prior probability of 1/5 = 0.2. Thus, the prior probability for the inclusion of the main 

effect disease, which is included in three ANOVA models, is p(inclusion) = 3 × 0.2 = 0.6, 

giving a prior probability odd of 0.6/(1 − 0.6) = 1.5. The sum of posterior probabilities for the 

three ANOVA models including the main effect disease may be p(inclusion|data) = 0.9, giving 

a posterior probability odd of 0.9/(1 − 0.9) = 9. Following, the resulting inclusion Bayes factor 

is BFinclusion = 9/1.5 = 6. For all Bayesian ANOVAs, default settings of JASP were used. We 

implemented uniform prior probabilities for all ANOVA models under consideration. For 

descriptive statistics, we reported mean conditional error probabilities together with 95% 

credibility intervals. 95% credibility intervals were computed as 1.96 standard errors of the 

mean around the mean. 

Computational Modeling 

For computational modeling of cWCST performance, we implemented the parallel RL 

model (Steinke et al., 2020). The parallel RL model conceptualizes cWCST performance as 

cognitive and sensorimotor learning, which occur in parallel, by means of Q-learning 

algorithms (Ahn et al., 2017; Daw et al., 2011; Frank et al., 2007; McCoy et al., 2019; Sutton 

& Barto, 1998). Q-learning algorithms operate on feedback prediction values, which quantify 

how strongly a positive or negative feedback is predicted following the application of a 

category or the execution of a response. Feedback prediction values are updated trial-wise in 

response to an observed feedback. The strength of the updating of feedback prediction values 

is modulated by prediction errors. Prediction errors are defined as the difference between the 
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received feedback and the feedback prediction value. Higher prediction errors indicate stronger 

updating of feedback prediction values. 

Individual parameters of the parallel RL model are learning rate parameters for 

cognitive and sensorimotor learning. Learning rates give the extent to which prediction errors 

are integrated into feedback prediction values of the applied category (for cognitive learning) 

or the executed response (for sensorimotor learning). In order to account for different strengths 

of learning from positive and negative feedback, learning rate parameters for cognitive and 

sensorimotor learning were further separated for trials following positive and negative 

feedback (Frank et al., 2004, 2007; Haines et al., 2018; Palminteri et al., 2009). Highest values 

of learning rates indicate that a prediction error will be added to the feedback prediction value 

of the applied category or the executed response without attenuation. In contrast, with the 

lowest possible learning rate, no updating of the feedback prediction value of the applied 

category or the executed response will happen. The parallel RL model also incorporates 

cognitive and sensorimotor retention rates, which quantify how much information from 

previous trials will be retained for the current trial (Erev & Roth, 1998; Steingroever et al., 

2014). With highest values of retention rates, feedback prediction values from the previous 

trial will transfer to the current trial without mitigation. In contrast, with lowest values of 

retention rates, feedback prediction values are not transferred to the current trial. In such cases, 

responding depends entirely on the last received feedback. Lastly, an individual inverse 

temperature parameter gives the extent to which responding accords to integrated feedback 

prediction values. More precisely, the inverse temperature parameter indicates whether 

differences in integrated feedback prediction values are attenuated (inverse temperature values 

higher than 1) or emphasized (inverse temperature values less than 1). For a detailed 

description of the parallel RL model and further information about parameter estimation, see 

Appendix III-C. 

We used Bayesian tests for direction to quantify evidence for effects of disease, 

medication, and session on model parameters (McCoy et al., 2019; Pedersen et al., 2017). In 

contrast to inclusion Bayes Factors, which we interpreted only if they were larger than 1, Bayes 

factors from Bayesian tests for direction were also interpreted if they were smaller than 1. As 

such, Bayes factors from Bayesian tests for direction indicate evidence for a decrease of a 

model parameter (BF < 1) or for an increase of a model parameter (BF > 1). For interpretation 

of evidential strength of Bayes factors, we followed (Wagenmakers et al., 2011); Bayes factors 

larger than 3 (or less than 1/3) were interpreted as substantial evidence for the presence of an 
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effect, Bayes factors larger than 10 (or less than 1/10) were interpreted as strong evidence for 

the presence of an effect, and Bayes factors larger than 100 (or less than 1/100) were interpreted 

as extreme evidence for the presence of an effect. 

Inspection of individual conditional error probabilities and estimates of model 

parameters did not indicate any considerable effects of gender, time between testing sessions, 

and time of withdrawal from DA replacement therapy on conditional error probabilities and 

parameter estimates or on any comparisons involving these measures (see Appendix III-D). 

The implemented code can be downloaded from https://osf.io/nwrca, which also provides 

further specifications of hierarchical Bayesian analysis. 

Results 

Error Analysis 

Mean conditional error probabilities are shown in Figure III-2. First, we analyzed the 

effects of PD pathology on conditional error probabilities. Results of the Bayesian ANOVA 

including the between-subjects factor disease are reported in Table III-1. There was extreme 

evidence for an effect of error type on conditional error probabilities (BFinclusion > 1000). 

Conditional perseveration error probabilities were generally higher than conditional set-loss 

error probabilities. There was neither evidence for a main effect of disease on conditional error 

probabilities (BFinclusion = 0.452) nor for the interaction effect of error type and disease on 

conditional error probabilities (BFinclusion = 0.465). 

 

 

Figure III-2. Conditional error probabilities. Large circles indicate mean conditional 

error probabilities. Error bars indicate the 95% credibility interval. Small circles indicate 

individual conditional error probabilities.  
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Table III-1. Analysis of effects of error type and disease on conditional error 

probabilities. 

Effects p(inclusion) p(inclusion|data) BFinclusion 
Error Type  0.600  > 0.999  > 1000 ***  

Disease  0.600  0.404  0.452  

Error Type x Disease  0.200  0.104  0.465  

*** extreme evidence. 

 

Next, we analyzed the effects of DA replacement therapy in PD patients on conditional 

error probabilities. Results of the Bayesian ANOVA including the within-subjects factor 

medication are reported in Table III-2. Again, we found extreme evidence for an effect of error 

type on conditional error probabilities (BFinclusion > 1000). However, there was no evidence for 

a main effect of medication on conditional error probabilities (BFinclusion = 0.247) and there was 

no evidence for an interaction effect of error type and medication on conditional error 

probabilities (BFinclusion = 0.351). 

 

Table III-2. Analysis of effects of error type and medication on conditional error 

probabilities.  

Effects p(inclusion) p(inclusion|data) BFinclusion 
Error Type  0.600  > 0.999  > 1000 ***  

Medication  0.600  0.270  0.247  

Error Type x Medication  0.200  0.081  0.351  

*** extreme evidence. 

 

Computational Modeling 

Descriptive statistics of group-level model parameters for cognitive and sensorimotor 

learning are presented in Figure III-3. Learning rate parameters were overall higher for 

cognitive learning than for sensorimotor learning, indicating a stronger impact of cognitive 

learning when compared to sensorimotor learning. Learning rate parameters for cognitive 

learning were higher after positive than after negative feedback. Thus, participants showed 

stronger cognitive learning from positive feedback than from negative feedback. In contrast, 

learning rate parameters for sensorimotor learning were smaller after positive feedback than 

after negative feedback. In fact, the sensorimotor learning rate after positive feedback was close 

to zero. Hence, participants showed sensorimotor learning from negative feedback, but they 
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barely showed sensorimotor learning from positive feedback. The sensorimotor retention rate 

was higher than the cognitive retention rate. Participants retained more sensorimotor-learning 

information from previous trials than cognitive-learning information from previous trials. The 

inverse temperature parameter was less than 1 (HC: median = 0.150, Q0.25 = 0.142, Q0.75 = 

0.158; PD ‘off’: median = 0.157, Q0.25 = 0.145, Q0.75 = 0.168; PD ‘on’: median = 0.152, Q0.25 

= 0.138, Q0.75 = 0.165), indicating that differences in integrated feedback prediction values 

were emphasized. 

 

 

Figure III-3. Model parameters for cognitive and sensorimotor learning. Large circles 

indicate medians of group-level posterior distributions (derived by Equation III-C14). 

Error bars indicate lower and upper quartiles of group-level posterior distributions. Small 

circles indicate medians of individual-level posterior distributions (derived by Equation 

III-C13); a.u. = arbitrary units; * substantial evidence for the presence of an effect; ** 

strong evidence for the presence of an effect. 

 

Computational modeling analysis revealed three effects of PD pathology on model 

parameters: First, there was strong evidence for a decreased cognitive retention rate in HC 

participants (BF = 0.095; see Table III-3). Second, there was substantial evidence for an 

increased sensorimotor retention rate in HC participants (BF = 4.725). PD patients retained 

more cognitive-learning information from previous trials when compared to HC participants. 

In contrast, PD patients retained less sensorimotor-learning information from previous trials 

than HC participants did. Third, there was strong evidence for a decrease of the sensorimotor 

learning rate parameter after positive feedback in HC participants (BF = 0.073). With regard 
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to effects of DA replacement therapy in PD patients on model parameters, we found substantial 

evidence for a decreased cognitive learning rate after positive feedback for PD patients ‘on’ 

medication (BF = 0.282; see Table III-3). Thus, PD patients ‘on’ medication showed reduced 

cognitive learning from positive feedback. This finding was mirrored by the sensorimotor 

learning rate after positive feedback, as there was strong evidence for a decrease of this model 

parameter when PD patients were tested ‘on’ medication (BF = 0.077). There was also 

substantial evidence for an increase of the cognitive retention rate when PD patients were tested 

‘on’ medication (BF = 3.323). Thus, DA replacement therapy further increased the heightened 

cognitive retention rate of PD patients. 

 

Table III-3. Bayes factors for effects of disease and medication on model parameters. 

 
Parameter 

 
Definition 

Effect 
Disease Medication 

*)
0 

cognitive learning rate following positive 
feedback 

1.519 0.282 * 

*)
/ 

cognitive learning rate following negative 
feedback 

0.940 2.676 

,)  cognitive retention rate 0.095 ** 3.323 * 

*-
0 

sensorimotor learning rate following positive 
feedback 

0.073 ** 0.077 ** 

*-
/ 

sensorimotor learning rate following negative 
feedback 

1.137 0.521 

,- sensorimotor retention rate 4.725 * 1.075 
4 inverse temperature parameter 0.551 0.720 

* substantial evidence; ** strong evidence. 

 

Discussion 

The present data show how the construct of PD-related bradyphrenia (Kehagia et al., 

2010; Low et al., 2002; Pate & Margolin, 1994; Peavy, 2010; Revonsuo et al., 1993; Rogers, 

1986; Rogers et al., 1987; Vlagsma et al., 2016; Weiss & Pontone, 2019), which is difficult to 

study with purely behavioral methods, can be investigated through applying computational 

techniques. Computational modeling of trial-by-trial reinforcement learning on the WCST 

(Steinke et al., 2020) revealed that PD patients and HC participants learned similarly from trial-

by-trial feedback on the cWCST. The two groups differed with regard to retention rates, with 

PD patients retaining (a) learned cognitive information from previous trials better, and (b) 

learned sensorimotor information from previous trials worse than HC participants did. We also 

found that systemic DA replacement therapy, which was titrated in individual patients for the 
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best possible motility, incurred bradyphrenic side effects by (a) further increasing cognitive 

retention rates, and (b) decreasing cognitive learning from positive feedback. In the following 

sections, we discuss implications for neuropsychological sequelae of PD and DA replacement 

therapy, as well as implications for the investigation of brain-behavior relationships and for 

neuropsychological assessment. Furthermore, we outline study limitations and future research 

directions. 

Implications for Neuropsychological Sequelae of PD 

Computational modeling revealed that PD patients retained learned cognitive 

information from previous trials better than HC participants did (see Figure III-3). Cognitive 

retention rates represent one of the latent variables in our computational RL model (Steinke et 

al., 2020). Higher cognitive retention rates indicate better retention (i.e., higher levels of 

activation) of objects of thought (i.e., categories in the cWCST context) through time. In this 

case, mental shifting between objects of thought will be hampered due to stronger proactive 

interference that is exerted from the retained categories. We conclude from our data that PD 

patients are characterized by a reduced flexibility of cognitive learning compared to HC 

participants (see Figures III-4a and III-4b for illustration). Thus, PD pathophysiology (Braak 

et al., 2003; Braak & Del Tredici, 2008; Hawkes et al., 2010) is associated with a cognitive 

symptom, which can probably be best described as ‘inflexibility of thought’ (i.e., bradyphrenia; 

Kehagia et al., 2010; Revonsuo et al., 1993; Rogers et al., 1987; Vlagsma et al., 2016). As a 

result, PD should not merely be considered as a ‘movement disorder’ because cognitive 

symptoms such as attentional inflexibility represent an integral manifestation of the disease 

around its mid-stage (Braak et al., 2003; Braak & Del Tredici, 2008; Hawkes et al., 2010). 

 



Chapter III 101  

 

 

Figure III-4. Exemplary effects of between-group variations of model parameters on 

trial-to-trial dynamics of feedback prediction values. (a) The representative trial 

sequence on the cWCST, as depicted in Figure III-1. Panels (b), (c), and (d) give 

feedback prediction values across seven trials, the first three of them are shown in (a). 

Note that on Trials 4 to 7, neither the shape category was applied nor was response 3 

pressed. Panel (b) shows cognitive-learning feedback prediction values for the 

application of the shape category. The received positive feedback on Trial 1 causes an 

increase in feedback prediction values. With high configurations of the cognitive 

retention rate (i.e., ,) 	), such as seen in PD patients, more information from previous 

trials (i.e., feedback prediction values) was retained. Panel (c) shows sensorimotor-

learning feedback prediction values for the execution of response 3. The execution of 

response 3 was followed by a positive feedback on Trial 1. However, as the sensorimotor 

learning rate for positive feedback was close to zero, no updating of feedback prediction 

values happened. On Trial 2, a negative feedback followed the execution of response 3, 

causing a decrease in feedback prediction values. With low values of the sensorimotor 

retention rate (i.e., ,- ), such as seen in PD patients, less sensorimotor-learning 

information from previous trials was retained. Panel (d) shows the effect of a low 
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configuration of the cognitive learning rate for positive feedback (i.e., *)
0), such as seen 

in PD patients ‘on’ dopaminergic medication. Low learning rate configurations decrease 

learning from positive feedback, which is indicated by a reduced amplitude of feedback 

prediction values. All presented effects of model parameters on trial-to-trial dynamics of 

feedback prediction values were computed by varying exclusively the parameter of 

interest at arbitrary values while holding all other model parameters constant.  

 

Traditional behavioral indicators of bradyphrenia are confounded by the presence of 

bradykinesia in PD (Vlagsma et al., 2016). For example, response times on more or less 

complex sensorimotor tasks represent a mixture of mental and motor slowing, and 

disentangling mental slowing from prolonged response times has proven difficult to achieve 

(Vlagsma et al., 2016). Computational modeling provides a technique for isolating less impure 

(latent) measures of bradyphrenia, which seem to be less contaminated by bradykinesia than 

response times are. Errors might likewise originate from a mixture of a variety of different 

mental processes, one of which is bradyphrenia. Our study provides a good example for the 

mixture problem: We found that cognitive retention rates, but not perseveration errors, were 

sensitive to group membership (see Figures III-2 and III-3). Behaviorally manifested 

perseverative tendencies may occur as sequelae of bradyphrenia under certain circumstances, 

but they are the result of a variety of different mental processes, some of which may not be 

affected by the PD pathophysiology. As a result, manifest behavioral expressions of 

bradyphrenia seem to offer less-sensitive indicators of PD-related bradyphrenia than 

computationally derived latent variables do. 

PD patients also retained learned sensorimotor information from previous trials worse 

than HC participants (see Figure III-3). We defined sensorimotor learning as being concerned 

with response selection. Noticeable sensorimotor learning happened exclusively after the 

reception of negative feedback, indicating that participants tended to avoid responses that were 

followed by negative feedback. Reduced sensorimotor retention rates, such as that seen in PD 

patients when compared to HC participants, show that learned sensorimotor information (i.e., 

which response to avoid) dissipated more rapidly through time (see Figure III-4a and III-4c for 

illustration). These data reveal that PD pathophysiology (Braak et al., 2003; Braak & Del 

Tredici, 2008; Hawkes et al., 2010; Willemssen et al., 2011) is associated with another mental 

symptom, which can probably be best described as impaired stimulus-response learning (or, in 

terms of sensorimotor learning, selecting a key card by executing a response). Impaired 
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stimulus-response learning was repeatedly reported in PD patients, most frequently studied by 

means of probabilistic classification tasks (Knowlton et al., 1996; Shohamy et al., 2008; Yin 

& Knowlton, 2006). 

Implications for Neuropsychological Sequelae of DA Replacement Therapy 

We found that DA replacement therapy did not relieve PD-related cognitive symptoms. 

On the contrary, our results indicate that DA replacement therapy induces additional cognitive 

symptoms. That is, PD patients ‘on’ medication showed increased cognitive retention rates, 

indicating worsening of the already bradyphrenic attentional inflexibility compared to PD 

patients tested ‘off’ medication. In addition, PD patients ‘on’ medication showed decreased 

cognitive learning from positive feedback (see Figure III-3). Reduced cognitive learning from 

positive feedback indicates that the activation of objects of thought (i.e., categories) achieves 

attenuated peaks, thereby inducing attentional instability (see Figure III-4a and III-4d for 

illustration). Thus, our results are in line with previous research, demonstrating that DA 

replacement therapy may induce iatrogenic cognitive impairments (Cools, 2006; Cools & 

D’Esposito, 2011; Dirnberger & Jahanshahi, 2013; Gotham et al., 1988; Li et al., 2010; Seer et 

al., 2016; Vaillancourt et al., 2013). 

It is well-recognized that performance on cognitive tasks depends on optimal levels of 

DA, implying that both an insufficient and an excessive level of DA impairs performance on 

such tasks (Cools, 2006; Cools & D’Esposito, 2011; Dirnberger & Jahanshahi, 2013; Gotham 

et al., 1988; Li et al., 2010; Seer et al., 2016; Vaillancourt et al., 2013). In early PD, DA 

depletion is most severe in the dorsal striatum, which is part of the nigro-striatal DA system. 

Other DA systems appear to be relatively spared from DA depletion in early PD, such as the 

meso-limbic and the meso-cortical DA systems (Vaillancourt et al., 2013). DA replacement 

therapy of PD is titrated to ameliorate motor symptoms, aiming to restore the missing DA in 

the dorsal striatum. An optimal DA replacement therapy may relieve motor symptoms, but it 

can cause an overdosing of the less DA-depleted meso-limbic and meso-cortical DA systems. 

Conclusively, the cognitive impairments that were induced by DA replacement therapy (see 

above) in this study might occur as a corollary of excessive DA levels in the meso-limbic and/or 

the meso-cortical DA system (Cools, 2006; Dirnberger & Jahanshahi, 2013; Gotham et al., 

1988; Seer et al., 2016). 

This study found that DA replacement therapy incurred two iatrogenic side effects, i.e., 

attentional inflexibility, indicated by increased cognitive retention rates, and attentional 

instability, indicated by decreased cognitive learning from positive feedback. The meso-



104 Chapter III  

 

cortical DA system plays a crucial role in attentional flexibility (Floresco & Magyar, 2006; 

Goschke & Bolte, 2014; Müller et al., 2007), whereas the meso-limbic DA system is associated 

with anticipation of reward or positive feedback (Aarts et al., 2014; Shohamy & Adcock, 2010). 

Thus, the iatrogenic cognitive impairments induced by DA replacement therapy could possibly 

be subserved by distinct DA systems (Beste et al., 2010); the overstimulation of the meso-

cortical DA system might cause attentional inflexibility, as indicated by an increased cognitive 

retention rate, whereas an overstimulation of the meso-limbic DA system might induce 

attentional instability via reduced cognitive learning from positive feedback. 

Implications for Brain-Behavior Relationships 

Computational models specify explicit cognitive architectures, i.e., cognitive 

components and their exactly defined ways of interaction. We considered interactions between 

explicitly defined reinforcement learning processes (Equations III-C2–3 and III-C6–7), plus 

simple mechanisms of short-term retention (Equations III-C1 and III-C5), as the cognitive 

architecture, which was finally expressed as overt behavior on the cWCST. The particular 

cognitive architecture of our computational model may be best described as parallel RL, and 

the question how well competing models fit behavioral cWCST data has been addressed 

elsewhere (Steinke et al., 2020). The results from that study led to the conclusion that parallel 

RL provides a better conceptualization of behavioral cWCST data than competing models do, 

thereby lending initial credibility to the potential adequacy of parallel RL as a suitable 

descriptor of some of the covert cognitive processes that underlie overt behavior on the WCST. 

The issue of how computationally derived cognitive processes are mapped to neural 

mechanisms deserves further inquiry. In particular, details of the underlying neural 

mechanisms that are associated with the latent variables that can be gained from applying our 

parallel RL model, such as individual learning rate or retention rate parameters or trial-wise 

feedback prediction values or prediction errors, should be addressed by appropriate brain 

imaging studies. The approach to combine computational modeling and brain imaging 

represents a promising avenue for the advancement of brain-behavior relationships (Gläscher 

et al., 2019; McCoy et al., 2019). The main reason why we consider this approach as a 

promising technique is that computationally derived latent variables may provide less impure 

indicators of covert cognitive processes than behavioral indicators do. As such, the parallel RL 

model conceptualizes the final behavioral outcome on any trial of the cWCST as emerging 

from a mixture of many interacting, but isolable, componential processes (Equation III-C8 and 

III-C9). 
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Implications for Neuropsychological Assessment 

To date, clinical neuropsychological assessment of cognitive dysfunctions relies almost 

exclusively on the results that can be obtained from behavioral observations. The WCST is just 

one of the many examples of how clinical neuropsychological assessment usually works: Test 

authors and examiners draw ad-hoc conclusions about cognitive dysfunctions, which are based 

on counts of the occurrence of particular behavioral events, such as—in the example of the 

WCST—the number of perseveration and/or set-loss errors committed. Clinical 

neuropsychological assessment refers to cognitive assessment, albeit these covert cognitive 

processes remain unobservable. Thus, clinical neuropsychological assessment involves 

inferences that clearly exceed the behavioral observations. With regard to the WCST, typical 

inferences would be that a patient who showed corresponding behavioral signs suffers from 

impaired abstraction, or from cognitive inflexibility and/or distractibility. Cognitive constructs 

utilized for clinical neuropsychological assessment are often ill-defined, bearing the problem 

that they appear as arbitrary re-descriptions of the behavioral observations that were made. 

Computational modeling bears the potential for clinical neuropsychological assessment 

to improve its inferential capability. Specifically, latent variables that represent 

computationally derived reflections of presumed cognitive processes may replace the 

traditional verbal constructs of clinical neuropsychological assessment. As noted above, 

behavioral indicators are better conceived as resulting from a mixture of many contributing 

covert processes. Selecting just one ‘main’ process may constitute an over-simplified inference. 

Computationally derived latent variables may be less susceptible to this shortcoming of the 

traditional manner in which clinical neuropsychological assessment is practiced. In that regard, 

it should be noted that our parallel RL model yields – for each individual – a set of latent 

variables. We found that some of these latent variables, but not directly observed behavioral 

indicators (i.e., conditional error probabilities; see Figure III-2), were sensitive to 

disease/medication status. This sensitivity gradient may occur because the latent variables are 

less impure than behavioral indicators are. We also showed that the variability of the latent 

variables is unique, i.e., that it is non-redundant with regard to the conventional measures that 

are available from non-computational investigation (Table III-F1). However, it remains a 

possibility that decomposing observable behavioral indicators into less impure error scores 

provides another route towards an assessment of more specific cognitive dysfunctions (e.g., 

Barceló, 1999; Barceló & Knight, 2002; Lange, Seer, & Kopp, 2017). However, until now, this 

route has not led to sufficiently pure behavioral measures of cognitive dysfunctions. 
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There are some relatively straightforward clinical implications of computational 

cognitive neuropsychology. Considering the present study as an exemplary forerunner of that 

approach, the pursuit of computational cognitive neuropsychology may change our way of 

caring for patients with chronic neurological diseases such as PD in several ways. First, our 

general diagnostic work-up may change as outlined in the previous paragraphs, shifting our 

focus away from behavioral observations toward latent cognitive variables. Latent variables 

may provide more detailed and less impure information about cognitive sequelae of chronic 

neurological diseases and their progression. This could enable us to trace, and hopefully predict 

the long-term course of individual patients. Second, given that some of the latent cognitive 

variables were sensitive to adverse effects of DA treatment, such computational diagnostic 

work-ups may guide titrating DA medication dosage in individual PD patients in such a way 

that desired treatment effects are at their optimum while non-desirable treatment effects are 

minimized. 

Study Limitations and Directions for Future Research 

PD was shown to be robustly associated with impaired behavioral WCST indicators 

(for a meta-analysis, see Lange et al., 2018). In this study, mean conditional set-loss error 

probabilities – and to a lesser extent conditional perseveration error probabilities – were 

increased in PD patients when compared to HC participants (see Figure III-2). However, we 

did not find evidence for an effect of disease on conditional error probabilities (see Table III-

1), most likely due to the relatively small sample size, which constitutes a limitation of this 

study. Thus, a replication study with larger sample size might reveal more nuanced effects of 

PD pathophysiology and/or DA replacement therapy. Furthermore, results of Bayesian 

repeated measures ANOVAs should be interpreted with caution, since conditional error 

probabilities appeared to be skewed towards zero, which might indicate a violation of the 

assumption of normally distributed conditional error probabilities. 

Furthermore, DA replacement therapy was not fully balanced across first and second 

testing sessions, which might limit the interpretability of our results. However, in 

computational modeling analysis, we countered this problem by explicitly accounting for the 

repeated cWCST administration, allowing us to disentangle effects of DA replacement therapy 

from session effects on model parameters (see Appendix III-E). However, our results need to 

be consolidated using a fully balanced study design. Furthermore, effects of DA medication, 

particularly L-Dopa, can last for several days after withdrawal (Albin & Leventhal, 2017). 

Thus, the time of withdrawal from DA replacement therapy in many PD patients of this study 
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(median = 14 h) might have been too short for a complete DA depletion. L-Dopa and dopamine 

agonists were shown to have differentiable cognitive effects (Dirnberger & Jahanshahi, 2013). 

However, the majority of PD patients in this study received a mixture of L-Dopa and DA 

agonists (see Table III-A2). Hence, cognitive effects of L-Dopa and DA agonists were not 

dissociable in this study; their specific effects should be addressed by future research. When 

investigating the cognitive effects of DA medication, it is also important to consider the DA 

receptors that are targeted by the administered DA medication (Beste et al., 2016; Cools & 

D’Esposito, 2011), as DA receptor subtypes may be related to distinct cognitive processes 

(Bensmann et al., 2020; Eisenegger et al., 2014; Frank et al., 2004, 2007). 

Results of the Montreal Cognitive Assessment did not indicate that any PD patient was 

affected by mild cognitive impairment (MCI; Freitas et al., 2013). However, the Montreal 

Cognitive Assessment represents a fast assessment tool for screening potential MCI in PD. 

Thus, a reliable diagnosis based on a comprehensive assessment is missing (Litvan et al., 2012), 

which constitutes a further limitation of this study. 

In our earlier study, we concluded that parallel RL provides a better conceptualization 

of behavioral cWCST data than competing models do (Steinke et al., 2020). It remains an open 

question whether this conclusion, which was based on the analysis of a large sample of young 

volunteers (N = 375), is generalizable to other populations, such as PD patients. In this study, 

we did not consider competing computational models because the relatively small sample size 

limited the validity of such model comparison efforts. Future studies should – whenever 

appropriate – consider all candidate computational models and base further analyses on the 

computational model that provides the best conceptualization of behavioral data (Palminteri et 

al., 2017). 

Estimates of the sensorimotor learning rate following positive feedback were close to 

zero (see Figure III-3), which is in line with results of our previous study (Steinke et al., 2020). 

Thus, the sensorimotor learning did virtually not happen following positive feedback (see 

Figure III-4a,d for illustration; for a detailed discussion, see Steinke et al., 2020). As even 

highest estimates of the sensorimotor learning rate following positive feedback were negligible 

in size and variance when compared to estimates of other learning rate parameters, we refrained 

from any interpretation of disease and medication effects on this close-to-zero model parameter. 

Our parallel RL model provides a route towards the advanced assessment of cognitive 

dysfunctions. In this exemplary study, we analyzed data obtained from a computerized variant 

of the WCST, i.e., the cWCST. However, the parallel RL is not restricted to analysis of cWCST 
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data but it is rather applicable to data obtained by any available WCST variant (Heaton et al., 

1993; Kongs et al., 2000; Nelson, 1976; Schretlen, 2010). The sole requirement for 

implementing the parallel RL model is that data must be provided in a trial-by-trial format, 

rendering our computational modeling approach a promising method for (re)analyzing clinical 

WCST data. In order to increase the power of computational modeling analysis, such data sets 

might be merged across several studies and/or research centers. 

There are two major statistical advantages of the implemented computational approach 

over the conducted error analysis. First, we estimated model parameters under consideration 

of individual trial-by-trial dynamics (as defined by the parallel-RL model), whereas conditional 

error probabilities were computed by simply aggregating the number of committed 

perseveration or set-loss errors. Second, we used hierarchical Bayesian analysis for parameter 

estimation (Ahn et al., 2017; Kruschke, 2015). Hierarchical Bayesian analysis provides high 

statistical power by considering individual differences in model parameters while pooling 

information across all individuals by means of group-level parameters. In contrast, group-level 

statistics of error analysis were computed as mean conditional error probabilities. 

Conclusions 

PD patients showed (a) bradyphrenic attentional inflexibility, and (b) reduced 

sensorimotor retention. DA medication does not remediate any of these cognitive symptoms. 

On the contrary, DA medication decreases cognitive learning from positive feedback in PD 

patients, thereby inducing attentional instability. We discussed the iatrogenic effects of DA 

medication as probably originating from overdosing meso-limbic/cortical DA systems. In 

conclusion, apart from reduced sensorimotor retention, PD patients who are under DA 

medication are prone to (a) bradyphrenic attentional inflexibility, probably due to the 

characteristic brain pathophysiology, and (b) attentional instability, probably due to iatrogenic 

effects of DA medication. These insights were made possible through the application of a 

computational RL model (Steinke et al., 2020), which served to decompose WCST 

performance into covert constituent parts and provided latent variables that may be less impure 

than behavioral indicators of cognitive impairments. These computationally derived latent 

variables should be utilized in future research for investigating brain-behavior relationships. 

The latent variables may also be utilized to derive novel neuropsychological assessment 

techniques for bradyphrenia/attentional flexibility in PD and in other neurological diseases and 

psychiatric disorders.  
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Appendix III-A 

Table III-A1. Demographic, clinical, and psychological characteristics. 

 Healthy Control  
Participants (N = 34) 

Parkinson’s Disease  
Patients (N = 16) 

 Mean SD n Mean SD n 
Age (years) 63.18 9.71 34 59.94 8.84 16 
Education (years) 13.49 4.09 34 14.40 2.88 15 
Disease duration (years) - - - 6.75 4.04 16 
UPDRS III ‘on’ - - - 17.75 8.05 16 
UPDRS III ‘off’ - - - 27.92 12.68 13 
LEDD - - - 932.63 437.86 16 
MoCA (cognitive status) 28.35 1.97 34 27.47 1.08 16 
WST (premorbid intelligence) 30.71 3.79 34 23.00 32.71 16 
AES (apathy) 10.77 6.81 34 15.31 8.85 16 
BDI-II (depression) 6.59 8.28 34 6.56 4.43 16 
BSI-18 (psychiatric status) 6.16 7.99 33 7.07 4.89 14 
  Anxiety 1.82 2.31 33 2.79 1.37 14 
  Depression 1.91 3.14 33 1.29 1.33 14 
  Somatization 2.44 3.26 33 3.00 2.96 14 
SF-36 (health status) 74.21 20.12 33 59.07 16.66 14 
  Physical functioning 79.55 22.65 33 56.79 24.15 14 
  Physical role functioning 71.97 40.87 33 35.71 41.27 14 
  Bodily pain 71.58 26.20 33 61.71 26.67 14 
  General health perception 60.33 18.35 33 51.29 20.08 14 
  Vitality 63.79 19.61 33 54.29 17.85 14 
  Social role functioning 88.26 16.52 33 65.18 24.60 14 
  Emotional role functioning 84.91 30.11 33 83.36 36.39 14 
  Mental health 77.58 15.84 33 67.71 12.10 14 
BIS-brief (impulsiveness) 15.45 4.17 34 14.84 3.74 16 
DII (impulsivity)       
  Functional 5.85 2.95 34 6.00 2.45 16 
  Dysfunctional 2.38 2.59 34 3.31 3.95 16 
QUIP-RS (impulse control) 0.61 1.42 28 6.00 9.78 15 
SPQ (schizotypal traits) 4.46 3.67 33 4.57 3.67 14 
  Interpersonal 2.52 2.41 33 2.36 1.91 14 
  Cognitive-perceptual 1.15 1.18 33 1.07 1.39 14 
  Disorganized 0.79 1.11 33 1.14 1.51 14 

Disease duration was defined as the difference between the year of testing and the year 

of Parkinson’s disease symptom onset in the medical records; UPDRS III = Unified 

Parkinson’s Disease Rating Scale-part III; LEDD = Levodopa Equivalent Daily Dosage 

(mg per day; Tomlinson et al., 2010); MoCA = Montreal Cognitive Assessment 

(Nasreddine et al., 2005); WST = Wortschatztest (Schmidt & Metzler, 1992); AES = 

Apathy Evaluation Scale (Marin et al., 1991); BDI-II = Beck Depression Inventory-II 

(Beck et al., 1996); BSI- 18 = Brief Symptom Inventory (18-item version; Derogatis, 
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2001); SF-36 = Short Form Health Survey (Ware & Sherbourne, 1992); BIS-Brief = 

Barratt Impulsiveness Scale (8-item version; Steinberg et al., 2013); DII = Dickman 

Impulsivity Inventory (Dickman, 1990); QUIP-RS = Questionnaire for Impulsive-

Compulsive Disorders in Parkinson’s Disease—Rating Scale (Weintraub et al., 2012); 

SPQ = Schizotypal Personality Questionnaire (Raine & Benishay, 1995). 

 

Table III-A2. Parkinson’s disease patients’ medication and LEDD scores. 

Patient 
Number Medication (mg) LEDD 

1 Pramipexole 3.15 450 
2 Pramipexole 0.52, Rasagiline 1 175 
3 Pramipexole 3.15, L-Dopa 300, C-L-Dopa 100 825 
4 L-Dopa 400, Amantadine 200, Rasagiline 1, Rotigotine 12 1060 
5 L-Dopa 1000, Entecapone 1000, Pramipexole 1.75, Oral Selegiline 10 1680 
6 L-Dopa 400 400 
7 L-Dopa 600, Entecapone 600, Pramipexole 1.04 948 
8 L-Dopa 350, C-L-Dopa 500, Pramipexole 2.1 1025 
9 L-Dopa 400, Rotigotine 2 460 
10 L-Dopa 550, Rotigotine 16, Rasagiline 1, Amantadine 200 1330 
11 L-Dopa 600, Amantadine 200, Rotigotine 6, Cabergoline 6 1380 
12 L-Dopa 600, C-L-Dopa 100, Entecapone 1200, Pramipexole 1.57 1098 
13 L-Dopa 600, C-L-Dopa 300, Entecapone 800, Cabergoline 6 1497 
14 L-Dopa 700, C-L-Dopa 100, Entecapone 600, Rotigotine 8 1246 
15 L-Dopa 500, Piribidil 50 550 
16 L-Dopa 600, Entecapone 800 798 

LEDD = Levodopa Equivalent Daily Dosage (mg per day; Tomlinson et al., 2010); C-L-

Dopa = Controlled-Release L-Dopa; Pramipexole was reported as base form dosis. For 

computation of LEDD scores, the salt form was used (Pramipexole dihydrochloride 1 

H2O; Tomlinson et al., 2010). 
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Appendix III-B 

Descriptive statistics of conditional error probabilities for the first and second testing 

sessions are reported in Table III-B1. A Bayesian ANOVA with the factors error type 

(perseveration error vs. set-loss error) and session (first vs. second session; see Table III-B2) 

revealed extreme evidence for an effect of error type on conditional error probabilities 

(BFinclusion > 1000). There was also extreme evidence for a main effect of session on conditional 

error probabilities (BFinclusion = 319.214), indicating that conditional error probabilities were 

generally reduced on the second testing session. There was no evidence for the interaction 

effect of error type and session on conditional error probabilities (BFinclusion = 1.962). 

 

Table III-B1. Descriptive statistics of conditional error probabilities for first and second 

testing sessions (mean with 95% credibility interval in parentheses). 

Error Type Session 
First Second 

Perseveration Error 0.145 (0.121, 0.169) 0.110 (0.086, 0.133) 
Set-Loss Error 0.052 (0.039, 0.064) 0.034 (0.023, 0.044) 

 

Table III-B2. Analysis of session effects on conditional error probabilities. 

Effects p(inclusion) p(inclusion|data) BFinclusion 
Error Type 0.600 > 0.999 > 1000 ***  

Session 0.600 0.998 319.214 ***  

Error Type x Session 0.200 0.329 1.962  

*** extreme evidence. 
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Appendix III-C 

The cognitive Q-learning algorithm operates on feedback prediction values of sorting 

categories. More precisely, 8)(#) is a 3 (categories) × 1 vector that gives feedback prediction 

values for the application of any category on trial t. For trial-wise updating of feedback 

prediction values, the strength of transfer of feedback prediction values from trial t to trial t+1 

is modeled as: 

8)
9 (#) = ,) ∗ 8)(#) (III-C1) 

where ,)  ϵ [0,1] is an individual cognitive retention rate. High values of ,)  represent a strong 

impact of previous feedback prediction values on current responding. Next, trial-wise 

prediction errors <)(#) are computed with regard to the applied category u ϵ U on trial t as: 

<)(#) = =(#) − >),@
9 (#) (III-C2) 

where =(#) is 1 or -1 for a received positive or negative feedback, respectively. Feedback 

prediction values for the application of categories are updated following a delta-learning rule: 

8)(# + 1) = 8)
9 (#) + î)(#) ∗ *) ∗ <)(#) (III-C3) 

î)(#) is a 3 × 1 dummy vector, which is 1 for the applied category u and 0 for all other 

categories on trial t. î)(#) ensures that only the feedback prediction values for the applied 

category u on trial t is updated by the prediction error <)(#). Independent individual learning 

rate parameters for positive and negative feedback, *)
0 ϵ [0,1] and *)

/ ϵ [0,1], respectively, 

quantify the strength of learning from the presence of a prediction error. Feedback prediction 

values for the application of categories 8)(# + 1)  are matched to responses, which is 

represented by a 4 (responses) × 1 vector 8ï)(# + 1) . For response v ϵ V on trial t+1, 

>ï),C(# + 1) is computed as: 

>ï),C(# + 1) = DC
E(# + 1)	8)(# + 1) (III-C4) 

with DC(# + 1) is a 3 (categories) × 1 vector that represents the match between a stimulus card and 

response v with regard to sorting categories. Let DC(# + 1)  be 1 if a stimulus card matches 

response v by category u and let DC(# + 1) be 0 elsewise. DC
ñ(# + 1) denotes the transpose of 

DC(# + 1). To account for responses that match no viable sorting category (i.e., responses that 

certainly yield a negative feedback), feedback prediction values of such responses are assigned a 

value of >ï),C(# + 1) = −1. 
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Sensorimotor Q-learning parallels cognitive Q-learning. However, sensorimotor Q-

learning directly operates on feedback prediction values for the execution of responses. Hence, 

a 4 (responses) × 1 vector 8-(#) gives feedback prediction values for the execution of any 

response on trial t. Again, the strength of the transfer of feedback prediction values from trial t 

to trial t+1 is modeled as: 

8-
9 (#) = ,- ∗ 8-(#) (III-C5) 

with the individual sensorimotor retention rate ,- ϵ [0,1]. Trial-wise prediction errors <-(#) 

with regard to the executed response v on trial t are computed as: 

<-(#) = =(#) − >-,C
9 (#) (III-C6) 

Feedback prediction values for the execution of responses are then updated as: 

8-(# + 1) = 8-
9 (#) + î-(#) ∗ *- ∗ <-(#) (III-C7) 

Again, î-(#) is a 4 × 1 dummy vector that is 1 for the executed response v and 0 for all other 

responses on trial t, which ensured that only feedback prediction values of the executed 

response are updated by the prediction error. For sensorimotor learning, we assumed 

independent learning rate parameters for positive and negative feedback, *-
0 ϵ [0,1] and *-

/ ϵ 
[0,1], respectively. 

Response probabilities are computed by linear integrating feedback prediction values 

of cognitive and sensorimotor Q-learning. Integrated feedback prediction values (G@H(# + 1) 

on trial t+1 are computed as: 

(G@H(# + 1) = 8ï)(# + 1) + 8-(# + 1) (III-C8) 

The probability of executing response v on trial t+1 is computed using a “softmax” logistic 

function on integrated feedback prediction values as: 

JC(# + 1) = 	
K
LMNO,P(Q0W)

R

∑ K
LMNO,ó(Q0W)

RT
UVW

 (III-C9) 

with 4 ∈ [0,∞] is an individual inverse temperature parameter, indicating whether differences 

in integrated feedback prediction values are attenuated (τ > 1) or emphasized (0 < τ < 1). 

Parameter estimation of the parallel RL model was carried out by means of hierarchical 

Bayesian analysis (Ahn et al., 2011, 2017; Haines et al., 2018; Kruschke, 2015; Lee, 2011; Lee 
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& Wagenmakers, 2011; Rouder & Lu, 2005; Shiffrin et al., 2008) using RStan (Stan 

Development Team, 2018). Hierarchical Bayesian analysis assumes that individual-level 

model parameters are nested within group-level model parameters, which allows parameter 

estimation with high statistical power (Ahn et al., 2011; Kruschke, 2015; Steingroever et al., 

2013). More precisely, the parallel RL model comprised seven model parameters Z ∈

[αù
0, αù

- , γù, αü
0, αü

- , γü, τ]. Each individual-level model parameter was drawn from a group-level 

normal distribution with mean Ä† and standard deviation Ö†. In order to facilitate hierarchical 

Bayesian analysis, we used a non-centered parameterization (Ahn et al., 2017; Betancourt & 

Girolami, 2013). That is, we sampled individual-level model parameters from a standard 

normal distribution that was multiplied by Ö† (i.e., the group-level scale parameter) and shifted 

by Ä† (i.e., the group-level location parameter). Individual deviation from Ä† of participant i 

was introduced by location parameter °′¢. Thus, model parameter °¢ was parameterized as: 

°¢ = Ä£ + Ö£ ∗ °
9
¢ (III-C10) 

In order to research the relationships of PD pathology and DA replacement therapy with 

model parameters, we extended hierarchical Bayesian analysis following the procedure 

outlined by (Sharp et al., 2016; see also McCoy et al., 2019). First, to account for associations 

of PD pathology with model parameters, we introduced the between-subjects effect disease. 

Disease-related shifts of model parameters were accounted for by adding parameter Ä|¢GgeGg,† 

to the group-level location parameter Ä§ exclusively for HC participants. Second, in order to 

account for medication-related shifts of model parameters, we introduced the within-subjects 

effect medication. For all testing sessions of PD patients ‘on’ medication, we added the variable 

rK}p•_#pou†,¢ to the group-level location parameter Ä§. As medication was a within-subjects 

effect, it was a participant-specific random variable that was drawn from a group-level normal 

distribution with location parameter ÄHg|¢`eQ¢ah,† , standard deviation ÖHg|¢`eQ¢ah,†  and 

individual-level location parameters °9Hg|¢`eQ¢ah,¢ . Again, we used a non-centered 

parameterization for rK}p•_#pou†,¢ as: 

rK}p•_#pou†,¢ = ÄHg|¢`eQ¢ah,£ + ÖHg|¢`eQ¢ah,£ ∗ °
9
Hg|¢`eQ¢ah,¢ (III-C11) 

In order to account for variance in model parameters that was introduced by the 

repeated administration of the cWCST, we introduced the within-subjects effect session. The 

variable mKmmpou†,¢ was added to the group-level location parameter Ä† for all second testing 

sessions. mKmmpou†,¢ was again a participant-specific random variable that was drawn from a 
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group-level normal distribution with location parameter ÄGgGG¢ah,†, standard deviation ÖGgGG¢ah,†, 

and individual-level location parameter °9GgGG¢ah,¢: 

mKmmpou†,¢ = ÄGgGG¢ah,† + ÖGgGG¢ah,† ∗ °
9
GgGG¢ah,¢ (III-C12) 

Note that session effects were not of primary interest for this study. For analyses of session 

effects, see Appendix III-E. 

To further facilitate hierarchical Bayesian analysis, we conducted parameter estimation 

in an unconstrained space (Ahn et al., 2017; Betancourt & Girolami, 2013; Haines et al., 2018), 

i.e., location and scale parameters were free to vary without constraints. As model parameters 

had upper and lower boundaries, the linear integration of location and scale parameters 

(Equation III-C13) was mapped to the interval [0, 1] using the Probit function. The Probit is 

the inverse-cumulative standard normal distribution. Note that this procedure is also 

appropriate for the inverse temperature parameter, which did not exceed estimates of 1 (Steinke 

et al., 2020). 

In summary, hierarchical Bayesian analysis included data from J = 100 cWCST 

administrations that were obtained from 34 HC participants and 16 PD patients, who were all 

administered the cWCST twice. For PD patients, testing sessions were conducted either ‘on’ 

or ‘off’ dopaminergic medication. Thus, model parameter °U of cWCST administration j was 

defined as: 

°U = J=o�p#(Ä£ + Ö£ ∗ °
9
¢ +	¶|,U ∗ Ä|¢GgeGg,† +	¶H,U ∗ rK}p•_#pou†,¢

+ ¶G,U ∗ mKmmpou†,¢) 
(III-C13) 

In order to account for the potential role of disease, medication, and session in cWCST 

administration j, we included a set of dummy variables ¶ . Disease-related shifts of model 

parameters were modeled by including parameter Ä|¢GgeGg,† exclusively for HC participants. 

Thus, ¶|,U was coded 1 if cWCST administration j was obtained from a HC participant and 0 

otherwise. Shifts of model parameters for cWCST administrations ‘on’ medication were 

modeled by variable rK}p•_#pou†,¢. Thus, ¶H,U was coded 1 if cWCST administration j was 

obtained from a PD patient ‘on’ medication and 0 otherwise. The variable mKmmpou†,¢  was 

exclusively added for second testing sessions. Thus, ¶G,U was coded 1 if cWCST administration 

j was a second testing sessions and 0 otherwise. 

In line with previous studies (Ahn et al., 2017; Steinke et al., 2020), all location 

parameters had normal prior distributions (μ = 0, σ = 1) and all scale parameters had half 
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Cauchy prior distributions (μ = 0, σ = 5). Sampling was done using three chains of 1000 

iterations, including 500 warm-up iterations per chain. Convergence of chains was checked 

visually by trace-plots and quantitatively by the R® statistic (Gelman & Rubin, 1992). 

Bayes factors (BF) for effects of disease, medication, and session were computed by 

dividing the posterior density of parameters Ä|¢GgeGg,†, ÄHg|¢`eQ¢ah,†, or ÄGgGG¢ah,† above zero 

by the respective posterior density below zero. This method is appropriate as prior distributions 

of Ä|¢GgeGg,† , ÄHg|¢`eQ¢ah,† , and ÄGgGG¢ah,†  were symmetric around zero (Marsman & 

Wagenmakers, 2017). 

For descriptive statistics of model parameters, we analyzed posterior distributions of 

group-level location parameters. The group-level posterior distribution of model parameter z 

was computed as: 

° = J=o�p#(Ä† + ¶| ∗ Ä|¢GgeGg,† + ¶H ∗ ÄHg|¢`eQ¢ah,† + ¶G ∗ ÄGgGG¢ah,†) (III-C14) 

Dummy variables I were used to compute group-level model parameter posterior distributions 

for HC participants (¶| = 1, ¶H = 0) and PD patients ‘off’ (¶| = 0, ¶H = 0) and ‘on’ (¶| =

1, ¶H = 1) medication. As we were not interested in session effects on model parameters, we 

averaged posterior distributions of model parameters across estimates of first (¶G = 0) and 

second testing sessions (¶G = 1). 
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Appendix III-D 

 

Figure III-D1. Individual conditional error probabilities separated by (a) gender, (b) 

median time between testing sessions, and (c) median time of withdrawal from 

dopaminergic medication. 
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Figure III-D2. Medians of individual-level posterior distributions (derived by Equation 

III-C13) separated by (a) gender, (b) median time between testing sessions, and (c) 

median time of withdrawal from dopaminergic medication.  
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Appendix III-E 

For descriptive statistics of model parameters for the first and second testing session, 

we averaged posterior distributions of model parameters across HC participants and PD 

patients (Table III-E1). 

 

Table III-E1. Descriptive statistics of group-level posterior distributions of model 

parameters for first and second testing sessions (median with lower and upper quartiles 

in parentheses). 

Parameter Session 
First Second 

*)
0 0.517 (0.477, 0.558) 0.612 (0.573, 0.652) 
*)
/ 0.219 (0.191, 0.249) 0.342 (0.307, 0.378) 
,)  0.121 (0.096, 0.148) 0.188 (0.154, 0.225) 
*-
0 0.004 (0.002, 0.009) < 0.001 (< 0.001, 0.001) 
*-
/ 0.054 (0.046, 0.065) 0.031 (0.024, 0.039) 
,- 0.345 (0.274, 0.406) 0.401 (0.307, 0.480) 
4 0.149 (0.139, 0.158) 0.157 (0.148, 0.167) 

 

There was strong and extreme evidence for an increase of cognitive learning rate 

parameters from the first to the second testing session (BF = 15.854 and BF = 1499.000 

following positive and negative feedback, respectively; see Table III-E2). There was also 

strong evidence for a decrease of sensorimotor learning rate parameters from the first to the 

second testing session (BF = 0.046 and BF = 0.016 following positive and negative feedback, 

respectively). Cognitive learning from feedback was stronger on the second testing session 

when compared to the first testing session. In contrast, sensorimotor learning was less strong 

on the second testing session when compared to the first testing session. Additionally, there 

was strong evidence for an increase of the cognitive retention rate from the first to the second 

testing session (BF = 47.387), indicating that more information from previous trials retained in 

the cognitive on the second testing session. 
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Table III-E2. Bayes factors for effects of session on model parameters. 

Parameter Bayes Factor 
*)
0 15.854 ** 
*)
/ 1499.000 *** 
,)  47.387 ** 
*-
0 0.046 ** 
*-
/ 0.016 ** 
,- 2.282 
4 2.676 

** strong evidence; *** extreme evidence. 
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Appendix III-F 

Table III-F1. Pearson correlation coefficients between model parameters and conditional error probabilities as well as participants’ 

demographic, clinical, and psychological characteristics. 

 Healthy Control Participants Parkinson’s Disease Patients 
 𝜶𝑪+ 𝜶𝑪− 𝜸𝑪 𝜶𝑺+ 𝜶𝑺− 𝜸𝑺 𝝉 𝜶𝑪+ 𝜶𝑪− 𝜸𝑪 𝜶𝑺+ 𝜶𝑺− 𝜸𝑺 𝝉 

Perseveration Errors −0.55 ** −0.92 *** −0.66 *** −0.32 0.34 0.08 0.52 ** −0.63 * −0.91 *** −0.44 0.34 0.54 0.30 0.63 * 
Set-loss Errors −0.94 *** −0.70 *** −0.61 *** −0.21 0.07 −0.04 0.80 *** −0.96 *** −0.69 ** −0.57 * 0.67 * 0.22 0.30 0.88 *** 
Age (years) −0.40 * −0.30 −0.35 −0.06 −0.06 0.15 0.42 * −0.50 −0.42 −0.46 0.39 −0.02 0.32 0.42 
Education (years) 0.16 0.07 −0.03 −0.05 0.10 −0.21 −0.05 0.62 * 0.34 0.40 −0.54 −0.18 −0.05 −0.55 
Disease duration (years)        −0.47 −0.10 −0.05 0.51 −0.03 0.09 0.33 
UPDRS III ‘on’        −0.18 0.20 0.02 0.14 −0.41 −0.20 0.24 
UPDRS III ‘off’        −0.20 0.47 0.32 0.14 −0.14 −0.06 0.19 
LEDD        −0.29 −0.01 0.06 0.23 −0.23 −0.24 0.19 
MoCA (cognitive status) 0.42 * 0.34 0.23 −0.21 0.17 0.12 −0.39 0.03 0.45 0.16 0.00 −0.05 −0.11 −0.16 
WST (premorbid intelligence) 0.33 0.28 0.21 0.07 0.01 −0.08 −0.40 0.36 0.31 0.15 0.02 0.15 0.09 −0.43 
AES (apathy) −0.14 −0.14 −0.03 −0.21 0.04 0.10 0.02 −0.50 0.08 0.05 0.10 −0.32 −0.02 0.48 
BDI-II (depression) −0.14 −0.21 −0.21 −0.04 0.18 −0.05 0.09 −0.02 0.41 0.19 −0.37 −0.38 −0.17 0.04 
BSI-18 (psychiatric status) −0.23 −0.22 −0.26 −0.13 0.07 −0.02 0.16 −0.38 −0.11 −0.25 0.20 0.15 0.52 0.27 
  Anxiety −0.24 −0.17 −0.23 −0.15 0.11 0.11 0.18 −0.02 0.05 −0.14 −0.14 0.08 0.35 −0.07 
  Depression −0.18 −0.22 −0.23 −0.09 0.05 −0.20 0.08 −0.50 −0.20 −0.32 0.03 0.03 0.23 0.40 
  Somatization −0.21 −0.20 −0.25 −0.11 0.06 0.07 0.17 −0.39 −0.11 −0.20 0.39 0.19 0.60 * 0.29 
SF-36 (health status) 0.23 0.31 0.26 0.06 −0.04 −0.03 −0.26 0.28 −0.11 0.22 −0.13 0.24 −0.41 −0.19 
  Physical functioning 0.21 0.20 0.16 0.19 0.02 0.01 −0.22 0.14 −0.32 −0.03 −0.31 0.00 −0.48 −0.06 
  Physical role functioning 0.23 0.41 * 0.29 0.11 −0.07 −0.03 −0.29 −0.02 −0.40 −0.02 −0.11 0.45 −0.28 0.07 
  Bodily pain 0.25 0.29 0.23 0.26 −0.17 −0.20 −0.23 0.27 0.15 0.47 −0.29 −0.12 −0.44 −0.13 
  General health perception 0.24 0.30 0.27 0.16 −0.10 −0.21 −0.31 0.23 −0.05 0.15 −0.23 0.18 −0.58 −0.20 
  Vitality 0.03 0.00 0.03 −0.06 −0.04 0.01 −0.06 0.18 −0.24 −0.03 −0.02 0.30 −0.30 −0.18 
  Social role functioning 0.29 0.31 0.18 0.04 −0.05 0.00 −0.24 0.22 −0.18 −0.22 0.27 0.47 0.25 −0.25 
  Emotional role functioning 0.10 0.22 0.21 −0.14 0.05 0.07 −0.10 0.35 0.25 0.34 0.19 0.01 0.14 −0.32 

(continued) 
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 Healthy Control Participants Parkinson’s Disease Patients 
 𝜶𝑪+ 𝜶𝑪− 𝜸𝑪 𝜶𝑺+ 𝜶𝑺− 𝜸𝑺 𝝉 𝜶𝑪+ 𝜶𝑪− 𝜸𝑪 𝜶𝑺+ 𝜶𝑺− 𝜸𝑺 𝝉 

  Mental health 0.14 0.17 0.21 −0.15 0.07 0.05 −0.16 0.19 0.12 0.25 0.17 0.27 −0.13 −0.12 
BIS-brief (impulsiveness) −0.17 −0.17 −0.07 −0.17 0.06 0.22 0.08 −0.12 0.45 −0.02 −0.05 −0.24 −0.03 −0.01 
DII (impulsivity)               
  Functional 0.03 0.06 0.09 0.04 −0.07 0.06 0.13 −0.06 −0.31 −0.26 0.18 0.06 −0.21 0.04 
  Dysfunctional −0.23 −0.11 −0.01 0.06 −0.19 −0.04 0.30 −0.19 0.28 −0.03 −0.22 −0.27 −0.32 0.10 
QUIP-RS (impulse control) −0.03 0.23 0.27 0.02 −0.14 −0.23 −0.04 0.13 0.45 0.37 −0.11 −0.08 0.07 −0.17 
SPQ (schizotypal traits) −0.12 −0.27 −0.12 −0.33 0.30 −0.04 0.03 −0.28 0.04 0.00 −0.26 0.01 −0.21 0.26 
  Interpersonal −0.14 −0.33 −0.15 −0.25 0.16 0.00 0.09 −0.31 0.07 0.10 −0.11 0.11 0.16 0.29 
  Cognitive-perceptual 0.10 0.17 0.12 −0.15 0.49 ** 0.00 −0.24 0.05 0.11 0.09 −0.33 0.10 −0.49 −0.05 
  Disorganized −0.19 −0.35 −0.20 −0.38 0.11 −0.13 0.13 −0.34 −0.10 −0.21 −0.19 −0.19 −0.27 0.33 

Individual-level model parameters were computed as modes of posterior distributions obtained from Equation III-C13. Posterior distributions 

of individual-level model parameters and conditional error probabilities were pooled across session (and medication) effects. Disease 

duration was defined as the difference between the year of testing and the year of Parkinson’s disease symptom onset in the medical records; 

UPDRS III = Unified Parkinson’s Disease Rating Scale-part III; LEDD = Levodopa Equivalent Daily Dosage (mg per day; Tomlinson et al., 

2010); MoCA = Montreal Cognitive Assessment (Nasreddine et al., 2005); WST = Wortschatztest (Schmidt & Metzler, 1992); AES = 

Apathy Evaluation Scale (Marin et al., 1991); BDI-II = Beck Depression Inventory-II (Beck et al., 1996); BSI- 18 = Brief Symptom Inventory 

(18-item version; Derogatis, 2001); SF-36 = Short Form Health Survey (Ware & Sherbourne, 1992); BIS-Brief = Barratt Impulsiveness 

Scale (8-item version; Steinberg et al., 2013); DII = Dickman Impulsivity Inventory (Dickman, 1990); QUIP-RS = Questionnaire for 

Impulsive-Compulsive Disorders in Parkinson’s Disease—Rating Scale (Weintraub et al., 2012); SPQ = Schizotypal Personality 

Questionnaire (Raine & Benishay, 1995); * substantial evidence; ** strong evidence; *** extreme evidence. 
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Abstract  

Executive dysfunction is a well-documented, yet nonspecific corollary of various neurological 

diseases and psychiatric disorders. Here, we applied computational modeling of latent 

cognition for executive control in amyotrophic lateral sclerosis (ALS) patients. We utilized a 

parallel reinforcement learning model of trial-by-trial Wisconsin Card Sorting Test (WCST) 

behavior. Eighteen ALS patients and 21 matched healthy control participants were assessed on 

a computerized variant of the WCST (cWCST). ALS patients showed latent cognitive 

symptoms, which can be characterized as bradyphrenia and haphazard responding. A 

comparison with results from a recent computational Parkinson’s disease (PD) study (Steinke 

et al., 2020, J Clin Med) suggests that bradyphrenia represents a disease-nonspecific latent 

cognitive symptom of ALS and PD patients alike. Haphazard responding seems to be a disease-

specific latent cognitive symptom of ALS, whereas impaired stimulus-response learning seems 

to be a disease-specific latent cognitive symptom of PD. These data were obtained from careful 

modeling of trial-by-trial behavior on the cWCST, and they suggest that computational 

cognitive neuropsychology provides nosologically specific indicators of latent facets of 

executive dysfunction in ALS (and PD) patients, which remain undiscoverable for traditional 

behavioral cognitive neuropsychology. We discuss implications for neuropsychological 

assessment, and we discuss opportunities for confirmatory computational brain imaging studies. 
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Introduction 

The ability to maintain goal-directed behavior effectively is an important prerequisite 

for successful daily life, in particular in face of interfering information (Duncan et al., 1996; 

Grafman & Litvan, 1999; MacPherson et al., 2019). This overarching cognitive ability is often 

referred to as executive control (Diamond, 2013; Miller & Cohen, 2001). The Wisconsin Card 

Sorting Test (WCST; Berg, 1948; Grant & Berg, 1948; Heaton et al., 1993) is considered as a 

gold standard for the neuropsychological assessment of cognitive flexibility, which represents 

an important facet of the broader concept of executive control (Diamond, 2013; Lezak et al., 

2012; MacPherson et al., 2015; Strauss et al., 2006).  

The WCST requires participants to sort stimulus cards to key cards by categories that 

change periodically, as detailed in Figure IV-1. In order to identify the currently prevailing 

category, participants have to rely on the examiner’s positive and negative feedback on each 

trial. Negative feedback on a WCST-trial requests switching the previously applied category, 

whereas positive feedback indicates that the previously applied category should be repeated. 

Of major interest for the present study are perseveration errors (PE), which refer to non-

desirable category repetitions following negative feedback, and set-loss errors (SLE), which 

refer to unsolicited category switches following positive feedback (Lange, Seer, & Kopp, 

2017). 

 

 
Figure IV-1. A showcase trial sequence on the computerized WCST (Barceló, 2003; 

Lange, Kröger, et al., 2016; Lange, Seer, & Kopp, 2017) which was used in this study 

(Lange, Vogts, et al., 2016). On Trial t, the stimulus card depicts one green cross. It 

could be sorted by the color category (inner left key card, response 2), the number 

category (far left key card, response 1), or the shape category (inner right key card, 

response 3). The observation of response 3 indicates that the shape category was 
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applied. A subsequent positive feedback (i.e., “REPEAT”) indicated that this response 

was correct and that the shape category should be repeated on the upcoming trials. 

However, on Trial t+1, response 3 was pressed, indicating that the number category 

was applied. Erroneous switches of the applied category following positive feedback 

are called set-loss errors. Next, a negative feedback (i.e., “SWITCH”) indicates that 

this response was incorrect, implying that a category switch is required. On Trial t+2, 

the number category was erroneously repeated as response 2 was pressed. Erroneous 

repetitions of categories after negative feedback are called perseveration errors. 

 

Increased WCST error propensities (usually measured as enhanced PE and/or SLE 

rates; Kopp, Maldonado, et al., 2019) are well-documented neuropsychological corollaries of 

many neurodegenerative diseases (Beeldman et al., 2016; Binetti et al., 1996; Crawford et al., 

2000; Lange et al., 2018; Lange, Vogts, et al., 2016). Among these diseases – and of particular 

interest for the current study – is amyotrophic lateral sclerosis (ALS), which is characterized 

by a loss of upper and lower motor neurons in the brain and spinal cord neurons (Wijesekera 

& Leigh, 2009). Accumulating research suggests that ALS pathophysiology comprises non-

motor, prefrontal cortical areas in a non-negligible subset of patients (Abrahams et al., 1996; 

Kew et al., 1993; Pettit et al., 2013; Tsermentseli et al., 2012). As such, about 15% of ALS 

patients are affected by the behavioral variant of frontotemporal dementia (Goldstein & 

Abrahams, 2013; Phukan et al., 2012; Ringholz et al., 2005). Of further interest for the present 

study is Parkinson’s disease (PD), which is primarily characterized by a loss of dopaminergic 

neurons in nigro-striatal pathways (Braak & Del Tredici, 2008; Hawkes et al., 2010). Increased 

WCST error propensities were also observed in many other neurological diseases (Demakis, 

2003; Lange, Seer, Müller-Vahl, et al., 2017; Lange, Seer, Salchow, et al., 2016) and 

psychiatric disorders (Bosia et al., 2012; Roberts et al., 2007; Romine, 2004; Shin et al., 2014; 

Snyder, 2013). Therefore, the named behavioral measures of increased WCST error 

propensities do not provide sufficient nosological specificity to serve as pathognomonic 

neuropsychological symptoms of particular neurological diseases or psychiatric disorders 

(Lange, Seer, & Kopp, 2017; Roca et al., 2010). 

The insufficient nosological specificity of WCST error propensities may relate to the 

‘impureness’ of behavioral WCST measures (Bishara et al., 2010; Lange, Seer, & Kopp, 2017; 

Miyake & Friedman, 2012; Steinke, Lange, & Kopp, 2020; Steinke, Lange, Seer, et al., 2020; 

Strauss et al., 2006). That is to say that behavioral WCST measures may originate from a 
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mixture of multiple covert cognitive processes. The dysfunction of any single cognitive 

process, or of any combination of these processes, could manifest itself as increased WCST 

error propensities (Lange, Seer, & Kopp, 2017). These considerations suggest that WCST 

measures may be severely limited in their diagnostic utility as a consequence of their impurity 

at the level of covert cognitive processes.  

Yet, increased WCST error propensities may still arise from potentially dissociable 

covert cognitive impairments in diverse patient groups. Such circumscribed cognitive 

impairments may not be detectable by WCST error analyses because they may all be 

behaviorally expressed as enhanced PE and/or SLE rates, as discussed above. As one example, 

both ALS patients and PD patients show increased error propensities on the WCST (see above). 

Despite this commonality between the two groups of patients, the neurodegenerative alterations 

that occur in ALS patients could still affect a set of covert cognitive processes that remain 

spared in PD patients, who, in contrast, show alterations in a different set of covert cognitive 

processes (Lange, Seer, & Kopp, 2017). Thus, dissociable covert cognitive impairments might 

be detected across these (and other) groups of patients with pathophysiological characteristics 

that are at least partially distinct. This possibility remains viable despite the fact that it has been 

clear for a long time that the nosological specificity of the commonly considered behavioral 

WCST measures remains unsatisfactory (Alvarez & Emory, 2006; Demakis, 2003; Nyhus & 

Barceló, 2009). 

Computational cognitive neuropsychology offers an approach to decompose behavior 

that was observed on neuropsychological assessment instruments into covert cognitive 

processes (Steinke et al., 2018; Steinke, Lange, Seer, et al., 2020). Computational cognitive 

neuropsychology utilizes mathematical formalization of 1) the assumed covert cognitive 

processes, and 2) the way in which these processes interact (Ambrosini et al., 2019; Beste et 

al., 2014, 2018; Botvinick & Plaut, 2004; Cleeremans & Dienes, 2001; Cooper & Shallice, 

2006; Forstmann & Wagenmakers, 2015; Giavazzi et al., 2018; Palminteri et al., 2009, 2012; 

Suzuki & O’Doherty, 2020). Analyzing behavior on a neuropsychological assessment 

instrument, such as the WCST, via computational modeling allows estimating a set of latent 

variables, which reflect the efficacy of the assumed covert cognitive processes. Computational 

cognitive neuropsychology yields covert cognitive variables across diverse patient groups, 

which may be more specifically related to some of the pathophysiological characteristics of 

neurodegenerative diseases than behavioral measures, such as WCST error propensities. The 

present study exemplifies how computational cognitive neuropsychology may contribute to 
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advancements in the field of executive control by 1) providing novel WCST-based latent 

variables reflecting different facets of cognitive flexibility, and 2) analyzing their nosological 

specificity in patients with ALS in comparison with patients with PD. 

Several previously published studies conducted computational modeling of behavioral 

performance on the WCST (Amos, 2000; Berdia & Metz, 1998; Bishara et al., 2010; Caso & 

Cooper, 2020; Cella et al., 2014; D’Alessandro et al., 2020; D’Alessandro & Lombardi, 2019; 

Dehaene & Changeux, 1991; Farreny et al., 2016; Gläscher et al., 2019; Granato & Baldassarre, 

2019; Kaplan et al., 2006; Kimberg & Farah, 1993; Levine & Prueitt, 1989), but surprisingly 

none of these earlier studies applied reinforcement learning (RL) models (Caligiore et al., 2019; 

Fontanesi, Gluth, et al., 2019; Fontanesi, Palminteri, et al., 2019; Gerraty et al., 2018; Niv, 

2009; Silvetti & Verguts, 2012; Sutton & Barto, 1998). RL represents a suitable framework for 

modeling WCST behavior because of the potential reinforcement-quality of WCST feedback 

stimuli (Schultz, 2015; Steinke, Lange, & Kopp, 2020) that were illustrated in Figure IV-1. 

The present study relies on a particular modification of RL, which we referred to as parallel 

RL in two related previous studies from our group (Steinke, Lange, & Kopp, 2020; Steinke, 

Lange, Seer, et al., 2020).  

Our parallel RL model (Steinke, Lange, & Kopp, 2020; Steinke, Lange, Seer, et al., 

2020) conceptualizes WCST behavior as resulting from two parallel, yet independent RL 

processes (Kopp, Steinke, et al., 2019; Steinke, Lange, & Kopp, 2020). Cognitive learning at a 

conceptually higher level is complemented by sensorimotor learning at a conceptually lower 

level (Steinke, Lange, & Kopp (2020) provides a rationale for the introduction of the two 

parallel RL levels). With regard to the WCST, cognitive learning considers objects of thought 

(i.e., which category to apply; cf. Figure IV-1) that guide the selection of task-appropriate 

responses: The reception of positive feedback enhances activation values of the currently 

applied category, whereas the reception of negative feedback reduces activation values of the 

currently applied category. Simple sensorimotor learning bypasses these objects of thought as 

it is solely concerned with selecting responses, irrespective of the to-be-applied category: 

Responses that were followed by positive feedback tend to be repeated, whereas responses that 

were followed by negative feedback tend to be avoided on upcoming trials. 
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Figure IV-2. A schematic representation of the cWCST and the parallel RL model. A 

negative feedback on the cWCST (top) indicates that the previously executed response 

(not depicted) was incorrect, implying that a category switch is required. The 

subsequent stimulus card is sorted by the color category, as indicated by observing 

response 1. The parallel RL model (bottom) assumes independent trial-by-trial 

cognitive and sensorimotor learning (upper and lower grey bar, respectively). Core to 

cognitive and sensorimotor learning are feedback predictions for the application of 

categories ( >) ) and the execution of responses ( >- ), respectively. Feedback 

predictions are updated in response to received feedback. Individual cognitive (*)) 

and sensorimotor learning rates (*-), which are further separated for positive and 

negative feedback, quantify the strengths of updating. For the subsequent target, 

cognitive and sensorimotor feedback predictions are integrated. Response 

probabilities are rendered from these integrated feedback predictions, with an 

individual inverse temperature parameter ( τ ) quantifies how well response 

probabilities accord to integrated feedback predictions. Retention mechanisms ensure 

that feedback predictions transfer to the next trial. Here, individual cognitive (,)) and 
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sensorimotor retention rates (,- ) quantify the strengths of retention of feedback 

predictions. 

 

The parallel RL model comprises independently variable learning rates for positive and 

negative feedback because learning from positive and negative outcomes seems to be supported 

by distinct brain systems (Frank et al., 2004; Schultz, 2017; Schultz et al., 1997). Our parallel 

RL model hence quantifies individual learning rates for positive and negative feedback for both 

cognitive and sensorimotor learning as latent variables. Our parallel RL model also comprises 

two additional latent variables that are not inherent parts of canonical RL models (Sutton & 

Barto, 1998). First, separate retention rates at cognitive and sensorimotor levels (Erev & Roth, 

1998; Steingroever et al., 2013) quantify how well previously learned information remained 

available on current trials. Second, a ‘soft-max’ function (Luce, 1959; Sutton & Barto, 1998) 

expresses how well finally executed responses accorded to the information that had been 

learned from feedback; we refer to this latent variable as the inverse temperature parameter 

(see also Daw et al., 2006; Thrun, 1992). Figure IV-2 gives a schematic representation of the 

parallel RL model. 

In a recently published study (Steinke, Lange, Seer, et al., 2020), we characterized PD 

patients’ alterations in latent variables of the parallel RL model by studying PD patients ‘on’ 

and ‘off’ their clinically prescribed dopamine (DA) medication and a matched healthy control 

(HC) group on a computerized WCST (cWCST; Lange, Seer, Loens, et al., 2016). Application 

of the parallel RL model revealed that PD patients showed enhanced cognitive retention rates 

and reduced sensorimotor retention rates compared to HC participants. We concluded that 1) 

enhanced cognitive retention rates express bradyphrenia (Peavy, 2010; Revonsuo et al., 1993; 

Rogers, 1986; Vlagsma et al., 2016), and that 2) reduced sensorimotor retention rates express 

disturbed stimulus-response learning (Knowlton et al., 1996; Shohamy et al., 2008; Yin & 

Knowlton, 2006) at the level of latent cognitive symptoms in PD patients. Systemic DA 

replacement therapy did not remedy these two anomalies in PD patients but incurred non-

desirable side effects such as decreasing cognitive learning rates in response to positive 

feedback. Iatrogenic side effects of DA replacement therapy in PD patients may be due to an 

overdosing of meso-limbic and/or cortical DA systems (Cools, 2006; Cools & D’Esposito, 

2011; Gotham et al., 1988; Vaillancourt et al., 2013).  

The present study examined the specificity of executive dysfunction in ALS through 1) 

a computational analysis of WCST behavior in patients with ALS and 2) a comparison between 
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their latent cognitive profile and that of patients with PD from an earlier computational study 

(Steinke, Lange, Seer, et al., 2020). In order to achieve these goals, we characterized ALS 

patients’ alterations in latent variables of the parallel RL model (Steinke, Lange, & Kopp, 

2020) by studying ALS patients and a matched HC group on a cWCST variant (Lange, Vogts, 

et al., 2016). Executive dysfunctions are among the well-known neuropsychological sequelae 

of ALS pathophysiology (Beeldman et al., 2016; Lange, Vogts, et al., 2016; Phukan et al., 

2007), which comprises – at least in a non-negligible subset of ALS patients – prefrontal 

cortical areas (Abrahams et al., 1996; Kew et al., 1993; Pettit et al., 2013; Tsermentseli et al., 

2012). This led us to predict that ALS patients may show evidence for alterations in latent 

variables of cognitive learning, which is putatively supported by prefrontal cortical areas of the 

brain (Kopp, Steinke, et al., 2019; Morris et al., 2016; Steinke, Lange, Seer, et al., 2020). 

Overall, the present computational cWCST study was designed to gain information about the 

nosological specificity of alterations in latent variables of the parallel RL model in ALS 

patients compared to PD patients. 

Materials and Methods 

Participants 

Twenty-one ALS patients were recruited from the ALS/ MND clinic at Hannover 

Medical School. All ALS patients fulfilled the revised El Escorial criteria for clinically 

probable or definite ALS (Brooks et al., 2000). ALS patients who had a history of any 

neurological disease other than ALS or any psychiatric disorder were not considered for 

participation in this study. Furthermore, ALS patients who had highly restricted pulmonary 

function or were not able to press a button on the response pad due to motor impairment were 

not considered for inclusion in this study. We excluded two ALS patients because of invalid 

cWCST behavior. cWCST behavior was considered invalid if participants committed odd 

errors (i.e., responses that match no viable sorting category) on more than 20% of all completed 

trials. Note that odd errors on more than 20% of all completed trials could indicate that card 

sorting behavior did not accord to instructed categories. We also excluded one ALS patient 

who showed clinical signs of frontotemporal dementia (Neary et al., 1998), resulting in a final 

sample of 18 ALS patients. Seventeen ALS patients had limb-onset disease and one patient 

had bulbar-onset disease. None of the patients had a percutaneous endoscopic gastrostomy. 

The healthy control (HC) group comprised 21 participants without any diagnosed 

neurological or psychiatric disorder. HC participants were age-, gender- and education-

matched to the initial sample of ALS patients (Lange, Vogts, et al., 2016). Table IV-A1 shows 
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ALS patients’ and HC participants’ demographic, clinical, and neuropsychological 

characteristics. Participants were offered payment as compensation for participation (30 €). 

The study protocol was approved by the local ethics committee (vote number: 6269) and was 

in accordance with the Declaration of Helsinki. All participants gave written informed consent. 

Note that an initial analysis of this data was reported by (Lange, Vogts, et al., 2016). 

Computerized Wisconsin Card Sorting Test 

Participants completed a variant of the cWCST (Lange, Vogts, et al., 2016). 

Participants were required to sort stimulus cards to key cards W = {one red triangle, two green 

stars, three yellow crosses, and four blue balls} by one of three sorting categories U = {color, 

shape, number}. Card sorts were indicated by button presses V = {response 1, response 2, 

response 3, response 4} on a standard computer keyboard. Buttons were spatially mapped to 

key cards. Stimulus cards varied on the three dimensions color, shape, and number and never 

shared more than one feature with any of the key cards, rendering the applied sorting category 

unambiguously identifiable (Nelson, 1976). The target display presented the four key cards, 

which appeared invariantly above the stimulus card.  

Card sorts were followed by positive and negative feedback cues that were the German 

words for repeat (i.e., ‘bleiben’) or shift (i.e., ‘wechseln’), respectively. A positive feedback 

cue indicated that the executed response was correct and that the applied sorting category 

should be repeated on the upcoming trial. A negative feedback cue indicated that the executed 

response was incorrect and that the applied sorting category should be shifted on the upcoming 

trial (Kopp & Lange, 2013). On any trial, the application of only one of the three sorting 

categories was correct.  

The target display was presented until a button was pressed. Feedback cues remained 

on screen for 500 ms. The interval between a button press (i.e., target display offset) and 

feedback cue onset was 1,500 ms and the interval between feedback cue offset and target 

display onset was 1,000 ms. Participants completed a practice session of 15 trials prior to the 

experimental session. The experimental session consisted of a pseudo-randomly generated 

sequence of 120 trials. The correct sorting category switched after a variable number of trials 

(mean number of trials until a switch of the correct category was 3.8). Participants were 

explicitly informed about the three viable sorting categories and about the fact that correct 

sorting categories would change periodically. The experiment was programmed using 

Presentation®. 
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Error Analysis 

We analyzed PE (i.e., erroneous repetitions of the applied category after negative 

feedback) and SLE (i.e., erroneous switches of the applied category after positive feedback; 

Lange, Seer, & Kopp, 2017; Steinke, Lange, & Kopp, 2020; Steinke, Lange, Seer, et al., 2020). 

Conditional error probabilities were computed as the ratio of the number of committed errors 

and the number of trials on which a respective error type was possible (i.e., all trials following 

negative or positive feedback for PE and SLE, respectively). We analyzed conditional error 

probabilities by means of a Bayesian repeated measures analysis of variance (ANOVA) using 

JASP version 0.11.1 (JASP Team, 2019). The Bayesian ANOVA included the within-subjects 

factor error type (PE vs. SLE) and the between subjects factor group (HC vs. ALS). 

We reported results of the Bayesian ANOVA as analysis of effects (van den Bergh et 

al., 2019). That is, evidence for an effect (i.e., a main effect of error type or group or the 

interaction of error type and group) in the data was quantified by inclusion Bayes factors 

(BFinclusion). Inclusion Bayes factors give the change from prior probability odds to posterior 

probability odds for the inclusion of an effect. Prior probabilities for the inclusion of an effect 

p(inclusion) were computed as the sum of all prior probabilities of ANOVA models that 

included the effect of interest. Posterior probabilities for the inclusion of an effect 

p(inclusion|data) were computed as the sum of all posterior probabilities of these ANOVA 

models. We used default settings of JASP for the Bayesian ANOVA as well as uniform prior 

probabilities for all ANOVA models. Descriptive statistics were reported as mean conditional 

error probabilities with 95% credibility intervals. We computed 95% credibility intervals as 

the interval of 1.96 standard errors of the mean around the mean. 

Computational Modeling 

The parallel RL model (Steinke, Lange, & Kopp, 2020; Steinke, Lange, Seer, et al., 

2020) is based on a conceptualization of cWCST behavior as parallel cognitive and 

sensorimotor learning. Cognitive and sensorimotor learning are operationalized by Q-learning 

algorithms (Ahn et al., 2017; Daw et al., 2011; Frank et al., 2007; McCoy et al., 2019; Sutton 

& Barto, 1998). The implemented Q-learning algorithms operate on feedback prediction 

values, which quantify the strength of prediction of positive (feedback prediction values larger 

than 0) or negative feedback (feedback prediction values less than 0) following the application 

of a specific category (for cognitive learning) or the execution of a response (for sensorimotor 

learning). On any trial, feedback prediction values are updated in response to an observed 

feedback (Equations IV-B3 and IV-B7). How strong feedback prediction values are updated is 
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modulated by prediction errors, which are the difference between the observed feedback and 

the current feedback prediction value (Equations IV-B2 and IV-B6). Higher absolute prediction 

errors indicate stronger updating of feedback prediction values. Appendix B gives a 

mathematical description of the parallel RL model as well as details of parameter estimation. 

The parallel RL model comprises cognitive and sensorimotor learning rate parameters. 

Learning rates quantify the extent to which prediction errors are integrated into feedback 

prediction values of the applied category (for cognitive learning; Equation IV-B3) or the 

executed response (for sensorimotor learning; Equation IV-B7). On a behavioral level, a high 

cognitive learning rate indicates that a participant strongly adapts category selection to received 

feedback (i.e., a participant tends strongly to repeat or switch an applied category following 

positive or negative feedback, respectively), whereas a low cognitive learning rate indicates a 

marginal adaptation of category selection to received feedback. Likewise, a high sensorimotor 

learning rate indicates that a participant strongly adapts the sensorimotor selection of responses 

to received feedback (i.e., a participant tends strongly to repeat or avoid the execution of a 

particular response following positive or negative feedback, respectively). In contrast, a low 

sensorimotor learning rate indicates that a participant barely adapts the sensorimotor selection 

of responses to received feedback. As we implemented separate cognitive and sensorimotor 

learning rate parameters for trials that follow positive and negative feedback, each participant 

is characterized by a set of four learning rate parameters, i.e., cognitive learning rates for 

positive (*)
0) and negative feedback (*)

/) as well as sensorimotor learning rates for positive 

(*-
0) and negative feedback (*-

/). 

The parallel RL model also parameterizes retention rates (Erev & Roth, 1998; 

Steingroever et al., 2013) at cognitive and sensorimotor levels (i.e., ,)  and ,-, respectively). 

Retention rates quantify the extent to which feedback prediction values from the previous trial 

will transfer to the current trial (Equations IV-B1 and IV-B5; Erev & Roth, 1998; Steingroever 

et al., 2013; Steinke, Lange, & Kopp, 2020; Steinke, Lange, Seer, et al., 2020). Higher retention 

rates indicate more pronounced transfers to current trials. At the cognitive level, higher 

retention rates should support adequate WCST behavior in response to positive feedback 

(attenuating SLE), but higher retention rates should interfere with adequate WCST behavior in 

response to negative feedback (enhancing PE). At the sensorimotor level, higher retention rates 

should lead to repetitive patterns of responding following positive feedback, as the resulting 

positive feedback prediction values retain higher levels of activation. In contrast, higher 

retention rates should lead to non-repetitive responding following negative feedback, as the 
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resulting negative feedback prediction values retain larger (negative) levels of activation. 

Overall, retention rates reflect participants’ flexibility vs. stability (Dreisbach & Goschke, 

2004; Goschke & Bolte, 2014; Müller et al., 2007) at cognitive or sensorimotor levels. With 

regard to successful cWCST behavior, high degrees of flexibility at the cognitive level are 

advantageous in response to negative feedback, whereas high degrees of stability are 

advantageous in response to positive feedback.  

Eventual card sorts on any trial arise from the integration of cognitive and sensorimotor 

feedback prediction values (Equation IV-B8). The extent to which finally overt responses 

accord to these integrated feedback prediction values is quantified by an individual inverse 

temperature parameter (4; Equation IV-B9; Luce, 1959; Sutton & Barto, 1998). A low inverse 

temperature parameter indicates that responses strictly accord to integrated cognitive and 

sensorimotor learning, whereas a high inverse temperature parameter indicates that card sorts 

are less dependent of integrated cognitive and sensorimotor learning. Thus, with a high inverse 

temperature parameter, responses appear to be more random. 

We used Bayesian tests for direction to quantify evidence for group-related shifts of 

model parameters (McCoy et al., 2019; Pedersen et al., 2017). Bayes factors larger than 1 

indicate evidence for an increase of a model parameter in ALS patients when compared to HC 

participants. Bayes factors less than 1 indicate evidence for a decrease of a model parameter in 

ALS patients when compared to HC participants. We interpreted Bayes factors by classes of 

evidential strength following (Wagenmakers et al., 2011); Bayes factors larger than 10 (or less 

than 1/10) were interpreted as strong evidence for the presence of an effect, and Bayes factors 

larger than 100 (or less than 1/100) were interpreted as extreme evidence for the presence of 

an effect. This classification of Bayes factors was also used for the interpretation of results of 

the behavioral analysis. 

Results 

Error Analysis 

Mean conditional error probabilities are shown in Figure IV-3 and results of the 

Bayesian ANOVA are reported in Table IV-1. There was extreme evidence for an effect of 

error type on conditional error probabilities (BFinclusion = 836.42). Conditional PE probabilities 

(m = 0.26; SE = 0.03) were generally higher than conditional SLE probabilities (m = 0.14; SE 

= 0.02). There was no evidence for a main effect of group on conditional error probabilities 

(BFinclusion = 1.27) and there was no evidence for an interaction effect of error type and group 

on conditional error probabilities (BFinclusion = 2.50). 
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Figure IV-3. Conditional error probabilities. Large circles indicate mean conditional 

error probabilities. Error bars indicate the 95% credibility interval. Small circles 

indicate individual conditional error probabilities. HC = healthy control participants; 

ALS = amyotrophic lateral sclerosis patients. 

 

Table IV-1. Analysis of effects of error type and group on conditional error probabilities. 

Effects p(inclusion) p(inclusion|data) BFinclulsion 
Error Type 0.600 0.999 836.42** 

Group 0.600 0.656 1.27 
Error Type x Group 0.200 0.385 2.50 

** extreme evidence. 

 

Computational Modeling 

Cognitive learning rates were overall higher after positive (median = 0.48, IQR = 0.11) 

than after negative feedback (median = 0.06, IQR = 0.04), indicating that participants showed 

stronger cognitive learning after positive than after negative feedback. In contrast, 

sensorimotor learning rates were overall higher after negative feedback (median = 0.05, IQR = 

0.02) than after positive feedback (median < 0.01, IQR = 0.01). In fact, the sensorimotor 

learning rate after positive feedback was virtually zero, indicating that participants showed 

sensorimotor learning after negative feedback, whereas no sensorimotor learning happened 

after positive feedback. Taken together, cognitive learning rates were overall higher than 

sensorimotor learning rates, indicating a generally stronger contribution of cognitive learning 

on cWCST behavior when compared to sensorimotor learning. The sensorimotor retention rate 

(median = 0.21, IQR = 0.23) was overall higher than the cognitive retention rate (median = 

0.11, IQR = 0.12). Thus, participants retained more sensorimotor information from previous 

trials than cognitive information. 
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Figure IV-4. Model parameters for cognitive and sensorimotor learning. Large circles 

indicate medians of group-level posterior distributions. Error bars indicate lower and 

upper quartiles of group-level posterior distributions. Small circles indicate medians 

of individual-level posterior distributions; a.u. = arbitrary units; * strong evidence for 

the presence of a group difference; HC = healthy control participants; ALS = 

amyotrophic lateral sclerosis patients. 

 

Figure IV-4 shows parameter estimates for ALS patients and healthy control 

participants. There was strong evidence (BF = 37.46; Table IV-2) for an increased cognitive 

retention rate in ALS patients (median = 0.19, IQR = 0.21) when compared to healthy control 

participants (median = 0.01, IQR = 0.03), indicating that ALS patients retained more cognitive-

learning information from previous trials. There was strong evidence (BF = 17.07) for an 

increased inverse temperature parameter in ALS patients (median = 0.19, IQR = 0.03) when 

compared to healthy control participants (median = 0.15, IQR = 0.04), indicating an overall 

more random responding of ALS patients. Lastly, there was strong evidence (BF = 14.96) for 

an increased sensorimotor learning rate following positive feedback in ALS patients (median 

= 0.01, IQR = 0.01) when compared to healthy control participants (median < 0.01, IQR < 

0.01). 
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Table IV-2. Bayes factors for effects of group on model parameters. 

Parameter Description Bayes Factor 
*)
0 cognitive learning rate following positive feedback 0.81 
*)
/ cognitive learning rate following negative feedback 0.34 
,)  cognitive retention rate 37.46* 
*-
0 sensorimotor learning rate following positive feedback 14.96* 
*-
/ sensorimotor learning rate following negative feedback 0.44 
,- sensorimotor retention rate 1.49 
4 inverse temperature parameter 17.07* 

* strong evidence. 

 

Discussion 

The present data demonstrate how specific facets of executive dysfunction in ALS 

patients may be investigated through the application of computational techniques. 

Computational modeling of cWCST behavior by means of the parallel RL model (Steinke, 

Lange, & Kopp, 2020) revealed that ALS patients show increased cognitive retention rates 

when compared to HC participants, indicating that ALS patients retained more cognitive 

information learned on previous trials. Furthermore, ALS patients showed increased inverse 

temperature parameters when compared to HC participants, indicating that ALS patients’ 

actual responding was more independent from learned information. In the following sections, 

we discuss some implications for neuropsychological sequelae of ALS. We also discuss the 

potential nosological specificity of computationally derived latent variables, and more 

generally some of the implications of the computational approach to neuropsychological 

assessment. Lastly, we outline study limitations and future research directions. 

Implications for Neuropsychological Sequelae of ALS 

Since ALS pathophysiology (Beeldman et al., 2016; Lange, Vogts, et al., 2016) 

comprises prefrontal cortical areas in a non-negligible subset of patients (Abrahams et al., 

1996; Kew et al., 1993; Pettit et al., 2013; Tsermentseli et al., 2012), we predicted that ALS 

patients may show evidence for alterations in latent variables of cognitive (i.e., putatively 

cortical) learning (Kopp, Steinke, et al., 2019; Morris et al., 2016; Steinke, Lange, Seer, et al., 

2020). In line with this prediction, computational modeling of cWCST behavior revealed 

strong evidence for increased cognitive retention rates in ALS patients when compared to HC 

participants (see Figure IV-4 and Table IV-2). Please note that there was no evidence for any 

differences between ALS patients and HC participants with regard to neuropsychological 
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characteristics as assessed by the Edinburgh Cognitive and Behavioural ALS Screen (ECAS; 

see Table IV-A1; Abrahams et al., 2014). 

ALS patients showed increased cognitive retention rates when compared to HC 

participants, indicating that ALS patients retained more learned cognitive information from 

previous trials (see Figure IV-4). With higher cognitive retention rates, objects of thought (i.e., 

categories on the cWCST) retain higher activation levels from trial-to-trial (for illustration, see 

Figures IV-5a and IV-5b). These higher retention rates support adequate cWCST behavior in 

response to positive feedback, since the to-be-repeated categories remain at high levels of 

activation on upcoming trials. In contrast, high retention rates interfere with shifting the applied 

categories in response to negative feedback, since outdated categories exert stronger proactive 

interference on upcoming trials. Thus, flexibility of cognitive learning is reduced in ALS 

patients compared to HC participants. On the other hand, HC participants’ configurations of 

the cognitive retention rate might support adequate cWCST behavior in response to both, 

positive and negative feedback. We conclude that ALS pathophysiology (Wijesekera & Leigh, 

2009) is associated with a latent cognitive symptom which can probably be best referred to as 

bradyphrenia (i.e., ‘inflexibility of thought’; Rogers, 1986; Steinke, Lange, Seer, et al., 2020). 

The evidence for bradyphrenia in ALS patients corroborates the assumption that ALS should 

not merely be considered as a motor neuron disease (Abrahams et al., 1996; Phukan et al., 

2012; Tsermentseli et al., 2012). Instead, a number of cognitive dysfunctions appear as a 

corollary of ALS pathophysiology (Carluer et al., 2015; Stojkovic et al., 2016; Watermeyer et 

al., 2015). 

Bradyphrenia is typically considered as a hallmark cognitive symptom of PD (Rogers, 

1986). As such, our previous computational study (Steinke, Lange, Seer, et al., 2020) revealed 

evidence for bradyphrenia in PD patients, i.e., increased cognitive retention rates. However, 

results of the present study suggest that bradyphrenia is not specifically related to PD. In 

contrast to this common opinion, bradyphrenia should be conceived as a disease-nonspecific 

symptom, which occurs as a functional corollary of pathophysiological alterations in both PD 

and ALS patients. Computational cognitive neuropsychology provides an explicit definition of 

bradyphrenia at the level of covert cognitive processes that support cognitive flexibility (i.e., 

high retention of the activation of objects of thought) along with a novel computational 

indicator of bradyphrenia (i.e., increased cognitive retention rates). Thus, our computational 

modeling analysis revealed that both ALS and PD patients can be characterized at the level of 
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covert cognitive processes by an increased retention of the activation of objects of thought (i.e., 

bradyphrenia; Steinke, Lange, Seer, et al., 2020). 

 

 
Figure IV-5. Exemplary effects of between-group variations of latent variables. Panel 

(a) shows the exemplary trial sequence on the cWCST as depicted in Figure IV-1. 

Panel (b) shows cognitive-learning feedback prediction values (referred to in the text 

as activation levels of objects of thought) for the application of the shape category 

across seven trials, the first three of them are shown in (a). The received positive 

feedback for the application of the shape category on Trial 1 causes an increase in 

feedback prediction values. With high configurations of the cognitive retention rate 

(i.e.,	,)), such as seen in ALS patients, feedback prediction values retain higher levels 

of activation from trial to trial. Note that the shape category was not applied on Trials 

4 to 7. Panel (c) shows response probabilities on Trial 3. The probability of executing 

response 3 is highest (i.e., application of the shape category), followed by the 

probability of executing response 1 (i.e., application of the color category) and the 

probability of executing response 2 (i.e., application of the number category). With 

high configurations of the inverse temperature parameter (i.e., τ), such as seen in ALS 

patients, differences between response probabilities are attenuated, biasing response 

probabilities towards a uniform probability of 0.33. Note that the probability of 
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executing an odd response (i.e., responses that match no viable sorting category; e.g., 

response 4 on Trial 3) is close to zero on any trial. Because response probabilities of 

odd responses are virtually zero, such probabilities remain mostly unaffected by the 

inverse temperature parameter. The presented effects of model parameters were 

computed by varying exclusively the parameter of interest at arbitrary values while 

holding all other model parameters constant. 

 

Computational modeling also revealed that ALS patients show increased inverse 

temperature parameters in comparison to HC participants. The inverse temperature parameter 

expresses how well finally executed responses corresponded to the information that has been 

learned from feedback which was received on previous trials (for illustration, see Figure IV-5a 

and 5c; Daw et al., 2006; Luce, 1959; Sutton & Barto, 1998; Thrun, 1992). With high values 

of the inverse temperature parameter, overt responses are more independent of learned 

information, rendering responding more haphazard. Thus, our results indicate that ALS 

pathophysiology (Wijesekera & Leigh, 2009) comprises another symptom, which might be 

best described as haphazard responding. Haphazard responding in ALS patients could also be 

related to subclinical manifestations of frontal disinhibition, which represents a major symptom 

of frontotemporal dementia (Neary et al., 1998; Phukan et al., 2007). Alternatively, it also 

remains possible that the increased inverse temperature parameter in ALS patients expresses 

ALS-related motor impairments, such as deficient fine motor skills that compromise 

responding as required for successful cWCST behavior (Phukan et al., 2007). 

Computational Modeling Provides Nosologically Specific Indicators of Executive 

Dysfunctions 

There was no evidence for alterations in conditional PE or SLE probabilities in ALS 

patients (see Table IV-1), and there was no evidence for such alterations in PD patients in our 

previous study (Steinke, Lange, Seer, et al., 2020). Thus, ALS patients were 

phenomenologically indiscernible from PD patients with regard to analyses of behavioral 

cWCST error measures. Computational modeling (Steinke, Lange, & Kopp, 2020) revealed 

that ALS and PD patients’ (Steinke, Lange, Seer, et al., 2020) likewise showed evidence for 

increased cognitive retention rates when compared with their respective HC participants. Thus, 

both ALS and PD pathophysiology seems to comprise a disease-nonspecific latent cognitive 

symptom, i.e., bradyphrenia (for illustration, see Figure IV-6; Rogers, 1986; Steinke, Lange, 

Seer, et al., 2020). In addition to this common symptom, there were also differences between 
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ALS and PD patients (Steinke, Lange, Seer, et al., 2020) in other latent variables of the parallel 

RL model (Steinke, Lange, & Kopp, 2020). ALS patients showed increased inverse 

temperature parameters when compared to HC participants (see Figure IV-4), whereas PD 

patients showed decreased sensorimotor retention rates when compared to HC participants in 

a related publication (Steinke, Lange, Seer, et al., 2020). Furthermore, DA replacement therapy 

in PD patients decreased cognitive learning rates after positive feedback in that previous 

publication (Steinke, Lange, Seer, et al., 2020). Thus, our data suggest that computational 

modeling by means of the parallel RL model (Steinke, Lange, & Kopp, 2020) provides shared 

disease-related, and also nosologically specific alterations in latent variables in ALS and PD 

patients. 

 

 
Figure IV-6. Patterns of alterations in latent variables of the parallel RL model as 

revealed by the present study and our previous computational study in PD (see the 

text for details; Steinke, Lange, Seer, et al., 2020). 

 

Our results corroborate that behavioral WCST measures, such as PE and/or SLE rates, 

do not provide sufficient nosological specificity to serve as pathognomonic neuropsychological 

symptoms of particular neurological diseases or psychiatric disorders (Lange, Seer, & Kopp, 

2017; Roca et al., 2010). We proposed that the insufficient nosological specificity of these 

traditional WCST error measures may be related to their ‘impureness’ (Bishara et al., 2010; 

Lange, Seer, & Kopp, 2017; Miyake & Friedman, 2012; Steinke, Lange, & Kopp, 2020; 

Steinke, Lange, Seer, et al., 2020; Strauss et al., 2006). That is, behavioral WCST measures 

may originate from a mixture of multiple covert cognitive processes, and diverse patient groups 
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might show differentiable impairments in covert cognitive processes. However, such cognitive 

impairments may not be detectable via WCST error measures because they may all be 

behaviorally expressed as enhanced PE and/or SLE rates. In line with this assumption, 

computational modeling of covert cognitive processes by means of the parallel RL model 

(Steinke, Lange, & Kopp, 2020) revealed that ALS and PD patients show disease-nonspecific 

increased cognitive retention rates (indicating bradyphrenia), but also disease-specific 

alterations in other latent variables (see Figure IV-6). We conclude that ALS and PD patients 

can be characterized by a mixture of shared and specific impairments at the level of covert 

cognitive processes, and we suggest that computational modeling provides an appropriate 

technique to complement studies of disease-related cognitive impairments. 

The question of how latent variables of the parallel RL model (Steinke, Lange, & Kopp, 

2020) could be specifically related to some of the pathophysiologic characteristics of ALS and 

PD deserves further inquiry. Cognitive learning, as implemented in the parallel RL model 

(Steinke, Lange, & Kopp, 2020), is assumed to be supported by prefrontal cortical areas of the 

brain (Kopp, Steinke, et al., 2019; Steinke, Lange, Seer, et al., 2020). As such, dysfunctions in 

prefrontal cortical areas might manifest as altered latent variables of cognitive learning. We 

found here and in our previous publication (Steinke, Lange, Seer, et al., 2020) that cognitive 

retention rates were increased in ALS and PD patients (see Figure IV-6). Thus, bradyphrenia 

represents a disease-nonspecific latent symptom, which may be related to to-be-delineated 

shared pathophysiological aspects of both diseases (ALS and PD). 

ALS pathophysiology comprises prefrontal cortical areas in a non-negligible subset of 

patients (Abrahams et al., 1996; Kew et al., 1993; Pettit et al., 2013; Tsermentseli et al., 2012). 

More precisely, there is increasing evidence that ALS pathophysiology expands to the 

premotor cortex (PMC; Brodmann areas 6, 8, & 9) as well as to the dorsolateral prefrontal 

cortex (DLPFC; Broadman areas 46 & 9; Abrahams et al., 1996; Tsermentseli et al., 2012). In 

PD patients, the loss of DA neurons is most severe in nigro-striatal pathways (Braak & Del 

Tredici, 2008; Hawkes et al., 2010) but other DA systems, such as the meso-cortical system, 

appear to be affected as well (Narayanan et al., 2013). Importantly, the meso-cortical system 

is assumed to be overstimulated by DA replacement therapy in at least some PD patients 

(Cools, 2006; Cools & D’Esposito, 2011; Gotham et al., 1988; Vaillancourt et al., 2013). The 

meso-cortical DA system comprises – among other cortical areas – the PMC and the DLPFC 

(Hosp et al., 2019), so that these two cortical areas seem to be affected in PD patients as well 

as by PD patients’ DA replacement therapy. Thus, we hypothesize a correlation between 
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increased cognitive retention rates and potential dysfunctions in the PMC and/or the DLPFC 

in both diseases that we consider here. This hypothesized correlation also stresses the notion 

that cognitive learning, as implemented in the parallel RL model (Steinke, Lange, & Kopp, 

2020), may be supported by prefrontal cortical areas of the brain (Kopp, Steinke, et al., 2019; 

Morris et al., 2016; Steinke, Lange, Seer, et al., 2020). Moreover, our data suggest that 

bradyphrenia should not be considered in a disease-specific manner, but that bradyphrenia 

might provide a marker of prefrontal dysfunctions in general. 

There were some striking divergences between alterations in latent variables in ALS 

and PD patients (see Figure IV-6). First, inverse temperature parameters were found to be 

increased in ALS patients, but they were not found to be altered in PD patients (Steinke, Lange, 

Seer, et al., 2020). Thus, increased inverse temperature parameters could be related to 

dysfunctions in the motor cortex of ALS patients (Wijesekera & Leigh, 2009). Second, PD 

patients showed decreased sensorimotor retention rates, which indicated impaired stimulus-

response learning in PD patients (Steinke, Lange, Seer, et al., 2020). The sensorimotor 

retention rate was not found to be altered in ALS patients. Sensorimotor learning is putatively 

supported by striatal areas (Kopp, Steinke, et al., 2019; Steinke, Lange, Seer, et al., 2020), 

which are primarily affected in PD patients (Braak & Del Tredici, 2008; Hawkes et al., 2010). 

Hence, decreased sensorimotor retention rates could be specifically related to PD patients’ 

dysfunctions in striatal brain areas. Finally, DA replacement therapy in PD patients induced 

decreased cognitive learning rates following positive feedback (Steinke, Lange, Seer, et al., 

2020). DA replacement therapy overstimulates the meso-limbic DA system in PD patients 

(Cools, 2006; Cools & D’Esposito, 2011; Gotham et al., 1988; Vaillancourt et al., 2013), which 

is associated with anticipation of reward or positive feedback (Aarts et al., 2014; Shohamy & 

Adcock, 2010). Decreased cognitive learning rates following positive feedback due to DA 

replacement therapy might be a computational corollary of potential overstimulation of the 

meso-limbic DA system in PD patients through clinically titrated DA replacement therapy 

(Steinke, Lange, Seer, et al., 2020). 

As an interim conclusion, latent variables of the parallel RL model (Steinke, Lange, & 

Kopp, 2020) could be specifically related to some of the pathophysiologic characteristics of 

ALS and PD. The comparative analysis of ALS and PD patients’ alterations in latent 

computational variables remains correlational and should be interpreted with caution. 

However, this comparative analysis led to testable neuroanatomical hypotheses. In particular, 

the proposed relationship between cognitive retention rates and the prefrontal cortical areas 
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should be addressed by confirmatory brain imaging studies. These WCST-based imaging 

studies should combine computational modeling with brain imaging (McCoy et al., 2019), such 

as diffusion-weighted magnetic resonance imaging for the detection of disease-related micro-

structural changes in brain areas of interest (Sitburana & Ondo, 2009), or lesion-(latent) 

symptom mapping (Gläscher et al., 2019). Such brain imaging studies should also address 

potential relationships of latent variables and other brain areas, which appear to be affected in 

ALS patients. For example, several studies suggest that dysfunctions in frontotemporal brain 

areas (Canosa et al., 2016; Pettit et al., 2013; Trojsi et al., 2017) and the basal ganglia (Bede et 

al., 2013) are related to executive dysfunctions in ALS patients. 

Implications for Neuropsychological Assessment 

Neuropsychological assessment of cognitive dysfunctions is almost entirely based on 

behavioral observations (Lange, Seer, & Kopp, 2017), with counting the occurrence of 

particular behavioral events, such as the number of PE and/or SE committed in the context of 

the WCST, as the current state-of-the-art approach to neuropsychological assessment. Such 

counts serve as indicators for the degree to which particular cognitive dysfunctions are present. 

For example, typical inferences from the presence of enhanced PE rates on the WCST would 

be that the assessed participant shows signs of cognitive inflexibility (Diamond, 2013; Lezak 

et al., 2012; MacPherson et al., 2015; Steinke, Lange, & Kopp, 2020; Strauss et al., 2006). 

There are three shortcomings of this procedure (Steinke, Lange, Seer, et al., 2020). First, 

neuropsychological assessment refers to cognitive assessment, yet the referenced cognitive 

processes remain unobservable. Thus, neuropsychological assessment involves inferences that 

go beyond behavioral observations. Second, cognitive constructs, which are referred to by 

neuropsychological assessment, are often vaguely defined. That is, cognitive constructs are 

typically verbal re-descriptions of the behavioral observations that were made (take PE as an 

indicator of cognitive inflexibility as an example). Moreover, the referenced behavioral 

observations may not originate from a single cognitive process but should better be conceived 

as resulting from a mixture of multiple covert cognitive processes (Bishara et al., 2010; Lange, 

Seer, & Kopp, 2017; Miyake & Friedman, 2012; Steinke, Lange, & Kopp, 2020; Steinke, 

Lange, Seer, et al., 2020; Strauss et al., 2006). Finally, observable behavioral measures on 

neuropsychological assessment instruments do not possess satisfactory nosological specificity 

for diverse patient groups, as detailed above (Lange, Seer, & Kopp, 2017; Roca et al., 2010). 

Computational cognitive neuropsychology offers a route towards advanced 

neuropsychological assessment, which could remedy some of these shortcomings. 
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Computational modeling offers a technique to decompose behavior on neuropsychological 

assessment instruments into assumed latent cognitive processes, allowing inferences closer to 

the level of covert cognitive processes (Steinke et al., 2018; Steinke, Lange, Seer, et al., 2020). 

Importantly, latent variables, which reflect the efficacy of covert cognitive processes, are 

unambiguously defined (see Appendix B) and, thereby, may replace the traditional verbal 

constructs of neuropsychological assessment (Ambrosini et al., 2019; Beste et al., 2014, 2018; 

Botvinick & Plaut, 2004; Cleeremans & Dienes, 2001; Cooper & Shallice, 2006; Forstmann & 

Wagenmakers, 2015; Giavazzi et al., 2018; Palminteri et al., 2009, 2012; Suzuki & O’Doherty, 

2020). The present study exemplifies that latent variables obtained from computational 

modeling may provide indicators of shared latent symptoms as well as nosologically specific 

differentiable facets of latent executive dysfunctions. Thus, computational cognitive 

neuropsychology offers the potential to improve inferential validity of neuropsychological 

assessment. 

Study Limitations and Directions for Future Research 

In line with previous studies (Steinke, Lange, & Kopp, 2020; Steinke, Lange, Seer, et 

al., 2020), estimates of the sensorimotor learning rate after positive feedback were virtually 

zero (see Figure IV-4), indicating that sensorimotor learning did not happen following positive 

feedback (for a detailed discussion, see Steinke, Lange, & Kopp, 2020). However, there was 

strong evidence for an effect of group membership on the sensorimotor learning rate after 

positive feedback (see Table IV-2). Inspection of Figure IV-4 revealed that this evidence for a 

group effect on the sensorimotor learning rate following positive feedback was most likely due 

to one single outlier in the ALS patients. Thus, we did not interpret the evidence for a group 

effect on this close-to-zero model parameter. 

A recent meta-analytical review (Lange, Vogts, et al., 2016) reported evidence for 

enhanced PE rates in ALS patients. In the present study, mean conditional PE probabilities 

were increased in ALS patients when compared to HC participants (see Figure IV-3). However, 

this increase in conditional PE probabilities was not supported by any evidence from the 

Bayesian ANOVA (see Table IV-1). This missing evidence was most likely due to the small 

sample size typical for neuropsychological ALS studies (Lange, 2020), which constitutes a 

limitation of this study. 

There are two differences between the cWCST variant that we utilized in the present 

study and the cWCST variant that was used to characterize PD patients’ alterations in latent 

variables of the parallel RL model (Steinke, Lange, Seer, et al., 2020). First, in the present 
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study, the cWCST was completed after a fixed number of 120 trials. In contrast, the cWCST 

variant that was utilized to assess PD patients ended after a fixed number of 40 completed 

categories irrespective of the number of completed trials (median = 212 trials, min = 170 trials, 

max = 281 trials). Second, in this study, the prevailing sorting category switched after a random 

number of trials, which was defined prior to the experiment. On the cWCST variant that was 

utilized to assess PD patients, participants had to complete a minimum of two correct card sorts 

to trigger a switch of the prevailing sorting category. However, estimates of the latent variables 

of interest (i.e., latent variables that were alternating between patient groups and healthy 

controls) were comparable in size between the current study of ALS patients and the previous 

study of PD patients (Steinke, Lange, Seer, et al., 2020). We conclude that any differences 

between the administered cWCST variants do not interfere with comparisons of alterations in 

latent variables of ALS and PD patients. However, future research should address how specific 

configurations of the cWCST could affect parameter estimates of the parallel RL model. 

We assessed neuropsychological characteristics of ALS patients and HC participants 

by means of the ECAS (Abrahams et al., 2014). The ECAS allows for the assessment of both 

ALS-specific and ALS-nonspecific neuropsychological characteristics with strong clinical 

validity (Simon & Goldstein, 2019). However, we did not find evidence for any differences 

between ALS patients and HC participants with regard to the ECAS (see Table A1). The 

missing evidence was most likely due to the small sample size, which is typical for 

neuropsychological ALS studies (Lange, 2020). Alternatively, a more extensive evaluation of 

neuropsychological characteristics of ALS patients and HC participants may have been 

required. 

In a recent study (Steinke, Lange, & Kopp, 2020), we demonstrated that the parallel RL 

model provides a better conceptualization of behavioral cWCST data than do competing 

computational models (Bishara et al., 2010). This conclusion was based on the analysis of a 

large sample of young volunteers (N = 375). It remains to be seen whether this finding transfers 

to other populations, such as ALS patients. As the sample size was relatively small in the 

present study, we did not consider any model comparisons. However, future studies should test 

which of all applicable computational models provides the best conceptualization of the to-be-

studied behavioral data and base further analyses on the winning computational model 

(Palminteri et al., 2017). 
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Conclusions 

Computational modeling of cWCST behavior revealed specific facets of executive 

dysfunction in ALS patients, which are difficult to study by traditional WCST error measures. 

Our data indicate ALS-related latent cognitive symptoms, which might be best referred to as 

bradyphrenia and as haphazard responding. Bradyphrenia seems to represent a disease-

nonspecific latent cognitive symptom in ALS and PD patients, but disease-specific latent 

cognitive symptoms were also discernible. Thus, our results suggest that latent variables of the 

parallel RL model (Steinke, Lange, & Kopp, 2020) provide nosologically specific indicators 

of latent facets of executive dysfunction in ALS and PD patients. The comparative analysis of 

ALS and PD patients’ alterations in latent dysexecutive symptoms resulted in novel hypotheses 

about which brain areas support these specific facets of executive dysfunction, paving the way 

for future confirmatory brain imaging studies. 
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Appendix IV-A 

Table IV-A1. Demographic, clinical, and psychological characteristics. 

  HC (N = 21) ALS (N = 18) Bayes 
Factor  Maximum Mean SD n Mean SD n 

Age (years)  57.67 9.16 21 58.11 10.05 18 0.32 
Female [%]  22%  21 29%  18 0.91# 
Education (years)  14.29 2.93 21 13.92 2.16 18 0.34 
Disease Duration 
(months) 

    50.47 82.93 17  

FVC     85.75 12.84 16  
ESS 24    6.12 3.06 17  
ALSFRS-EX: total 60    47.41 6.99 17  
  Bulbar Subscore 16    13.94 1.89 17  
  Fine Motor Subscore 16    11.41 2.87 17  
  Gross Motor Subscore 16    11.12 5.02 17  
  Respiratory Subscore 16    10.94 1.71 17  
  Progression Rate 16    0.71 0.57 17  
MoCA 30 27.24 2.68 21 26.72 3.18 18 0.35 
FAB 18 17.19 1.25 21 16.50 2.19 16 0.57 
ECAS: total  136 104.38 11.58 21 103.89 12.19 18 0.32 
  ECAS: ALS-Specific 100 75.48 10.63 21 75.89 10.26 18 0.40 
    Language 28 26.62 1.94 21 25.94 2.13 18 0.48 
    Fluency 24 11.52 5.83 21 10.89 4.13 18 0.33 
    Executive 48 37.33 4.50 21 39.06 5.92 18 0.48 
  ECAS: ALS-  
  Nonspecific  

36 28.86 3.07 21 28.00 3.66 18 0.31 

    Memory 24 17.24 2.83 21 16.44 3.54 18 0.40 
    Visuospatial 12 11.62 0.74 21 11.56 0.62 18 0.32 

Bayes factors were obtained from Bayesian independent samples t-tests. #Bayes factor 

was obtained from Bayesian contingency tables. All inferential statistics were carried out 

by means of JASP (JASP Team, 2019). ALS = Amyotrophic lateral sclerosis patients; 

HC = healthy control participants; FVC = forced vital capacity; ESS = Epworth 

Sleepiness Scale (Johns, 1991); ALSFRS-EX = Amyotrophic Lateral Sclerosis 

Functional Rating Scale—Self-Rating Scale (Abdulla et al., 2013); MoCA = Montreal 

Cognitive Assessment (Nasreddine et al., 2005); FAB = Frontal Assessment Battery 

(Dubois et al., 2000); ECAS = Edinburgh Cognitive and Behavioural ALS Screen 

(Abrahams et al., 2014); Please note that the present study utilized different WCST-based 

inclusion criteria for ALS patients and HC participants when compared to the initial 

publication of the data (Lange, Vogts, et al., 2016).   
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Appendix IV-B 

The cognitive Q-learning algorithm operates on feedback prediction values for the 

application of sorting categories. 8)(#) is a 3 (categories) x 1 vector that quantifies feedback 

prediction values for the application of sorting categories on trial t. The strength of transfer of 

feedback prediction values from trial to trial is modeled as: 

8)
9 (#) = ,) ∗ 8)(#) (IV-B1) 

with ,)  is the individual cognitive retention rate. Trial-wise cognitive prediction errors <)(#) 

are computed with regard to the applied category u ∈ U on trial t as: 

<)(#) = =(#) − >),@
9 (#) (IV-B2) 

=(#) denotes the received feedback on trial t, which is 1 for positive feedback and -1 for 

negative feedback. Feedback prediction values for the application of sorting categories are 

updated as: 

8)(# + 1) = 8)
9 (#) + î)(#) ∗ *) ∗ <)(#) (IV-B3) 

î)(#) is a 3 (categories) x 1 dummy vector, which is 1 for the applied category u and 0 for all 

other categories on trial t. The dummy vector î)(#) ensures that only the feedback prediction 

value for the applied category u on trial t is updated by the cognitive prediction error <)(#).	*)  

denotes the cognitive learning rate which was further separated for trials following positive 

and negative feedback (i.e.,	*)
0 and *)

/, respectively).  

Feedback prediction values for the application of categories 8)(# + 1) are matched to 

responses, which is represented by a 4 (responses) x 1 vector 8ï)(# + 1). For response v ∈ V 

on trial t+1, >ï),C(# + 1) is computed as: 

>ï),C(# + 1) = DC
E(# + 1)	8)(# + 1) (IV-B4) 

with DC(# + 1) is a 3 (categories) x 1 vector that represents the match between a stimulus card 

and response v with regard to sorting categories. Let DC(# + 1) be 1 if a stimulus card matches 

response v by category u and let DC(# + 1) be 0 elsewise. DC
ñ(# + 1) is the transpose of DC(# +

1). To account for responses that match no viable sorting category (i.e., responses that certainly 

yield a negative feedback with regard to cognitive learning), feedback prediction values of such 

responses are assigned a value of >ï),C(# + 1) = −1. 

The sensorimotor Q-learning algorithm parallels the cognitive Q-learning algorithm. 

However, the sensorimotor Q-learning algorithm directly operates on feedback prediction 
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values for the execution of responses. A 4 (responses) x 1 vector 8-(#) quantifies feedback 

prediction values for the execution of responses on trial t. The strength of the transfer of 

feedback prediction values from trial to trial is given by:  

8-
9 (#) = ,- ∗ 8-(#) (IV-B5) 

,- denotes the individual sensorimotor retention rate. The sensorimotor prediction error <-(#) 

on trial t is computed as: 

<-(#) = =(#) − >-,C
9 (#) (IV-B6) 

Here, >-,C
9 (#) is the feedback prediction value of executed response v on trial t. Feedback 

prediction values for the execution of responses are updated as: 

8-(# + 1) = 8-
9 (#) + î-(#) ∗ *- ∗ <-(#) (IV-B7) 

Again, î-(#) denotes a 4 (responses) x 1 dummy vector that is 1 for the executed response v 

and 0 for all other responses on trial t. î-(#) ensures that only feedback prediction values of 

the executed response are updated by the sensorimotor prediction error <-(#). We assumed 

independent individual sensorimotor learning rate parameters for positive and negative 

feedback,	*-
0 and *-

/, respectively. 

Feedback prediction values of cognitive and sensorimotor Q-learning algorithms are 

linear integrated. More precisely, integrated feedback prediction values (G@H(# + 1) for trial 

t+1 are computed as: 

(G@H(# + 1) = 8ï)(# + 1) + (-(# + 1) (IV-B8) 

The response probability JC(# + 1)  of response v on trial t+1 is derived from integrated 

feedback prediction values using a “softmax” logistic function (Sutton & Barto, 1998): 

JC(# + 1) = 	
K
LMNO,P(Q0W)

R

∑ K
LMNO,P(Q0W)

RT
UVW

 (IV-B9) 

with 4 denotes the individual inverse temperature parameter. 

Parameters of the parallel RL model (i.e., ™ ∈ [*)
0, *)

/, ,), *-
0, *-

/, ,-, 4] ) were 

estimated using hierarchical Bayesian analysis (Ahn et al., 2011, 2017; Haines et al., 2018; 

Kruschke, 2015; Lee, 2011; Lee & Wagenmakers, 2011; Rouder & Lu, 2005; Shiffrin et al., 

2008) by means of RStan (Stan Development Team, 2018). Hierarchical Bayesian analysis 

allows for individual differences in model parameters while pooling information across all 
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individuals by means of hyper- (i.e., group-level) parameters (Ahn et al., 2011; Kruschke, 

2015; Steingroever et al., 2013). More precisely, any individual-level model parameter °¢ of 

participant i was drawn from a hyper-level normal distribution with mean Ä†  and standard 

deviation Ö† . In order to facilitate hierarchical Bayesian analysis, we implemented a non-

centered parameterization (Ahn et al., 2017; Betancourt & Girolami, 2013). That is, individual-

level model parameters were sampled from a standard normal distribution, which was 

multiplied by a hyper-level scale parameter Ö† and shifted by a hyper-level location parameter 

Ä†. The individual deviation of model parameter °¢ of participant i from Ä† was modeled by an 

individual-level location parameter °′¢ (Steinke, Lange, & Kopp, 2020; Steinke, Lange, Seer, 

et al., 2020). Taken together, model parameter °¢ of participant i was implemented as: 

°¢ = Ä£ + Ö£ ∗ °
9
¢ (IV-B10) 

In order to account for effects of ALS pathology on model parameters, we introduced 

the between-subjects effect group (McCoy et al., 2019; Sharp et al., 2016; Steinke, Lange, Seer, 

et al., 2020). That is, group-related shifts of model parameters were implemented by adding 

the hyper-level parameter Ä´ca@f,†  to the hyper-level location parameter Ä§  for all HC 

participants. Please note that we implemented the hyper-level parameter Ä´ca@f,† for all HC 

participants rather than for all ALS patients because the sample size was larger for HC 

participants, which allowed for estimation of Ä´ca@f,† with higher statistical power. 

We further facilitated hierarchical Bayesian analysis by conducting parameter 

estimation in an unconstrained space (Ahn et al., 2017; Betancourt & Girolami, 2013; Haines 

et al., 2018; Steinke, Lange, & Kopp, 2020; Steinke, Lange, Seer, et al., 2020). That is, all 

location and scale parameters were free to vary without any constraints. The linear integration 

of location and scale parameters was then mapped to a constrained space (i.e., [0, 1]) using the 

Probit function. The Probit function is the inverse-cumulative standard normal distribution. 

Taken together, individual-level model parameter °¢ for any ALS patient was modeled as:  

°	¢ = J=o�p#(Ä£ + Ö£ ∗ °
9
¢) (IV-B11) 

and individual-level model parameter °¢ of any HC participant was modeled as: 

°¨),¢ = J=o�p#(Ä£ + Ö£ ∗ °
9
¢ +	Ä´ca@f,†) (IV-B12) 

In line with previous research, we assumed normal prior distributions (μ = 0, σ = 1) for 

location parameters and half Cauchy prior distributions (μ = 0, σ = 5) for scale parameters (Ahn 

et al., 2017; Steinke, Lange, & Kopp, 2020; Steinke, Lange, Seer, et al., 2020). Parameter 
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estimation was done using three chains of 1,000 iterations, including 500 warm-up iterations 

each. Parameter estimation was inspected quantitatively by the R® statistic (Gelman & Rubin, 

1992) and the effective sample size statistic as well as visually by trace-plots. Feedback 

prediction values of the parallel RL model were initialized as 0. 

We used Bayesian tests for direction to quantify evidence for group-related shifts of 

model parameters (McCoy et al., 2019; Pedersen et al., 2017). For any model parameter z, we 

computed a Bayes factor by dividing the posterior density of parameter Ä´ca@f,† below zero by 

the posterior density above zero. Please note that Bayesian tests were applicable, as prior 

distributions of Ä´ca@f,† were symmetric around zero (Marsman & Wagenmakers, 2017).  

Descriptive statistics of model parameters were obtained from posterior distributions 

of hyper-level location parameters. More precisely, the posterior distribution of model 

parameter z of ALS patients was given by:  

°≠Æ- = J=o�p#(Ä†) (IV-B14) 

For HC participants, the posterior distribution of model parameter z was given by: 

°¨) = J=o�p#(Ä† +	Ä´ca@f,†) (IV-B15) 

Descriptive statistics of posterior distributions were reported as medians with lower and 

upper quartiles. We computed individual-level parameter estimates as medians of individual-

level posterior distributions as derived by Equations B12 and B13. Correlational analysis was 

done using JASP version 11.1 (JASP Team, 2019). The implemented code is available from 

https://osf.io/46NJ5. 
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Summary of Key Findings 

In a series of three studies, I aimed to elucidate whether computational cognitive 

neuropsychology could reveal nosologically specific covert cognitive symptoms in PD and 

ALS patients. Study 1 presented a successful replication of the behavioral finding of a 

modulation of PE propensities by response demands, which constituted an empirical basis for 

subsequent model evaluations. Novel parallel RL models, which incorporate cognitive and 

sensorimotor RL, provided better predictive accuracies for most participants when compared 

to a solely cognitive RL model and the state-of-the-art AU model. Furthermore, only parallel 

RL models were able to simulate the modulation of PE propensities by response demands, 

whereas a solely cognitive RL model as well as the state-of-the-art AU model (Bishara et al., 

2010) were not able to account for this behavioral effect. 

In two subsequent clinical studies, PD and ALS patients’ trial-by-trial cWCST 

responses were analyzed by means of a parallel RL model (i.e., the P-RL model). Results of 

Study 2 revealed that PD patients show increased cognitive retention rates as well as decreased 

sensorimotor retention rates when compared to HC participants. DA replacement therapy in 

PD patients further increased cognitive retention rates and decreased cognitive learning rates 

following positive feedback. Computational cognitive modeling in Study 3 revealed that ALS 

patients show increased cognitive retention rates when compared to HC participants. In 

addition, ALS patients showed increased inverse temperature parameters in comparison to HC 

participants.  

In the following sections, I will discuss results of model evaluations and implications 

for neuropsychological sequalae of PD and ALS. Furthermore, I will discuss the potential 

nosological specificity of covert cognitive symptoms in PD and ALS patients. I will also give 

an outlook on how to advance computational cognitive neuropsychology along with potential 

implications for clinical practice. 

Evaluating Mechanistic Models for the WCST 

Study 1 introduced RL models for the WCST, which were evaluated against the state-

of-the-art AU model (Bishara et al., 2010) in a large sample of young volunteers (N = 375). 

A Successful Replication of the Modulation of PE Propensities by Response Demands 

In a recent behavioral study in neurological inpatients (Kopp, Steinke, et al., 2019), we 

found that PE propensities were modulated by response demands (see Figure I-3) using a short 

paper-and-pencil variant of the WCST (i.e., the M-WCST; Schretlen, 2010). Study 1 presents 

a successful replication of this novel behavioral finding in a large sample of healthy volunteers 
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(N = 375) that were assessed using a cWCST variant (see Figure II-3 and Table II-1; Lange & 

Dewitte, 2019). This replication suggests that the modulation of PE propensities by response 

demands is generalizable across various WCST versions (see Study 1 for a detailed discussion 

of the differences between the M-WCST and the cWCST). The successful replication of the 

modulation of PE propensities by response demands in a large sample of young volunteers also 

suggests that this behavioral phenomenon is robustly detectable from individuals with no 

known brain damage. 

The behavioral finding of a modulation of PE propensities by response demands 

indicates that participants learn not only about categories on the WCST. Instead, category-level 

learning seems to be complemented by response-level learning (Kopp, Steinke, et al., 2019). 

Response-level learning implies that participants learn to avoid the re-execution of particular 

responses after a received negative feedback. The successful replication of the modulation of 

PE propensities by response demands in Study 1 corroborates this assumption. Moreover, this 

replication suggests that response-level learning generally contributes to WCST behavior 

irrespective of the administered WCST variant (M-WCST or cWCST) or studied sample 

(neurological inpatients or young volunteers).  

RL Models Outperform the State-of-the-Art AU Model 

In Study 1, all RL models showed better predictive accuracies than the state-of-the-art 

AU model (Bishara et al., 2010) for most participants (see Figure II-2 and Table II-2). However, 

more complex computational cognitive models (with regard to the number of latent variables) 

will give a better description of observed cWCST behavior when compared to less complex 

computational cognitive models (Gronau & Wagenmakers, 2019). Thus, the better predictive 

accuracies of RL models could result from their higher complexities when compared to the AU 

model. To rule out this explanation for the better predictive accuracies of RL models when 

compared to the AU model, predictive accuracies of the cognitive RL model were compared 

with those of the AU model, which provide similar model complexities (i.e., both models 

incorporate four latent variables). In this model comparison, the cognitive RL model 

outperformed the AU model with regard to predictive accuracies. These results suggest that 

RL models provide a better conceptualization of trial-by-trial cWCST responses than the AU 

model. 

As delineated in the Introduction, RL models and the AU model (Bishara et al., 2010) 

differ with regard to updating mechanisms. In RL models, the strength of updating of feedback 

predictions is modulated by prediction errors, whereas the AU model assumes an attentional 
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focus mechanism that modulates the strength of updating of AP of categories. Furthermore, in 

RL models, a retention mechanism attenuates feedback predictions from one trial to the next 

(Erev & Roth, 1998; Steingroever et al., 2013). In the AU model, attentional category 

prioritizations transfer from trial-to-trial without attenuation. RL models also differ from the 

AU model with regard to the computation of response probabilities. That is, response 

probabilities in RL models are derived by a soft-max rule (Daw et al., 2006; Luce, 1959; Sutton 

& Barto, 1998; Thrun, 1992). In contrast, response probabilities in the AU model are derived 

by an algorithm that divides AP of categories by the overall sum of AP of categories. Lastly, 

in RL models, only that feedback prediction for the applied category and/or the executed 

response is updated in response to a received feedback. The AU model assumes that all AP of 

categories are updated on any trial (e.g., after a received positive feedback, the AP of the 

applied category increases, and all other AP decrease, and vice versa for a received negative 

feedback).  

Results of Study 1 suggest that RL models provide a better conceptualization of trial-

by-trial cWCST responses than the AU model. However, the conducted model comparisons in 

Study 1 remain inconclusive about which particular mechanism of RL models gave a better 

conceptualization of trial-by-trial cWCST responses than the corresponding AU mechanism. 

Moreover, it remains possible that single mechanisms of the AU model provide a better 

conceptualization of trial-by-trial cWCST responses when compared to the corresponding 

mechanism of RL models. For example, it was shown that participants not only learn about the 

taken action from feedback on RL tasks, but also about forgone actions if presented with 

information about their missed outcome (Boorman et al., 2011; Fischer & Ullsperger, 2013; 

Palminteri et al., 2016; Palminteri, Lefebvre, et al., 2017). With regard to category-level 

learning on the cWCST, a positive feedback indicates that the applied category was correct, 

but also that the not-applied categories were incorrect (e.g., a positive feedback cue for the 

application of the number category indicates that the number category was correct but also that 

the color and shape categories were incorrect). Thus, participants might not only learn about 

the applied category from feedback on the cWCST but also about forgone categories. In the 

AU model, AP of the applied category as well as those of foregone categories are updated in 

response to a received feedback, as discussed above. In the introduced RL models, only 

feedback predictions for the applied category are updated following received feedback. Thus, 

the AU model could provide a better conceptualization of learning about foregone categories 

on the cWCST when compared to the corresponding RL mechanism. Future studies should 
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explicitly test which alternative of the discussed model mechanisms (RL models vs. AU model) 

provides a better conceptualization of trial-by-trial cWCST responses. Such studies could 

compare predictive accuracies of mechanistic models that solely differ with regard to one of 

the contrasted mechanisms. 

Parallel RL Models Account for the Modulation of PE Propensities by Response 

Demands 

In a recent study (Kopp, Steinke, et al., 2019), we hypothesized that parallel category- 

and response-level learning gives rise to the behavioral finding of a modulation of PE 

propensities by response demands. Study 1 introduced parallel RL models (i.e., the wP-RL and 

the P-RL model), which incorporate cognitive and sensorimotor RL as computational 

instantiations of category- and response-level learning, respectively. Thus, parallel RL models 

might be able to account for the modulation of PE propensities by response demands.  

Model evaluations revealed that parallel RL models (foremost the wP-RL model) give 

better predictive accuracies than a purely cognitive RL model for the majority of participants 

(see Figure II-2 and Table II-2). Furthermore, parallel RL models clearly outperformed the 

solely cognitive RL model and the AU model with regard to simulations of cWCST error 

propensities. All mechanistic models under consideration were able to simulate overall higher 

PE propensities than SLE propensities. However, only parallel RL models were able to 

simulate the modulation of PE propensities by response demands (see Figure II-3 and Table II-

1). Against this background, parallel RL models should be conceived as suitable mechanistic 

models for the cWCST, whereas the only cognitive RL model, as well as the state-of-the-art 

AU model, should be considered as insufficient mechanistic models for the cWCST. 

Investigating Covert Cognitive Symptoms in PD and ALS Patients 

In Study 2 and Study 3, a configuration of parallel RL models4 (i.e., the P-RL model) 

was utilized to study covert cognitive symptoms in PD and ALS patients.   

 
 

4 Please note that among the introduced parallel RL models in Study 1, the wP-RL did not 
provide reliable estimation of latent variables as indicated by parameter recovery studies. 
Hence, the wP-RL model is not suitable for studies of individual differences. In contrast, the 
P-RL model, which was utilized in Study 2 and Study 3, provided reliable estimation of latent 
variables. See Study 1 for a detailed discussion. 
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Covert Cognitive Symptoms Associated with PD Pathophysiology 

Study 2 aimed to investigate how bradyphrenia manifests at the level of covert 

cognitive processes in PD patients. Bradyphrenia is assumed to represent an ‘inflexibility of 

thought’ (Rogers, 1986). Thus, bradyphrenia may primarily manifest as alterations of latent 

variables of cognitive RL (see Figure I-7). Computational cognitive modeling in Study 2 

revealed no evidence for alterations in cognitive learning rates, indicating that PD patients and 

HC participants learned about categories similarly from positive and negative feedback. 

However, PD patients differed from HC participants with regard to cognitive retention rates. 

That is, PD patients showed increased cognitive retention rates when compared to HC 

participants (see Figure III-3 and Table III-3). These results indicate that PD patients can be 

characterized by an increased retention of feedback predictions for categories. An increased 

retention of feedback predictions for categories renders category-level learning inflexible. 

More precisely, as feedback predictions for the to-be-switched category remain high, the 

erroneous repetition of that category becomes more likely (see Figure III-4B). Hence, increased 

cognitive retention rates could be considered as an expression of bradyphrenia at the level of 

covert cognitive processes (Kehagia et al., 2010; Revonsuo et al., 1993; Rogers et al., 1987; 

Vlagsma et al., 2016).  

PD patients also showed reduced sensorimotor retention rates when compared to HC 

participants (see Figure III-3 and Table III-3). Reduced sensorimotor retention rates indicate 

that PD patients’ feedback predictions for responses transfer less strongly from trial to trial (see 

Figure III-4C). Thus, PD patients responding on a particular cWCST-trial is less strongly 

affected by previous feedback predictions about the execution of responses when compared to 

HC participants, rendering PD patients’ responding less repetitive (following positive 

feedback) or alternating (following negative feedback). The finding of decreased sensorimotor 

retention rates in PD patients may correspond to impaired stimulus-response learning in PD 

patients (or, with regard to the cWCST, selecting a key card by executing a response; Knowlton 

et al., 1996; Shohamy et al., 2008; Yin & Knowlton, 2006). 

Covert Cognitive Symptoms Induced by DA Replacement Therapy in PD Patients 

DA replacement therapy in PD patients increased cognitive retention rates (see Figure 

III-3 and Table III-3). Thus, DA replacement therapy seems to induce bradyphrenic side effects. 

DA replacement therapy in PD patients also reduced cognitive learning rates following positive 

feedback (see Figure III-3 and Table III-3). Thus, DA replacement therapy in PD patients 

seems to induce another covert cognitive symptom: impaired category learning from positive 
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feedback (see Figure III-4D). These findings are in line with previous research that reported 

iatrogenic cognitive impairments in PD patients caused by DA replacement therapy (Cools, 

2006; Cools & D’Esposito, 2011; Gotham et al., 1988; Li et al., 2010; Seer et al., 2016; Thurm 

et al., 2016; Vaillancourt et al., 2013).  

DA replacement therapy aims to restore the missing DA in the nigro-striatal DA 

systems. However, even optimal DA replacement in the nigro-striatal DA systems may lead to 

DA overdosing in meso-limbic and/or meso-cortical DA systems (Cools, 2006; Cools & 

D’Esposito, 2011; Dirnberger & Jahanshahi, 2013; Gotham et al., 1988; Li et al., 2010; Seer et 

al., 2016; Vaillancourt et al., 2013). The meso-cortical DA systems were demonstrated to 

support cognitive flexibility (Floresco & Magyar, 2006; Goschke & Bolte, 2014; Müller et al., 

2007), whereas the meso-limbic DA systems were associated with anticipation of feedback 

(Aarts et al., 2014; Shohamy & Adcock, 2010). Thus, the iatrogenic cognitive impairments 

induced by DA replacement therapy in Study 2 might be subserved by distinct DA systems 

(Beste et al., 2010). More precisely, an overstimulation of meso-cortical DA systems might 

cause bradyphrenic side effects. An overstimulation of meso-limbic DA systems might impair 

category learning from positive feedback. 

Covert Cognitive Symptoms Associated with ALS Pathophysiology 

Study 3 revealed that ALS patients showed increased cognitive retention rates when 

compared to HC participants (see Figure IV-4 and Table IV-2). These results suggest that 

bradyphrenia is not specifically related to PD. In contrast, bradyphrenia should be conceived 

as a disease-nonspecific symptom, which is associated with pathophysiological changes in both 

PD and ALS patients.  

ALS patients also showed increased inverse temperature parameters in comparison to 

HC participants (see Figure IV-4 and Table IV-2). The inverse temperature parameter 

expresses how well finally executed responses correspond to integrated feedback predictions 

of cognitive and sensorimotor RL (Daw et al., 2006; Luce, 1959; Sutton & Barto, 1998; Thrun, 

1992). Higher configurations of the inverse temperature parameter indicate that responding is 

more independent of integrated feedback predictions. Thus, with high inverse temperature 

parameters, responding appears to be more haphazard (see Figure IV-5C). These results 

suggest that ALS pathophysiology comprises another covert cognitive symptom, which might 

be best described as haphazard responding. Haphazard responding in ALS patients could be an 

expression of ALS-related motor impairments, such as deficient fine motor skills that hinder 

successful cWCST responding (Phukan et al., 2007). 
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Investigating the Nosological Specificity of Covert Cognitive Symptoms 

Increased WCST error propensities do not provide sufficient nosological specificity to 

serve as pathognomonic neuropsychological symptoms of PD and ALS patients (Lange et al., 

2018; Lange, Vogts, Seer, Fürkötter, et al., 2016). In contrast, computational cognitive 

modeling could reveal nosologically specific covert cognitive symptoms in PD and ALS 

patients. Results from computational cognitive modeling in Study 2 and Study 3 corroborate 

this hypothesis. Computational cognitive modeling revealed a common alteration in latent 

variables across PD and ALS patients. That is, both PD and ALS patients showed increased 

cognitive retention rates. These results suggest that PD and ALS patients can be characterized 

by a disease-nonspecific covert cognitive symptom: bradyphrenia. DA medication in PD 

patients further increased cognitive retention rates, indicating that DA medication in PD 

patients incurred bradyphrenic side effects. Computational cognitive modeling also revealed 

PD- and ALS-specific covert cognitive symptoms. PD patients, but not ALS patients, showed 

decreased sensorimotor retention rates in comparison to HC participants. Decreased 

sensorimotor retention rates in PD patients may indicate impaired stimulus-response learning 

in PD patients. DA medication in PD patients decreased cognitive learning rates after positive 

feedback. Thus, PD patients can be characterized by impaired category learning from positive 

feedback. Lastly, the inverse temperature parameter was exclusively increased in ALS patients 

when compared to HC participants, indicating haphazard responding in ALS patients. Figure 

V-1 summarizes covert cognitive symptoms in PD and ALS patients.  
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Figure V-1. Covert cognitive symptoms in PD and ALS patients as revealed by Study 2 

and Study 3. 

 

In conclusion, computational cognitive modeling by means of a parallel RL model 

revealed shared disease-related, but also nosologically specific alterations in latent variables in 

PD and ALS patients. These alterations in latent variables suggest that PD and ALS patients 

could be characterized by a mixture of shared and specific covert cognitive symptoms, which 

remain yet undetectable by traditional analyses of WCST error propensities. Thus, 

computational cognitive neuropsychology may offer the potential to improve inferential 

validity of neuropsychological assessment beyond that of traditional cWCST error propensities.  

Outlook 

Results of the present thesis demonstrate how computational cognitive 

neuropsychology could provide advancement with regard to the neuropsychological 

assessment of cognitive flexibility. However, in order to facilitate the translation of 

computational cognitive neuropsychology into clinical practice, future studies need to address 

psychometric properties of computational cognitive modelling. 

Implications for Neuropsychological Assessment 

Traditional behavioral neuropsychological assessment refers to cognitive assessment, 

yet the referenced cognitive processes remain unobservable. For example, a typical inference 
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from the presence of enhanced WCST error propensities would be that the assessed participant 

shows cognitive inflexibility (Diamond, 2013; Lezak et al., 2012; MacPherson et al., 2015; 

Strauss et al., 2006). Thus, behavioral neuropsychological assessment involves inferences that 

go beyond behavioral observations. In contrast, computational cognitive modeling offers a 

technique for the identification and assessment of latent variables as correlates of the efficacy 

of putative covert cognitive processes. Thus, computational cognitive neuropsychology may 

allow for inferences at the level of covert cognitive processes. 

Traditional behavioral neuropsychological assessment is concerned with cognitive 

symptoms, which are frequently vaguely defined. That is, cognitive symptoms are typically 

verbal re-descriptions of the behavioral observations that were made. For example, Naville 

(1922) observed a lack of voluntary attention, initiative, spontaneous interest, and capacity for 

effort in encephalitis lethargica patients, which was also noted in PD patients (Rogers, 1986). 

Naville summarized this observation as bradyphrenia (see also Rogers, 1986). Bradyphrenia 

literally translates to ‘slowness of thought’. It comes as no surprise that bradyphrenia was 

subsequently studied by response time tasks (e.g., Vlagsma et al., 2016). However, prolonged 

response times, when considered as an expression of bradyphrenia, are likely to be confounded 

with bradykinesia (i.e., ‘slowness of movement’) in PD patients (Bologna et al., 2020; Postuma 

et al., 2015; Vlagsma et al., 2016). Hence, the assessment of response times might not be 

suitable for studies of bradyphrenia. Bradyphrenia has also been interpreted as cognitive 

akinesia (Rogers, 1986), rendering bradyphrenia better conceived as ‘inflexibility of thought’. 

Therefore, bradyphrenia was studied by a number of neuropsychological tests that are targeting 

aspects of attentional or cognitive flexibility (Rustamov et al., 2013, 2014). The example of 

bradyphrenia illustrates how vague verbal definitions of cognitive symptoms render the choice 

of appropriate behavioral measures difficult. 

Results of the present thesis demonstrate how computational cognitive 

neuropsychology provides exact computational indicators of bradyphrenia along with explicit 

definitions of bradyphrenia at the level of covert cognitive processes. That is, increased 

cognitive retention rates can be considered an indicator of bradyphrenia. Increased cognitive 

retention rates cause feedback predictions for categories to remain high when transferring from 

one trial to the next, rendering switches of the applied category more difficult (see Figure 1-

7B). In the long run, such computational definitions may replace the state-of-the-art, yet 

ambiguous verbal constructs referred to by behavioral neuropsychological assessment.  
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Traditional behavioral indicators of neuropsychological assessment instruments do not 

possess satisfactory nosological specificity for diverse patient groups, as exemplified by WCST 

error propensities. Results of Study 2 and Study 3 demonstrate how alterations of latent 

variables could provide indicators of nosologically specific covert cognitive symptoms in PD 

and ALS patients. Thus, computational cognitive neuropsychology offers the potential to 

improve inferential validity of neuropsychological assessment. 

Advancing Computational Cognitive Neuropsychology 

The translation of computational cognitive neuropsychology into clinical practice 

depends on further studies of psychometric properties of latent variables provided by 

computational cognitive modeling (Browning et al., 2019). 

Reliability. The assessment of individual differences by means of computational 

cognitive modeling depends on the reliability of latent variables (Parsons et al., 2018). Latent 

variables should be reliably estimated from observed behavior (Browning et al., 2019; Wilson 

& Collins, 2019). Parameter recovery provides a technique to assess the reliability of parameter 

estimation (Browning et al., 2019; Wilson & Collins, 2019). In parameter recovery studies, 

behavior is simulated by a computational cognitive model using a pre-defined set of latent 

variables. If latent variable estimation is reliable, estimated latent variables from this simulated 

behavior should correspond to the pre-defined set of latent variables. An investigation of 

parameter recovery in Study 1 indicated that latent variables were not reliably estimated for the 

wP-RL model. In contrast, the P-RL model, which was utilized to study covert cognitive 

symptoms in PD and ALS patients, provided successful estimation of latent variables. The P-

RL model is less complex with regard to the number of latent variables when compared to the 

wP-RL model (i.e., the P-RL model does not contain an additional weighting parameter). Thus, 

reducing model complexity could provide a possible approach to optimize the reliability of 

latent variable estimation.  

Besides studies of the reliability of parameter estimation, it might also be advisable to 

assess other facets of reliability of latent variables (Browning et al., 2019; Weidinger et al., 

2019). For example, if latent variables are studied repeatedly over time, the temporal stability 

of latent variables should be estimated, which is typically assessed by test-retest reliability. 

Measures of internal consistency might be more appropriate to study the reliability of latent 

variables in other study designs. Split-half reliability estimates might be a suitable approach to 

study internal consistency of latent variables. Split-half reliability estimates can be computed 

for any assessment tool that can be split into subsets of trials, such as the cWCST (Kopp, Lange, 
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et al., 2019; Steinke & Kopp, 2020). Future studies should investigate the reliability of latent 

variables obtained from computational cognitive modeling as well as possible ways to optimize 

reliability. If reliabilities of latent variables appear to be insufficient, reliability could be 

improved by adjusting task properties, such as extending the length of the cWCST (Kolossa & 

Kopp, 2018). 

Validity. Computational cognitive models should be validated by assessing their ability 

to account for particular behavioral phenomena (Palminteri, Wyart, et al., 2017; Steingroever 

et al., 2013; Sun, 2009; Wilson & Collins, 2019). In Study 1, mechanistic models were assessed 

on their ability to simulate PE and SLE propensities as well as the modulation of PE rates by 

response demands (Kopp, Steinke, et al., 2019). The state-of-the-art AU model (Bishara et al., 

2010), as well as a solely cognitive RL model, failed to simulate the observed modulation of 

PE propensities by response demands, whereas the parallel RL models successfully simulated 

this behavioral effect. Thus, parallel RL models may be considered as valid mechanistic 

computational cognitive models for the cWCST with regard to the studied behavioral effects. 

However, parallel RL models can only be considered valid until they are discovered to fail to 

account for yet unnoticed behavioral effects (Palminteri, Wyart, et al., 2017; Sun, 2009). 

Computational cognitive models should also be validated with regard to their 

hypothesized neural underpinnings. Cognitive RL is assumed to be supported by mainly 

cortical brain areas, whereas sensorimotor RL is assumed to be mainly supported by striatal 

brain areas (Kopp, Steinke, et al., 2019). This hypothesis remains to be explicitly tested by 

confirmatory brain imaging studies. Such studies could make use of trial-by-trial regressors as 

provided by the parallel RL models. That is, parallel RL models allow computation of 

individual trial-by-trial cognitive and sensorimotor prediction errors and feedback predictions. 

These individual trial-wise cognitive and sensorimotor variables could be specifically related 

to activation patterns in cortical and striatal brain areas, as provided by functional magnetic 

resonance imaging (Gläscher et al., 2010; Lebreton et al., 2019).  

Once the neural underpinnings of the modeled covert cognitive processes have been 

identified, the clinical validity of computationally derived latent variables should be addressed 

(Browning et al., 2019; Stephan et al., 2015). With regard to the P-RL model, cognitive 

retention rates were found to be increased in PD and ALS patients, indicating bradyphrenia. 

Hence, increased cognitive retention rates could be related to a shared brain dysfunction across 

PD and ALS patients. For example, increased cognitive retention rates could be specifically 

related to dysfunctions in the premotor cortex (Brodmann areas 6, 8, & 9) or dorsolateral PFC 
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(Broadman areas 46 & 9), which appear to be affected by both PD and ALS pathophysiology 

(Abrahams et al., 1996; Narayanan et al., 2013; Tsermentseli et al., 2012). Moreover, cognitive 

retention rates were found to be increased by DA replacement therapy in PD patients, which 

might be related to an overstimulation of meso-cortical DA systems, as discussed above (Cools, 

2006; Cools & D’Esposito, 2011; Gotham et al., 1988; Vaillancourt et al., 2013). These results 

suggest that increased cognitive retention rates could serve as indicators of premotor or 

dorsolateral PFC dysfunctions.  

Other latent variables of the studied parallel RL model might be more specifically 

related to pathophysiological changes in PD and ALS patients. PD patients in Study 2 showed 

decreased sensorimotor retention rates, which were not found to be altered in ALS patients. 

Sensorimotor RL is putatively supported by striatal areas (Kopp, Steinke, et al., 2019), which 

are mainly affected in PD patients (Braak & Del Tredici, 2008; Hawkes et al., 2010). Thus, 

decreased sensorimotor retention rates might be indicative of striatal dysfunctions in PD 

patients. In Study 2, DA replacement therapy in PD patients decreased cognitive learning rates 

following positive feedback. Decreased cognitive learning rates might be sensitive indicators 

of DA overstimulation of meso-limbic DA systems in PD patients, as discussed above. Lastly, 

in Study 3, inverse temperature parameters were found to be exclusively increased in ALS 

patients. Thus, increased inverse temperature parameters could be indicative of dysfunctions 

in the motor cortex associated with ALS pathophysiology (Wijesekera & Leigh, 2009).  

The hypothesized relationships between alterations in latent variables and 

pathophysiological changes in PD and ALS patients remain to be explicitly tested. Such 

confirmatory studies could combine computational cognitive modeling of the cWCST with 

brain imaging and/or lesion-(covert)-symptom mapping (Gläscher et al., 2019; Lebreton et al., 

2019; McCoy et al., 2019). 

Clinical Implications 

Computational cognitive neuropsychology could change the way of caring for patients 

with neurological diseases, such as PD or ALS, in several ways. First, the results of the present 

thesis suggest that the focus of neuropsychological assessment should shift away from 

nosologically non-specific behavioral observations, such as increased WCST error propensities, 

toward computationally derived latent variables. Latent variables could provide more nuanced 

information about cognitive impairments associated with neurological diseases. Second, since 

latent variables could allow for more detailed diagnoses of cognitive impairments, latent 

variables could provide valuable predictors of disease progression (Elamin et al., 2015). 
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Longitudinal studies should address whether computational cognitive neuropsychology could 

enable clinical neuropsychologists to improve predictions about the long-term course of 

individual patients. Third, psychoeducation techniques for patients and their caregivers could 

be tailored to specific profiles of covert cognitive symptoms (Goldstein & Abrahams, 2013). 

Lastly, as latent variables might be sensitive to adverse effects of DA replacement therapy, 

computational cognitive neuropsychology could guide the titration of DA replacement therapy 

in individual PD patients. Thereby, desired DA treatment effects could be at their optimum 

while iatrogenic DA treatment effects are minimized.  

Conclusions 

PD and ALS patients show increased WCST error propensities, suggesting a common 

cognitive impairment across both neurological diseases. However, this disease-nonspecific 

finding appears to be superficial. That is, increased WCST error propensities as found in PD 

and ALS patients seem to actually arise from dissociable impairments at the level of covert 

cognitive processes. Computational cognitive neuropsychology provides a method for the 

identification and assessment of these covert cognitive symptoms.  

In the present thesis, I introduced novel computational cognitive models of parallel 

cognitive and sensorimotor RL. Parallel RL models showed better predictive accuracies than a 

solely cognitive RL model and the state-of-the-art AU model for the majority of participants. 

Only parallel RL models accounted for all studied behavioral phenomena on the cWCST. Thus, 

parallel RL should be conceived as suitable mechanistic models for the utilized cWCST. 

Subsequent computational analyses of PD and ALS patients’ trial-by-trial cWCST responses 

by a parallel RL model revealed novel insights into covert cognitive symptoms that accompany 

these neurological diseases. That is, bradyphrenia constitutes a disease-nonspecific covert 

cognitive symptom in both PD and ALS patients. Impaired stimulus-response learning was 

exclusively observed in PD patients, whereas only ALS patients showed haphazard responding. 

Furthermore, DA replacement therapy in PD patients incurred two iatrogenic covert cognitive 

side effects: bradyphrenia and impaired category learning from positive feedback.  

In conclusion, computational cognitive neuropsychology may allow for the detection 

of nosologically specific covert cognitive symptoms in PD and ALS patients, which remain 

undiscoverable through traditional behavioral cognitive neuropsychology. The present thesis 

demonstrates that computational cognitive neuropsychology offers the potential for advanced 

neuropsychological assessment of cognitive flexibility. However, the translation of 
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computational cognitive neuropsychology into clinical practice depends on further studies of 

psychometric properties of computational cognitive modelling.  
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