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1. General introduction 

Obsessive-Compulsive Disorder (OCD) is a chronic psychiatric condition characterized 
by persistent and intrusive thoughts, urges, or images, accompanied by repetitive and rigid 
behavioral or mental acts performed to alleviate distress or prevent anticipated harm 
(American Psychiatric Association, 2022). Its lifetime prevalence in the adult population 
is estimated to be approximately 2-3% (Karno et al., 1988; Stein et al., 2025). The 
etiology of OCD is multifactorial, arising from complex interactions among genetic 
susceptibility (Mahjani et al., 2021; Monzani et al., 2014; Pauls, 2010; Strom et al., 2021), 
environmental influences (Brander et al., 2016; Monzani et al., 2014; Raposo-Lima & 
Morgado, 2020), and neurobiological alterations (Ahmari & Rauch, 2022; Boedhoe et al., 
2017; Burguière et al., 2015; Graybiel & Rauch, 2000; Tao et al., 2023; Thorsen et al., 
2026; Van den Heuvel et al., 2022; Zarei et al., 2011). Within this integrative framework, 
research has increasingly focused on the neurobiological mechanisms underlying OCD, 
particularly structural and functional abnormalities in frontostriatal circuitry (Diwadkar 
et al., 2015; Graybiel & Rauch, 2000; Hou et al., 2014; Naze et al., 2023; Rosenberg et 
al., 1997; Ziegler et al., 2019) with alterations reported in the prefrontal cortex (Ahmari 
& Rauch, 2022; Thorsen et al., 2026; Vaghi et al., 2017), orbitofrontal cortex 
(Chamberlain et al., 2008; Harrison et al., 2013), striatum (Ahmari et al., 2013; Burguière 
et al., 2015; J. S. Choi et al., 2007; Diwadkar et al., 2015; Marsh et al., 2014; Tang et al., 
2016; Zhang et al., 2019), thalamus (Li et al., 2019; Tang et al., 2016; Zhang et al., 2019), 
cerebellum (Narayanaswamy et al., 2016; Shobeiri et al., 2023; Xu et al., 2019; Zhang et 
al., 2019), and the anterior cingulate cortex (Diwadkar et al., 2015; Fitzgerald et al., 2005; 
Kühn et al., 2013; Szeszko et al., 2004). Many of the neural systems implicated in OCD 
support cognitive functions involved in learning, memory, and behavioral control, which 
has motivated growing interest in how alterations in these processes may contribute to 
obsessive-compulsive (OC) symptoms. 

Accordingly, cognitive neuroscience models of OCD have increasingly focused 
on alterations in learning and behavioral control as potential mechanisms underlying the 
development and maintenance of core OCD symptoms (Ahmari & Rauch, 2022; Gillan, 
Apergis-Schoute, et al., 2015; Gillan et al., 2011, 2014; Graybiel & Rauch, 2000; 
Hansmeier et al., 2018; Kathmann et al., 2005). Many of these models emphasize a 
dysregulation between goal-directed and habitual control systems, suggesting that 
compulsive behavior arises from an imbalance characterized by impaired goal-directed 
control and a relative overreliance on habitual responding (Banca et al., 2024; Gillan et 
al., 2011; Gillan & Robbins, 2014; Yu et al., 2024). Complementary lines of research 
have implicated implicit learning and memory processes in OCD symptomatology 
(Deckersbach et al., 2002; Exner et al., 2014; Goldman et al., 2008; Graybiel & Rauch, 
2000; Hansmeier et al., 2018; Kathmann et al., 2005; Kelmendi et al., 2016; Marker et 
al., 2006; Soref et al., 2018, 2021; Vloet et al., 2010; Zetsche et al., 2015). While these 
models have substantially advanced our understanding of OCD, the disorder is unlikely 
to be explained by a single neurocognitive mechanism, given its considerable 
heterogeneity in both symptom presentation and neurocognitive functioning. Importantly, 
variability in OC symptoms and related cognitive characteristics extends beyond 
diagnostic boundaries, supporting their conceptualization along a continuum. 

Capturing this variability requires moving beyond categorical diagnostic 
boundaries and considering individual differences across the broader OC continuum. 
Accordingly, the present dissertation adopts a dimensional, spectrum-based perspective, 
encompassing the full range of OC characteristics from mild, subclinical tendencies to 
severe, clinically impairing manifestations (Fullana et al., 2010; Mataix-Cols et al., 2005). 
Within this framework, OC tendencies refer to dimensional variations in intrusive 



 

7 
 

thoughts and compulsive behaviors that vary continuously across individuals (Fullana et 
al., 2010; Mataix-Cols et al., 2005; Rachman & de Silva, 1978). The empirical studies of 
the present dissertation focus on individual variation in these tendencies within non-
clinical populations, while considering their relevance to the broader OC spectrum and to 
clinical OCD. The theoretical and methodological basis of this perspective, including its 
relationship to contemporary dimensional and transdiagnostic frameworks, is discussed 
in detail in Section 1.2. 

Building on this clinical and conceptual background, the following sections 
outline the key neurocognitive frameworks that guide the present dissertation. In 
particular, this dissertation examines learning from two complementary perspectives. The 
first focuses on supervised learning, broadly referring here to learning guided by 
external information, such as feedback, reinforcement, or action outcomes (Gillan et al., 
2011; Gillan & Robbins, 2014; Zhong et al., 2025). The second addresses unsupervised 
learning, referring to the acquisition of environmental regularities without explicit 
feedback or reinforcement concerning the underlying structure (Aslin, 2017; Conway, 
2020; Zhong et al., 2025). By considering these complementary forms of learning, the 
dissertation aims to clarify how different learning processes relate to individual 
differences in OC tendencies. In addition to these learning processes, adaptive behavior 
depends on executive functions (EF) that support flexible and goal-directed behavioral 
control. Together, these processes provide a broader framework for understanding the 
balance between automatic and goal-directed behavior in relation to OC tendencies. 

1.1. Obsessive-Compulsive Disorder: Clinical characteristics 

The conceptualization of OCD has changed considerably over the past two centuries. 
Early accounts often interpreted obsessive thoughts and repetitive behaviors in religious 
or moral terms, whereas nineteenth-century psychiatry increasingly regarded them as 
symptoms of a mental disorder (Alvarenga et al., 2007). During the first half of the 
twentieth century, psychoanalytic theories explained obsessions and compulsions in 
terms of unconscious conflicts, with compulsive rituals viewed as attempts to reduce the 
resulting anxiety (Kempke & Luyten, 2007; Salkovskis, 1999). Behavioral and cognitive 
theories later shifted the focus toward learning processes, proposing that compulsions 
may persist because they temporarily reduce the distress associated with obsessive 
thoughts and are therefore negatively reinforced (Salkovskis, 1999). 

The diagnostic classification of OCD has undergone a similar conceptual evolution. 
Early classification systems, including the sixth edition of the International Classification 
of Diseases (ICD, World Health Organization, 1948) and the first edition of the 
Diagnostic and Statistical Manual of Mental Disorders (DSM-I; American Psychiatric 
Association, 1952), classified OCD within a broader psychoneurotic framework. A major 
shift occurred with DSM-III (American Psychiatric Association, 1980), which moved 
away from psychoanalytic etiological assumptions toward operationalized, symptom-
based diagnostic criteria and classified OCD among the anxiety disorders. Accumulating 
evidence from genetic, neuropsychological, and neuroimaging research subsequently 
suggested important differences between OCD and other anxiety disorders, contributing 
to a reconsideration of its diagnostic placement (Phillips et al., 2010; Stein et al., 2010). 
Reflecting this shift, DSM-5 (American Psychiatric Association, 2013) and ICD-11 
(World Health Organization, 2024) placed OCD within separate groupings of obsessive-
compulsive and related disorders. Clinically, OCD is characterized by obsessions, 
compulsions, or their co-occurrence (American Psychiatric Association, 2022; American 
Psychiatric Association, 2013). Obsessions may involve diverse themes, including 
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contamination, responsibility for harm, symmetry, or unacceptable intrusive thoughts, 
whereas compulsions may include overt behaviors such as washing, checking, and 
ordering, as well as covert mental rituals. These symptoms can vary considerably in their 
content and severity and may interfere with everyday functioning to different degrees 
(American Psychiatric Association, 2013, 2022). The current DSM-5-TR diagnostic 
criteria for OCD are summarized in Table 1. 
 
Table 1  
Overview of the DSM-5-TR Diagnostic Criteria for Obsessive-Compulsive Disorder  

Criterion Diagnostic requirement  Brief description 

A Presence of obsessions, 
compulsions, or both 

Obsessions involve recurrent, intrusive thoughts, 
urges, or images associated with distress; 
compulsions involve repetitive behaviors or mental 
acts typically performed to reduce distress or 
prevent feared outcomes. 

B Clinical significance 
Symptoms are time-consuming (>1 hour per day) 
or cause clinically significant distress or 
impairment in important areas of functioning. 

C 
Exclusion of substance or 
medical causes 

The symptoms are not attributable to the 
physiological effects of a substance, medication, or 
another medical condition. 

D Differential diagnosis 

The symptoms are not better explained by another 
mental disorder, such as generalized anxiety 
disorder, body dysmorphic disorder, hoarding 
disorder, eating disorders, or psychotic disorders. 

Specifiers 
Insight and tic-related 
status 

Insight is specified as good/fair, poor, or 
absent/delusional. OCD may additionally be 
specified as tic-related when there is a current or 
past history of a tic disorder. 

Note. Adapted and summarized from the Diagnostic and Statistical Manual of Mental Disorders, Fifth 
Edition, Text Revision (DSM-5-TR; American Psychiatric Association, 2022). 
 

1.1.1. Treatment of OCD 

Current clinical guidelines recommend cognitive-behavioral therapy (CBT), particularly 
exposure and response prevention (ERP), and selective serotonin reuptake inhibitors 
(SSRIs) as first-line treatments for OCD (Abramowitz, 2006; Bandelow et al., 2023; 
Fineberg et al., 2020; Fineberg & Gale, 2005). Both psychological and pharmacological 
interventions have demonstrated efficacy, although treatment should be individualized 
according to the clinical presentation (Fineberg et al., 2020; Pittenger et al., 2021). 
Relevant considerations include predominant OCD symptom dimensions and overall 
symptom severity, comorbid anxiety and depressive symptoms, suicidality, previous 
treatment response, patient preferences, and available therapeutic resources 
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(Abramowitz, 2006; Bandelow et al., 2023; Fineberg et al., 2020; Fineberg & Gale, 2005). 
In more severe or clinically complex presentations, or following an inadequate response 
to monotherapy, combined psychological and pharmacological treatment may be 
considered (Abramowitz, 2006; Bandelow et al., 2023; Fineberg et al., 2020; Fineberg & 
Gale, 2005). 

ERP is particularly relevant from a neurocognitive perspective because it is 
fundamentally learning-based (Öst et al., 2015). During exposure, patients systematically 
confront stimuli, thoughts, or situations that evoke obsessive concerns and associated 
distress, while response prevention involves refraining from the compulsive rituals or 
avoidance behaviors that would ordinarily follow (Abramowitz, 2006; Öst et al., 2015; 
Skapinakis et al., 2016). Repeated exposure in the absence of the compulsive response 
provides opportunities to experience distress without relying on rituals and to revise 
expectations concerning anticipated negative outcomes. Importantly, ERP is tailored to 
the predominant symptom presentation rather than being implemented uniformly across 
patients (Abramowitz, 2006; Fineberg et al., 2020). Traditionally, the therapeutic effects 
of ERP were primarily explained in terms of habituation, whereby repeated exposure was 
expected to produce a gradual reduction in anxiety. Contemporary accounts increasingly 
emphasize inhibitory learning, according to which exposure facilitates new learning that 
competes with existing threat-related associations rather than simply eliminating them 
(Craske et al., 2014). 

Pharmacological treatment primarily relies on SSRIs, which represent the first-
line pharmacological option for OCD (Bandelow et al., 2023; Fineberg et al., 2015; 
Fineberg & Gale, 2005; Pittenger et al., 2021; Skapinakis et al., 2016). Following 
insufficient response to first-line treatment, strategies may include combining 
psychotherapy and pharmacotherapy, optimizing or switching medication, or considering 
augmentation approaches (Bandelow et al., 2023; Pittenger et al., 2021). Despite the 
established efficacy of first-line interventions, treatment response remains heterogeneous, 
and a considerable proportion of patients experience only partial improvement or 
persistent residual symptoms (Abramowitz, 2006; Fineberg et al., 2020). This variability 
underscores the importance of identifying cognitive and neurobiological mechanisms that 
may contribute to individual differences in treatment response. 

1.2. From categorical diagnosis to dimensional conceptualizations of OCD 

The considerable heterogeneity of psychopathology has challenged the assumption that 
psychiatric disorders form clearly defined and discrete diagnostic categories (Krueger et 
al., 2018). Although the DSM and ICD have improved the standardization and reliability 
of psychiatric diagnosis, categorical classification captures only part of the complexity of 
psychopathology (Kotov et al., 2017, 2021). Psychiatric disorders frequently share 
genetic, neurobiological, and cognitive mechanisms and show high rates of comorbidity, 
further questioning clear boundaries between diagnostic categories (Abramovitch et al., 
2021; Bourque et al., 2024; Grotzinger, 2021). Moreover, psychopathological symptoms 
may extend beyond diagnostic boundaries and occur below the threshold for a specific 
diagnosis (Buchweitz et al., 2026; Mataix-Cols et al., 2005). Collectively, these 
observations challenge a strictly binary distinction between mental health and disorder 
and highlight the loss of clinically relevant information inherent in exclusively categorical 
classification. 

These limitations have led to increasing interest in dimensional approaches, which 
conceptualize psychopathology as varying along a continuum rather than exclusively as 
discrete categories. Two influential frameworks that have contributed to moving beyond 
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traditional diagnostic categories are the Research Domain Criteria (RDoC, Cuthbert & 
Insel, 2013; Insel et al., 2010; Insel, 2014) and the Hierarchical Taxonomy of 
Psychopathology (HiTOP, Kotov et al., 2017, 2021, 2022). RDoC provides a 
mechanistically oriented research framework that investigates neurobehavioral 
constructs, including cognitive control, reward processing, threat responsiveness, and 
arousal, across multiple levels of analysis and across the full range of functioning, rather 
than within conventional diagnostic categories (Cuthbert & Insel, 2013; Insel, 2014; Insel 
et al., 2010). In contrast, HiTOP empirically organizes covarying psychopathological 
symptoms and traits into a dimensional hierarchy ranging from specific symptom 
components and syndromes to broader psychopathological spectra (Kotov et al., 2017, 
2021, 2022). Thus, the two frameworks provide complementary perspectives beyond 
categorical nosology: RDoC primarily emphasizes mechanisms underlying 
psychopathology, whereas HiTOP addresses its empirical dimensional organization. 

Within a dimensional approach, a spectrum perspective considers related 
psychopathological characteristics across their full range of severity, including both 
clinical and non-clinical levels (Fullana et al., 2010; Mataix-Cols et al., 2005). From this 
perspective, clinical and non-clinical manifestations are considered along a continuum 
and may differ in their severity, persistence, associated distress, and functional 
impairment (Abramowitz et al., 2014; Fullana et al., 2010; Mataix-Cols et al., 2005; 
Rachman & de Silva, 1978). The term non-clinical refers to characteristics or symptoms 
that are present below the threshold for a clinical diagnosis and do not necessarily involve 
the severity, distress, or functional impairment required for a diagnosed disorder 
(Abramowitz et al., 2014; Rachman & de Silva, 1978). In the context of OCD, the present 
dissertation uses the term OC tendencies to refer to dimensional variation in obsessive 
and compulsive characteristics, particularly at the non-clinical level examined in the 
empirical studies. A spectrum perspective therefore does not eliminate the clinical 
relevance of diagnostic thresholds but recognizes variation beyond these boundaries. 

Evidence for a continuum of OC phenomena has a long history in OCD research. 
Rachman and de Silva (1978) showed that intrusive thoughts resembling clinical 
obsessions are also common in the general population, with clinical and non-clinical 
experiences differing in characteristics such as frequency, intensity, and associated 
distress. Subsequent research extended this dimensional perspective beyond intrusive 
thoughts, providing further support for continuous variation in OC symptoms across 
clinical and non-clinical populations (Abramowitz et al., 2014; Fullana et al., 2010). At 
the same time, OCD is itself multidimensional: partially distinct symptom dimensions, 
including contamination/cleaning, responsibility for harm/checking, symmetry/ordering, 
and unacceptable thoughts, may vary relatively independently across individuals (Mataix-
Cols et al., 2005). Thus, dimensionality in OCD can be considered at two levels: variation 
in the overall degree of OC symptoms across individuals and variation in the relative 
prominence of different symptom dimensions. This conceptualization has important 
methodological implications. If OC symptoms extend continuously beyond the diagnostic 
threshold, individual variation in OC tendencies within the general population provides a 
valuable analogue sample for investigating cognitive and neurocognitive processes 
relevant to OCD (Abramowitz et al., 2014). Such an approach allows OC-related 
neurocognitive variation to be examined across levels of symptom severity without 
relying exclusively on diagnostic group comparisons. 

Building on these conceptual advances, the present dissertation adopts a 
spectrum-based approach to OCD, conceptualizing OC tendencies as continuously 
varying characteristics rather than phenomena confined to a diagnostic category. 
Accordingly, Studies 2 and 3 examine individual variability in OC tendencies within the 



 

11 
 

general population and its neurocognitive correlates, with particular emphasis on learning 
and EFs. Thus, rather than treating diagnostic status as the primary unit of analysis, the 
present work examines how neurocognitive functioning varies across levels of OC 
tendencies. 

1.3. Supervised learning 
Supervised learning refers broadly to learning in which behavior is shaped by external 
information, such as feedback, reinforcement, or reward (Gillan et al., 2011; Zhong et al., 
2025). In OCD research, supervised paradigms have been particularly influential in 
examining the balance between goal-directed and habitual control and the acquisition of 
probabilistic cue-outcome relationships (Exner et al., 2014; Gillan et al., 2011; Hansmeier 
et al., 2018). 

1.3.1. Habit hypothesis in OCD  

Efficient adaptive functioning in everyday life relies on the coordinated balance of 
habitual and goal-directed behavior, enabling individuals to act efficiently while 
remaining flexible in response to changing environmental demands (Balleine & 
O’Doherty, 2010). Goal-directed behavior is supported by executive functions (EF), a set 
of higher-order, complex cognitive functions that orchestrate attention, flexibility, 
inhibition, and working memory, enabling the flexible implementation of behavior in 
accordance with current goals (Diamond, 2013; Friedman & Robbins, 2022; Miyake et 
al., 2000). Together, these functions support the maintenance and updating of goal 
representations, the inhibition of inappropriate responses, and the coordination of 
complex actions, thereby enabling goal attainment while avoiding adverse outcomes 
(Friedman & Robbins, 2022). In contrast, habitual behavior traditionally emerges through 
repeated reinforcement and gradually becomes insensitive to outcome value (Anthony 
Dickinson, 1985; Balleine & O’Doherty, 2010; Carden & Wood, 2018; Gillan, Otto, et 
al., 2015). More broadly, habitual actions rely predominantly on previously acquired 
stimulus-response associations and require less deliberative control than goal-directed 
actions (Ashby et al., 2010; Carden & Wood, 2018; Horváth et al., 2022; Kaufman et al., 
2010). In OCD, compulsive responses may be reinforced by the temporary relief they 
provide from obsession-related distress, contributing to their repetition and persistence 
(American Psychiatric Association, 2022; Salkovskis, 1999). Crucially, this maladaptive 
habitual control emerges when the habitual system dominates over goal-directed behavior 
or goal-directed behavior is disrupted (Anthony Dickinson, 1985). The habit hypothesis 
of OCD therefore proposes that compulsive behavior arises from an imbalance between 
these systems, characterized by impaired goal-directed control and a relative overreliance 
on habitual responding (Gillan, Apergis-Schoute, et al., 2015; Gillan et al., 2011, 2014, 
2020; Robbins et al., 2019). 

Empirical support for this hypothesis comes from studies using mostly outcome 
devaluation paradigms and contingency degradation (Gillan, 2021; Gillan et al., 2011, 
2014; Robbins et al., 2019; Vaghi et al., 2019). In outcome devaluation tasks, continued 
responding despite a reduction in outcome value indicates habitual control, whereas 
contingency-degradation paradigms weaken the relationship between an action and its 
outcome (Robbins et al., 2019). Goal-directed behavior is expected to adjust to these 
changes, whereas continued responding despite changes in outcome value or action-
outcome contingency indicates greater reliance on habitual control (Gillan, 2021; Gillan 
et al., 2011, 2014). A key question, however, is whether this insensitivity to devaluation 
arises from an excessive accumulation of habitual responses or impaired goal-directed, 
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action-outcome control (Donegan et al., 2025). According to findings from decision-
making tasks and computational modeling, the habit bias observed in OCD appears to be 
driven more by impairments in goal-directed control than by heightened habit formation 
(de Wit et al., 2018; Gillan et al., 2014; Voon et al., 2015). Importantly, reduced goal-
directed control has also been associated with compulsivity beyond clinically diagnosed 
OCD, suggesting that this imbalance may vary dimensionally with compulsive tendencies 
rather than being specific to OCD diagnosis (Gillan et al., 2020), highlighting the 
importance of examining the neurocognitive mechanisms underlying compulsive 
behavior both clinically and across subclinical symptom dimensions. 
 

1.3.2. Probabilistic classification approach  
Another supervised approach used to investigate learning in OCD is probabilistic 
classification learning, commonly assessed with the Weather Prediction Task (WPT; 
Knowlton et al., 1994). In this task, participants gradually learn probabilistic cue-outcome 
associations through trial-by-trial feedback and use them to predict one of two possible 
outcomes (Knowlton et al., 1994). Studies using neutral stimuli have generally found 
WPT performance to be intact in individuals with OCD relative to healthy controls (Exner 
et al., 2014; Hansmeier et al., 2018; Zetsche et al., 2015), with only selective impairments 
observed in specific subgroups (Kelmendi et al., 2016). Differences have been reported 
when probabilistic learning involves symptom-relevant or emotionally salient 
information. For example, modified versions of the WPT employing threat-related 
stimuli, predicting the outbreak of an epidemic from viral cues, have revealed impaired 
performance in OCD (Exner et al., 2014; Hansmeier et al., 2018; Zetsche et al., 2015). 
Together, these findings do not support a generalized impairment in probabilistic 
classification learning in OCD but suggest that performance may be influenced by the 
emotional or symptom relevance of the learned information (Exner et al., 2014; 
Hansmeier et al., 2018; Kelmendi et al., 2016; Zetsche et al., 2015) . 

  
This section reviewed supervised learning mechanisms in OCD, focusing on the habit 
hypothesis and probabilistic classification paradigms. Although these approaches often 
report intact learning performance at the behavioral level (Exner et al., 2014; Hansmeier 
et al., 2018; Zetsche et al., 2015), they capture only a limited subset of the complex 
neurocognitive processes implicated in OCD. Because performance in supervised tasks 
depends on external feedback or reinforcement, it reflects both the acquisition of 
associations and the processing of their outcomes. This distinction may be particularly 
relevant in OCD given evidence for altered reward and reinforcement processing (Alves-
Pinto et al., 2019; Figee et al., 2011; Kaufmann et al., 2013). Consequently, supervised 
paradigms offer only limited insight into the underlying pure learning mechanisms, as 
task performance is heavily shaped by external feedback. This distinction may be 
particularly relevant in OCD, as reinforcement-learning studies have identified alterations 
in reward- and outcome-related processing, including differences in learning from 
specific prediction errors and in the neural processing of reinforcement outcomes (Marsh 
et al., 2015; Suzuki et al., 2023; Voon et al., 2015). Thus, behavioral differences observed 
in supervised learning paradigms cannot necessarily be attributed to associative learning 
itself, as they may also reflect variation in feedback, reward, or outcome processing. 
Explicit signals indicating correct and incorrect responses further confound learning 
processes with outcome evaluation, making it difficult to determine whether observed 
behavioral patterns genuinely reflect learning mechanisms or are predominantly driven 
by secondary effects related to reward processing and feedback sensitivity. In addition, 
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supervised paradigms can fail to decompose behavior into its constituent cognitive 
components at a sufficiently fine-grained, process-specific level. This limitation has 
drawn increasing methodological attention, particularly regarding their capacity to 
capture habit expression accurately (de Wit et al., 2018; Donegan et al., 2025; Gera et al., 
2023). Heightened habit performance observed in these tasks is difficult to interpret, as it 
may reflect diminished goal-directed control, exaggerated stimulus–response 
associations, or a combination of both (Donegan et al., 2025). Together, these 
considerations underscore the need for alternative approaches capable of isolating pure 
learning mechanisms and reliably measuring habitual behavior. 

1.4. Unsupervised learning  

Unsupervised learning occurs in the absence of explicit instruction, feedback, or 
reinforcement and allows regularities to be acquired directly from environmental input 
(Aslin, 2017; Castro et al., 2018; Conway, 2020; Love, 2002; Zhong et al., 2025). A recent 
neurobiological study conceptualizes unsupervised learning as a primary mechanism that 
underpins more complex, supervised learning processes, and empirically demonstrates 
that a substantial portion of neural plasticity in the visual cortex emerges through 
unsupervised exposure to sensory input, independent of explicit reward or task-related 
feedback (Zhong et al., 2025). Neural changes induced by such unsupervised learning 
largely overlap with those observed during reward-based, task-driven learning, 
suggesting that the brain inherently acquires the statistical structure of the environment 
prior to reinforcement (Zhong et al., 2025). Importantly, unsupervised pretraining 
facilitates subsequent supervised learning, indicating that feedback-based mechanisms 
operate on representations already shaped by reward-independent processes (Zhong et al., 
2025). Hence, these findings challenge purely supervised accounts of learning and 
suggest that learning dysfunctions may require examination at the level of primary, 
unsupervised mechanisms.  

Unsupervised learning has been proposed as a fundamental mechanism 
underlying the acquisition of skills, habits, and automatic behaviors (Conway, 2020; 
Horváth et al., 2022; Kaufman et al., 2010). Critically, habitual behavior can develop 
entirely implicitly through repeated exposure and practice, independent of 
reward/feedback or conscious guidance, with statistical learning (SL) serving as a central 
process in this formation (Horváth et al., 2022; Kaufman et al., 2010). SL, the extraction 
of regularities and deterministic or probabilistic structures from the environment, 
provides a mechanism by which environmental patterns are encoded and subsequently 
expressed as automatic and habit-like behaviors (Conway, 2020; Fiser & Aslin, 2005; 
Pedraza et al., 2024; Theeuwes et al., 2022). This provides a framework for examining 
learning processes that operate outside classical reinforcement-based paradigms (Foerde, 
2018; Horváth et al., 2022; Seger & Miller, 2010).Empirical investigations of 
unsupervised learning mechanisms have commonly relied on visuomotor learning 
paradigms, particularly the Serial Reaction Time (SRT) task (Nissen & Bullemer, 1987). 
In this task, participants respond to sequential stimuli by pressing keys corresponding to 
stimulus locations, while remaining unaware that the sequence of stimulus locations 
follows a hidden regularity. In the classical SRT task, stimulus transitions are usually 
fully deterministic: each stimulus is completely predictable with a transitional probability 
of one (Deroost & Soetens, 2006; Du & Kelly, 2013; Nissen & Bullemer, 1987; 
Remillard, 2003, 2014). This means that these tasks measure simple, first- or second-
order adjacent regularities (Remillard, 2003). Learning is inferred from progressively 
faster reaction times (RT) across training and a marked increase in RT when the sequence 
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is unexpectedly altered (Nissen & Bullemer, 1987). The SRT task engages a mechanism 
that relies on the acquisition of sequential regularities, which is commonly known as 
sequence learning or deterministic learning in the literature. In this dissertation, I will use 
the term ’deterministic learning’ consistently when discussing the classical SRT task.  

Within the context of OCD, investigating unsupervised learning is particularly 
important, as the neurobiological substrates engaged by the SRT task (Janacsek et al., 
2020) including striatal regions, such as the putamen, are also implicated in the disorder 
(Ahmari et al., 2013; Burguière et al., 2015; Graybiel & Rauch, 2000; Zhang et al., 2019). 
Studies employing deterministic SRT paradigms have generally reported impaired or 
reduced performance in OCD (Deckersbach et al., 2002; Goldman et al., 2008; Kathmann 
et al., 2005; Marker et al., 2006; Soref et al., 2018; Vloet et al., 2010,for exceptions, see: 
Rauch et al., 1997, 2007), leading to the interpretation of a potential deficit in 
deterministic learning. In Study 1, we sought to present a brief, focused review of 
unsupervised learning processes in OCD, focusing on evidence from classical 
deterministic SRT paradigms. Specifically, this study adopted a process-level perspective 
to disentangle the multiple cognitive and behavioral processes captured by the SRT task. 
Sequence-specific learning (i.e., learning the sequential order of elements), visuomotor 
performance (i.e., improvements in RT due to motor practice), and general (baseline) RT 
performance were examined separately, along with their associated neurocognitive 
correlates (Janacsek et al., 2020). This approach allows for a more nuanced interpretation 
of prior findings and clarifies which components of task performance may be altered in 
individuals with OCD. 

1.5. Challenges in OCD research 

1.5.1. Theoretical challenges 
Although deterministic learning provides a useful model of unsupervised learning, its 
fixed structure primarily captures the acquisition of predictable sequences and may 
therefore only partially reflect learning in variable, noisy environments. In real-life 
contexts, regularities, correlations, and patterns are acquired incidentally and implicitly, 
often amid noise, through probabilistic learning. Probabilistic learning captures this 
process more generally, supporting the extraction of environmental regularities and the 
anticipation of future events (Aslin, 2017; Fiser & Aslin, 2005; Pedraza et al., 2024; 
Theeuwes et al., 2022). Throughout this dissertation, ‘deterministic learning’ refers to 
learning based on fully predictable sequences (e.g., classic SRT tasks), whereas 
‘probabilistic learning’ or ‘statistical learning (SL)’ interchangeably refers to the 
extraction of regularities from probabilistic, less predictable environments.  

Despite its fundamental role, unsupervised probabilistic learning remains largely 
unexplored in OCD. This is particularly relevant because SL supports the acquisition of 
linguistic, motor, cognitive, and habitual behaviors that rely on extracting probabilistic 
regularities from the environment (Arciuli, 2018; Bogaerts et al., 2021; Horváth et al., 
2022; Kaufman et al., 2010; Pesthy et al., 2024; Ullman, 2004). Examining SL in OCD 
may therefore provide a more ecologically relevant model of how regularities are 
acquired from noisy and variable environments.  
 

1.5.2. Methodological challenges 
From a methodological perspective, although the classical SRT task reduces the influence 
of confounding reward and feedback effects compared with supervised paradigms, it 
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remains limited in its ability to isolate learning-specific mechanisms (Janacsek et al., 
2012; Szegedi-Hallgató et al., 2019). Since sequence elements are repeatedly practiced 
without interspersed random or noisy trials, improvements in RT may reflect both 
sequence learning and visuomotor performance improvement. In other words, faster and 
more accurate responses may reflect visuomotor improvement effects rather than learning 
of the underlying sequence structure. In classical SRT tasks, sequence learning is 
typically inferred from progressively faster RTs across training and from marked 
increases in RTs when the sequence is unexpectedly altered (Nissen & Bullemer, 1987). 
Consequently, it remains uncertain whether reported impairments in OCD reflect genuine 
deficits in unsupervised deterministic learning or are confounded by visuomotor factors. 

A further limitation is that deterministic SRT tasks may promote explicit 
awareness of the repeating sequence (Remillard, 2003, 2014). In individuals with OCD, 
such awareness can trigger strategies that extend beyond implicit learning (Soref et al., 
2018, 2021). Compared with neurotypical participants, several studies have found that 
individuals with OCD are more likely to develop explicit knowledge of the task structure 
(Goldman et al., 2008; Marker et al., 2006). Importantly, explicit sequence learning itself 
appears to be preserved across levels of OC symptoms (Barzilay et al., 2022), suggesting 
that the involvement of explicit processes does not necessarily reflect impaired explicit 
learning. This tendency has been linked to greater reliance on controlled processing and 
heightened attention to task structure, potentially encouraging pattern search and strategic 
responding in paradigms intended to assess implicit learning (Goldman et al., 2008; 
Marker et al., 2006; Soref et al., 2008, 2018, 2021). Consistent with these findings, 
neuroimaging studies indicate greater engagement of hippocampal and orbitofrontal 
regions during SRT performance in OCD (Rauch et al., 1997, 2007), regions not typically 
engaged during classical SRT performance in healthy participants (Janacsek et al., 2020). 
Together, these findings suggest that deterministic SRT performance in OCD may 
involve additional explicit or strategic processes, complicating the interpretation of 
observed learning differences (Deckersbach et al., 2002; Rauch et al., 2007; Soref et al., 
2021; Ullman & Pullman, 2015).  

Importantly, evidence from another SL paradigm suggests that implicit learning 
may remain intact in OCD when task demands reduce the contribution of explicit 
strategies. Using a modified Artificial Grammar Learning (AGL) task, Soref et al. (2021) 
found comparable implicit learning in individuals with OCD and healthy controls. In this 
paradigm, participants were exposed to stimulus sequences generated according to an 
underlying grammatical structure and subsequently classified novel sequences according 
to whether they conformed to the previously encountered regularities (Soref et al., 2021). 
These findings suggest that impairments reported in deterministic SRT studies may not 
reflect a generalized deficit in implicit regularity learning, but may partly depend on the 
type of regularity being acquired and the cognitive processes recruited by the task. 
However, whether the implicit acquisition of probabilistic transitional regularities is 
altered in relation to OC characteristics remains largely unknown, motivating the use of 
paradigms that allow such learning to be examined directly. 

1.6. Learning in the noise: Alternating Serial Reaction Time task 

To overcome the theoretical and methodological limitations of deterministic SRT 
paradigms, the Alternating Serial Reaction Time (Farkas et al., 2023; Howard & Howard, 
1997) task provides a promising alternative. The ASRT is a four-choice visuomotor 
learning task in which sequential regularities are interleaved with random elements, 
creating a probabilistic structure with transitional probabilities below 1 (Farkas et al., 
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2023; Howard & Howard, 1997). This structure reduces the likelihood of explicit 
awareness (Horváth et al., 2022; Vékony et al., 2022) and allows for a more selective 
assessment of implicit SL while minimizing confounds related to visuomotor practice and 
strategic behavior (Janacsek et al., 2012). Importantly, among SL paradigms, it provides 
a relatively process-pure measure of probabilistic learning, capturing learning 
mechanisms with minimal contamination from non-learning processes (Janacsek et al., 
2012; Nemeth & Tóth-Fáber, 2026). Its probabilistic structure also more closely 
resembles everyday learning, where regularities must often be extracted from variable 
and noisy input rather than from fully predictable sequences.  

During the task, a visual stimulus appears at one of four horizontally arranged 
spatial locations on a computer’s screen, and participants are required to respond as 
quickly and accurately as possible by pressing the corresponding key. Unbeknownst to 
participants, stimuli follow a probabilistic eight-element sequence, alternating between 
pattern and random elements (e.g., 2 – r – 4 – r – 3 – r – 1 – r, where “r” denotes a random 
location and numbers indicate predetermined positions from left to right). The alternating 
structure of the task produces runs of three consecutive stimuli, known as triplets, in 
which some triplets occur with higher probability (high-probability triplets) and others 
with lower probability (low-probability triplets). High-probability triplets are more 
predictable due to their higher chance of occurrence, allowing participants to respond 
faster and more accurately, whereas low-probability triplets are less predictable and elicit 
slower and less accurate responses. Differences in RT and accuracy for high- compared 
with low-probability triplets are used to operationalize SL (Farkas et al., 2023; Howard 
& Howard, 1997; Pedraza et al., 2024). At the same time, general changes in reaction 
time across practice provide a separate measure of visuomotor performance, allowing 
learning-specific and general practice-related effects to be examined independently. 
These properties make the ASRT particularly suitable for examining unsupervised 
probabilistic learning in relation to OC tendencies and form the methodological basis of 
Studies 2 and 3.  

1.7. Beyond learning: updating predictive representations 

Learning is a complex, multi-component process that extends beyond the initial 
acquisition of information to encompass its maintenance and continuous updating. This 
is particularly critical in volatile environments, where previously acquired representations 
may no longer accurately predict subsequent events and must be updated accordingly 
(Shaqiri et al., 2013). Under such conditions, previously acquired responses, including 
those automatized through SL, must be adjusted to align with the altered environment, 
requiring the continuous updating of internal predictive representations. Habits and 
automatized behaviors formed via SL are known to develop robust and enduring 
representations over both short and long timescales (Ashby et al., 2010; Carden & Wood, 
2018; Horváth et al., 2022; Kóbor et al., 2017).  

The flexible use of previously acquired information may be particularly relevant 
to OCD. Evidence from outcome-devaluation and contingency-degradation paradigms 
indicates reduced adjustment of behavior when previously learned action-outcome 
relationships change (Gillan et al., 2011, 2014; Vaghi et al., 2019). This notion is 
reinforced by the habit hypothesis of OCD, which indicates that previously learned 
information may become excessively rigid and resistant to updating. Individuals with 
OCD are thought to persist in applying prior knowledge even when it is no longer 
relevant, highlighting the inflexibility of automatized responses and the difficulty of 
disengaging from them (Gillan et al., 2011, 2014; Vaghi et al., 2019). Notably, following 
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contingency degradation, individuals with OCD showed intact explicit knowledge of 
action–outcome relationships despite reduced behavioral sensitivity to changes in these 
relationships (Vaghi et al., 2019). A different perspective is provided by computational 
accounts, which suggest increased uncertainty about learned contingencies and reduced 
reliance on previously acquired information in OC symptoms (Fradkin, Adams, et al., 
2020; Fradkin, Ludwig, et al., 2020). Recent findings in clinical OCD further indicate 
altered sensitivity to prediction errors when learning in volatile environments (Hoven et 
al., 2024). Together, these findings suggest that OCD-related alterations may concern not 
only what is learned, but also how previously acquired information guides behavior when 
environmental conditions change. However, it remains unclear whether similar 
alterations characterize statistical regularities acquired through unsupervised learning. 
Study 2 addressed this question by examining how previously acquired probabilistic 
regularities influence behavior following a change in environmental structure. 
 

1.8.  At what cost? - an interactive memory systems framework 

SL and the updating of predictive representations cannot be fully understood in isolation 
when considering their contribution to OC tendencies. These processes interact with EFs, 
as EF and SL operate in parallel, draw on partially overlapping neurocognitive resources, 
and may compete for behavioural control (Ambrus et al., 2020; Pedraza et al., 2024; 
Poldrack et al., 2001; Vékony, Brezóczki, et al., 2025). In this context, adaptive behaviour 
depends on the flexible balance between automatic and goal-directed behaviour (Horváth 
et al., 2025; Poldrack et al., 2001). While SL and automatic processes rely predominantly 
on subcortical circuits, including the basal ganglia and striatum (Ashby et al., 2010; 
Janacsek et al., 2020), EF relies more strongly on prefrontal networks supporting goal-
directed control (Diamond, 2013; Friedman & Robbins, 2022; Miyake et al., 2000). 
Within this interactive memory-systems framework, SL and EF are tightly coupled, and 
stronger engagement of automatic learning is often accompanied by reduced reliance on 
executive control, reflecting a dynamic trade-off between these systems (Horváth et al., 
2022; Pedraza et al., 2024; Poldrack et al., 2001). 

This reciprocal relationship can be examined at different levels (Horváth et al., 
2025). Converging evidence suggests that these interactions can be either competitive or 
cooperative, depending on task demands and context. At the process level, automatic and 
goal-directed processes can be assessed within the same task, allowing their interaction 
to be observed at the state level. Such approaches have been central to the habit hypothesis 
of OCD (Gillan et al., 2011; Gillan, 2021; Gillan & Robbins, 2014). Under conditions of 
competition, stronger automatic responding may occur at the expense of goal-directed 
control when both systems are simultaneously engaged. However, these paradigms 
primarily capture within-task dynamics, leaving open whether this imbalance extends 
across contexts. A complementary approach is to assess SL and EF using separate tasks 
and examine associations across tasks and between their performance indices. Such 
correlational designs target more stable, trait-like differences and can reveal longer-term 
functional strategies of the brain (Horváth et al., 2025). For instance, reduced efficiency 
of prefrontal, EF-related processes may be accompanied by a compensatory reliance on 
automatized learning mechanisms (Ambrus et al., 2020; Pedraza et al., 2024). In OC 
research, this approach is particularly informative, as it can capture individual differences 
in the relative dominance of automatic versus executive control systems. A central open 
question is whether the imbalance between goal-directed and habitual processes is task-
specific or reflects a more general characteristic across contexts. Investigating the 
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functional interaction between EF and SL is therefore critical for understanding OC-
related behaviour. 

Investigating the relationship between EF and SL therefore requires considering 
which components of executive control may be particularly relevant to OCD. Multiple 
models of EF have been proposed, many converging on three core components: working 
memory updating, inhibitory control, and cognitive flexibility (Bari & Robbins, 2013; 
Diamond, 2013; Friedman & Robbins, 2022; Miyake et al., 2000). Cognitive flexibility, 
in particular, refers to the capacity to adapt behaviour and thought in response to changing 
goals, rules, or environmental demands, supporting strategy shifting and the updating of 
mental representations. Impairments in cognitive flexibility are among the most robust 
and consistently reported cognitive markers of OCD and OC tendencies, suggesting that 
alterations in this function may serve as a key neurocognitive marker (Chamberlain et al., 
2007; Tomiyama et al., 2019; Vaghi et al., 2017). This raises a critical question: how does 
reduced cognitive flexibility relate to the operation of SL, and more broadly, to the 
balance between automatic and goal-directed control? Experimentally, cognitive 
flexibility is commonly assessed using tasks such as the Card Sorting Test, set-shifting 
paradigms, or task-switching paradigms, which require participants to modify responses 
based on changing rules or feedback (Barceló, 1999; Fox et al., 2013; Miles et al., 2021; 
Nyhus & Barceló, 2009). Building on this framework, Study 3 examined cognitive 
flexibility, a prefrontal cortex-dependent function, using the Card Sorting Task (Fox et 
al., 2013). The study investigated its relationship with SL, with the aim of clarifying how 
interactions between EF and unsupervised SL contribute to maladaptive behavioural 
patterns of OC phenomena. 
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2. Study aims and research questions 

Building on contemporary neurocognitive models of OCD and advances in learning 
theory, the present dissertation aims to elucidate unsupervised learning and its 
relationship with goal-directed control functions across the spectrum of OC tendencies. 
Rather than examining learning processes in isolation, this work adopts an integrative 
perspective to investigate how learning, updating, and executive control relate to OC 
tendencies. Study 1 critically reviews evidence from deterministic learning paradigms in 
OCD, disentangling specific components of task performance and their methodological 
limitations. Study 2 examines SL and the updating of previously acquired regularities in 
individuals with non-clinical OC tendencies. Study 3 investigates the relationship 
between SL and cognitive flexibility, addressing the broader balance between automatic 
learning and goal-directed control (Figure 1). Together, these studies provide 
complementary perspectives on learning and executive-control processes relevant to OC 
tendencies and OCD. 
 
Accordingly, the dissertation addresses the following research questions: 
 

I. What do we know so far about unsupervised learning in OCD? – Study 1 
 

II. How do non-clinical OC tendencies influence individual differences in 
unsupervised statistical learning and the updating of predictive representations? – 
Study 2 

 
III. How do non-clinical OC tendencies modulate the dynamic interplay between 

statistical learning and cognitive flexibility? – Study 3 
 

 

 
Figure 1. Theoretical framework of the neurocognitive models along the spectrum of OC tendencies 
and the integration of study aims. The figure illustrates the transition from supervised to unsupervised 
learning paradigms (e.g., feedback-based, habitual vs. goal-directed systems). It highlights the inherent 
limitations of feedback-driven models, such as reward-related confounds, while emphasizing the 
advantages of unsupervised learning as a pure, implicit process. The model establishes a trajectory for 
investigating implicit, probabilistic unsupervised learning as a key mechanism for updating predictive 
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representations within competitive neurocognitive systems. It outlines the study aims: Study 1 provides a 
systematic review of unsupervised learning; Study 2 investigates the probabilistic learning and the updating 
of representation across the OC spectrum; and Study 3 explores the interaction between probabilistic 
learning and cognitive flexibility.  
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3. Study 1: What do we know so far about unsupervised learning in 
OCD?  
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Neurobiological models of 
obsessive–compulsive disorder 
Obsessive–compulsive disorder (OCD) is character
ized by persistent intrusive thoughts or beliefs (ob
sessions) and rigid, repetitive behavioral or mental 
acts (compulsions) [1]. Current neurobiological 
models of OCD emphasize structural and functional 
alterations in the frontostriatal regions, including the 
putamen [2–7], the caudate nuclei [2,5,8,9], the 
globus pallidus [10,11], the cerebellum [4,6,12–14], 
and the orbitofrontal and other prefrontal cortices  
[15–17]. These brain areas are also crucial in a fun
damental cognitive process, that is, sequence 
learning (SL) [18]. SL underlies the information ac
quisition of serial ordering and regularities in the 
environment [19], either implicitly or explicitly. It 
underlies the development of automatic behaviors, 
including the formation of social, motor, and cogni
tive skills or habits [20–22]. The shared neural 
background has raised the question of how SL works 
in OCD. 
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Multiple studies endeavored to answer this question by 
using different adaptations of the Serial Reaction Time 
task (SRT [23]). The SRT task is a widely used visuo
motor SL paradigm where participants are instructed to 
respond as quickly as possible to visual stimuli presented 
in a sequential manner (see Figure 1) [23,24]. The SRT 
task allows us to measure three aspects of learning: 1) 
sequence-specific learning, 2) visuomotor performance 
improvement, and 3) baseline reaction time (RT). Se
quence-specific learning refers to the acquisition of 
predictable sequential patterns. The locations of the 
visual stimuli during the task follow a predefined se
quence. The sequence includes either sequential (pre
dictable) or randomized-location stimuli (unpredictable). 
Random elements can be introduced after a prolonged 
repetition of sequential elements or can alternate with 
sequential elements within blocks or throughout blocks. 
The sequence-specific learning effect is measured by 
the RT advantage on sequential trials or blocks over 
random ones. Improvement of visuomotor performance 
occurs through extensive practice [24] that can be as
sessed by the change in the participant’s RT perfor
mance from the beginning to the end of the task. As a 
part of visuomotor performance, a baseline RT indicator 

(i.e., an average RT score throughout the task) can also 
be accumulated from the participant’s performance 
during the task. 

By utilizing the three performance indicators, the SRT 
paradigm offers a comprehensive understanding of SL in 
OCD, facilitating the construction of an appropriate 
functional neurobiological model. A recent meta-analysis 
highlighted the involvement of the basal ganglia in SL, 
while also identifying different neurobiological regions 
associated with the abovementioned aspects of SL [18]. 
Implicit sequence-specific learning is associated with the 
functioning of the globus pallidus, the anterior and mid 
parts of the putamen, the caudate nucleus, and the nu
cleus accumbens. Since visuomotor performance im
provement might encompass multiple subprocesses, 
such as sensorimotor integration and attention, beyond 
the basal ganglia, the premotor cortex and cerebellum 
are possibly involved [18]. Baseline RT performance 
exhibits substantial individual variability and depends 
on a variety of neurobiological and behavioral factors  
[25–27]. Previous studies employing the SRT paradigm 
to map SL in OCD failed to disentangle the three per
formance indicators related to different subcortical brain 
networks [28–31]. Hence, in this brief review, we aim to 
fill this gap by summarizing the existing articles using 
the SRT task to help establish a comprehensive func
tional neurobiological model of OCD in the future. 

Sequence learning in obsessive–compulsive 
disorder 
In the following, we will explore the results related to 
SL in OCD. The discussion will cover three key aspects: 
1) sequence-specific learning, 2) visuomotor perfor
mance improvement, and 3) baseline RT. For each of 
these learning indicators, we will categorize the perfor
mance outcomes as follows: enhanced (showing better 
performance than controls), intact (demonstrating com
parable learning effect to controls), reduced (exhibiting 
weaker learning than controls), or impaired (failing to 
exhibit the underlying regularities) (see Table 1). By 
reviewing behavioral performance, our objective is to 
ascertain the underlying nature of the subcortical regions 
associated with SL in OCD. 

Regarding sequence-specific learning, three studies have 
detected intact performance in OCD with different 
adaptations of the SRT task [27,30,31]. One of them 
reported mixed results when they utilized a modified 
version of the SRT task, maximizing its implicitness 
with no response-to-stimulus interval [32]. Moreover, 
participants received different instructions: half of the 
OCD participants and half of their matched neurotypical 
controls were informed about the embedded pattern 
(intentional condition), while the others were simply 
instructed to respond as quickly and accurately as 

Figure 1  
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A visual representation of the SRT task. In this task, participants usually 
see four locations (here white circles) arranged horizontally on a screen 
with a target stimulus appearing generally in one of the four locations 
(here blue circle). Participants are usually instructed to press the 
corresponding button to the location of the appearing stimuli (here 1, 2, 3, 
and 4 keys of a response device corresponding to the first, second, third, 
and fourth circle, from left to right, respectively). Unbeknown to the 
participants, the series of stimulus locations follow a predetermined 
sequence (in this case, a 12-item sequence: 4–2–3–1–3–2–4–3–2–1–4–1). 
It is important to note that this illustration is for explanatory purposes, as 
the SRT task employed in the reviewed studies differed in visual stimuli, 
sequence length, and task design.   
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possible (standard/incidental condition). Participants 
with OCD were able to acquire the embedded pattern; 
however, this different instructional condition resulted 
in different outcomes. In the incidental condition, their 
performance was reduced compared with controls, 
whereas it exhibited a significant enhancement when 
they were aware of the underlying sequence [27]. These 
findings suggest that the intentional condition was more 
beneficial for individuals with OCD. Similar to Soref’s  
[27] incidental condition, individuals with OCD dis
played reduced sequence-specific learning, as evidenced 
by their slight RT change in a random block after four 
consecutive sequential blocks [33]. This could indicate 
less-effective learning in OCD or limited shifting abil
ities. Furthermore, two studies reported reduced per
formance by employing specific designs to maximize 
implicit SL: one study applied only sequential patterns 
without random ones [29], while another study used two 
randoms at the beginning of each block [28]. However, 
this design lacks the ability to calculate the sequence- 
specific learning effect by extracting predictable and 
unpredictable trials, as done in prior studies  
[30,31,33,34]. In a dual-task design, incorporating a 
probabilistic sequence with a working memory task 
impaired implicit sequence-specific learning was ob
served in OCD [34]. Consistently, a pediatric study that 
examined SL in OCD has also demonstrated impaired 

performance among boys with OCD [35]. In summary, 
the studies yielded conflicting results regarding se
quence-specific learning in OCD: intact [27,30,31], re
duced [27–29,33], or even impaired performance [34,35]. 
The inconsistencies are influenced by task design fac
tors, such as the use of single or dual tasks, the duration 
of the response-to-stimulus interval, or most im
portantly, the level of sequence awareness. Future stu
dies should systematically control these factors to gain a 
better understanding of these relationships. 

Besides sequence-specific learning, there is less insight 
into the improvement in individuals with OCDs’ vi
suomotor performance based on their RT change from 
the beginning to the end of the task. Some studies have 
found comparable visuomotor performance improve
ment between individuals with OCD and controls  
[28,33,34]. In the study of Soref et al. [27], the OCD 
group’s RT improved in the progression of the task both 
in incidental and intentional conditions. Unfortunately, 
in a study where it seemed challenging to disentangle it 
from sequence-specific learning [29] and also due to the 
alternating block paradigm employed in some studies  
[30,31,35], it is not easy to draw any conclusions re
garding visuomotor performance improvement. Never
theless, the overall findings imply that individuals with 
OCD may exhibit intact visuomotor performance 

Table 1 

Summarizing the studies included in the review.       

Study N (OCD-HC) Performance indicator Data reported Result  

Deckersbach et al. (2002) [34] 25–25 Sequence-specific learning ✓ Impaired 
Visuomotor performance improvement ✓ Intact 
Baseline RT ✓ Reduced 

Goldman et al. (2008)a [28] 62–36 Sequence-specific learning - - 
Visuomotor performance improvement ✓ Intact 
Baseline RT ✓ Reduced 

Kathmann et al. (2005) [33] 33–27 Sequence-specific learning ✓ Reduced 
Visuomotor performance improvement ✓ Intact 
Baseline RT ✓ Intact 

Marker et al. (2006)b [29] 43–41 Sequence-specific learning - - 
Visuomotor performance improvement - - 
Baseline RT ✓ Reduced 

Rauch et al. (1997) [30] 9–9 Sequence-specific learning ✓ Intact 
Visuomotor performance improvement - - 
Baseline RT ✓ Intact 

Rauch et al. (2007) [31] 12–12 Sequence-specific learning ✓ Intact 
Visuomotor performance improvement - - 
Baseline RT ✓ Intact 

Soref et al. (2018)c [27] 24–24 Sequence-specific learning ✓ Reduced 
Visuomotor performance improvement ✓ Reduced 
Baseline RT ✓ Reduced 

Vloet et al. (2010)d [35] 20–25 Sequence-specific learning ✓ Impaired 
Visuomotor performance improvement – - 
Baseline RT ✓ Intact 

a In this study, the control group was provided by individuals diagnosed with non-OCD anxiety disorders and other anxiety disorders. 
b The task design makes it difficult to separate sequence-specific learning from visuomotor performance improvement in this study. 
c This study employed two learning conditions: standard and intentional. The table presents the outcomes pertaining to the implicit condition. 
Notably, all three learning indicators were intact in the intentional condition. 
d This study included children aged 10–18, in contrast to all the other articles that focused on adult populations (18–65 years).  
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improvement. When interpreting these results, it is 
crucial to consider various influencing factors, such as 
experimental design, task instructions, and individual 
characteristics. 

The third performance indicator that could complement 
the better understanding of the result of visuomotor 
performance improvement is the participant’s baseline 
RT during the task. Two approaches offer the oppor
tunity to measure baseline RT. The first involves as
sessing several trials or blocks with completely 
randomized-location stimuli during the task [28–31,35] 
and the other approach is facilitated by the inherent 
characteristics of the task, wherein predefined sequential 
elements are integrated within randomized ones. Both 
strategies enable the distinct measurement of RTs for 
random trials, however, the latter has not been employed 
in any of the reviewed studies. Most studies reported 
similar performance to controls [30,31,33] but some have 
found it to be partly different [27,34,35] or even poorer  
[28,29]. Additionally, in Soref et al. [27], participants 
with OCD exhibited slower RTs during the incidental 
condition, while no significant differences were observed 
during the intentional condition in comparison to con
trols. This finding implies a potential preference for the 
intentional condition among individuals with OCD. The 
overall findings regarding baseline RT between OCD 
and controls yielded mixed results. Interpreting general 
RT performance should be approached as a supple
mentary measure to sequence-specific learning and vi
suomotor performance improvement, considering its 
multifactorial nature and individual variability. 

Beyond the mixed results on the three SL performance 
indicators, neuroimaging procedures used during the 
SRT task make the model-building even more chal
lenging. While neurotypicals display involvement of 
different subregions within the basal ganglia during the 
(implicit) SRT task [18], individuals with OCD ex
hibited primarily activation in the hippocampus, bilateral 

medial–temporal regions, and the orbitofrontal cortex 
during the task [30,31] ( Figure 2). These brain regions 
were previously implicated in explicit, declarative 
memory processes [30,31,36], therefore, the engagement 
of explicit strategies during SL in OCD has been pro
posed [27,30,31,33,34]. Remarkably, the majority of 
studies assessed explicit knowledge after the SRT task  
[28–31,33,34], but in most instances, the task managed 
to remain implicit [30,31,33,34]. These findings raise 
additional questions regarding the underlying mechan
isms of this fundamental learning process in individuals 
with OCD. 

Theoretical consideration 
For the future development of a comprehensive func
tional neurobiological model of OCD, gaining precise 
insight into SRT task performance is essential. Studies 
demonstrate heterogeneous results concerning the three 
behavioral indicators and neuroimaging data, hindering 
the establishment of clear conclusions and prompt ex
tended considerations. Novel approaches hold the po
tential to enhance our understanding of SL in OCD from 
both neurobiological and behavioral perspectives. 
Initially, the aforementioned altered activation patterns 
observed during the SRT task in OCD imply the in
volvement of explicit processes associated with the 
medial–temporal region, as a possible result of basal 
ganglia dysfunction [27,30,31,34]. Recent investigations 
have indicated that the medial–temporal lobe and hip
pocampal regions potentially participate in processes 
such as the incidental extraction and consolidation of 
statistical serial information, or structures from the en
vironment, such as SL [37–40]. This perspective may 
suggest that the observed activation patterns in OCD 
during the SRT task could represent a typical char
acteristic of the task. 

On the other hand, the declarative memory hypothesis 
could provide a better explanation for this [41]. It posits 
that as long as the declarative memory system remains 

Figure 2  
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Schematic illustration of disparities in brain regions between (a) healthy control subjects [18] and (b) individuals diagnosed with OCD [30,31] during the 
SRT task. It is important to mention that recent studies have indicated the involvement of the medial–temporal lobe and hippocampal regions in 
healthy individuals during SRT task [37,38]. 
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relatively functional, it can effectively compensate for 
impaired basal ganglia-related processes, such as SL, 
across various disorders, including OCD, Tourette syn
drome, autism spectrum disorder, specific language im
pairment, and dyslexia [22] as well as in Parkinson’s 
disorder [42]. In OCD, the functionality and intact 
nature of declarative memory processes have been con
firmed [28,29,33,34], rendering them eligible for taking 
over control in implicit processes [28,29,34]. Evidence 
comes from a study wherein the intentional/explicit in
structional condition appeared to be more advantageous 
for individuals with OCD [27]. The dual-task design also 
supports this hypothesis when OCD participants failed 
on the SRT task while showing comparable results on 
frontotemporal-related tasks [34]. This suggests that the 
frontotemporal regions are already engaged, limiting 
their contribution to the success of SL. Thus, the ac
curate performance relies on an interplay between these 
brain networks, and therefore in a dual-task condition, 
one process is likely to succeed [43–46]. In summary, as 
a potential consequence of basal ganglia dysfunction in 
OCD, implicit memory processes may rely more on 
compensatory activation in the medial–temporal lobe. 
Considering the comparable improvement in visuomotor 
performance and baseline RT in OCD also suggests a 
facilitating role of the cerebellum and premotor cortex in 
more complex performances [18]. 

Besides the SRT task, implicit learning has mainly been 
investigated in OCD through the Weather Prediction 
Task (WPT) [47–50] and Card Betting Games [51], 
Pursuit Rotor Task [52], and Artificial Grammar 
Learning Task [53]. Similar to the SRT task, these in
vestigations have also yielded inconsistent outcomes 
concerning behavioral performance: enhanced [52], in
tact [47–50,53], and impaired [51] implicit learning. 
However, individuals diagnosed with OCD also showed 
increased striatal and hippocampal activity during the 
WPT, while demonstrating intact performance at the 
behavioral level [47]. The available results on implicit 
learning tasks generally indicate intact learning in in
dividuals with OCD. This raises the question regarding 
the factors that might influence implicit learning per
formance in OCD. 

It can be presumed that the variations in results across 
different studies are influenced not only by task design 
factors but also by individual differences, including 
symptom subtype and severity [28,31,54–56] or even 
specific temperament and character dimensions [57–60] 
among people with OCD. Acknowledging that OCD is 
not a unitary condition [54,56,61–63], the diverse range 
of symptom dimensions and severities can be attributed 
to partially distinct neurobiological processes [62,64]. 
For instance, individuals with the washing subtype 
might exhibit reduced activation in the caudate nucleus 
and putamen, whereas individuals with the checking 

subtype might show reduced hippocampal and temporal 
gray matter volumes [55,64,65]. These discrepancies 
might provide an explanation for the variations in per
formance regarding implicit SL. In certain conditions, 
individuals with OCD could perform on SL similarly to 
healthy controls, even employing compensatory strate
gies [30,31]. If we were to postulate that distinct 
symptom clusters draw their capacity for intact implicit 
SL from the temporal and hippocampal regions, we 
could potentially utilize this capability in designing 
therapeutic interventions. If an individual exhibits re
duced or impaired implicit SL, it is imprudent to base 
therapeutic strategies solely on that. To achieve en
during therapeutic success, we might need to establish 
individualized therapeutic approaches tailored to the 
patient’s strengths or weaknesses. 

Future directions 
In order to address the theoretical inquiries and achieve a 
comprehensive understanding of OCD at both the be
havioral and neurobiological levels, certain methodolo
gical considerations should be taken into account in 
future research. The primary objective of this review was 
to elucidate SL in OCD by disentangling three distinct 
types of learning performance. However, this aim proved 
challenging as only a limited number of articles reported 
on all three indicators simultaneously [33,34]. Their re
sults also need to be treated with caution, as the classic 
SRT paradigm fails to provide a precise separation be
tween sequence-specific learning and visuomotor per
formance improvement. To deepen our comprehension 
of SL in OCD and overcome the limitations of a classic 
SRT task, an alternative version, known as the Alter
nating Serial Reaction Time (ASRT) task [66], could 
offer a potential solution. Unlike the classic SRT task, 
the ASRT task incorporates predetermined sequential 
elements within random ones, resulting in the alternation 
of random and sequential elements within a single block. 
This modified task not only allows for the calculation of 
sequence-specific learning by measuring the difference 
between predictable and unpredictable stimuli but also 
enables the separate assessment of visuomotor perfor
mance improvement and general RT [67]. The complete 
implicitness of the task has been widely confirmed  
[68,69] as well as its high reliability [70]. In future in
vestigations, the adoption of this paradigm alongside 
electroencephalographycal (EEG) or magnetoencepha
lographycal (MEG) methodology [71] can provide in
sights into the neurobiological and behavioral aspects of 
implicit SL, particularly in terms of understanding the 
interactions and dynamics of subcortical regions in OCD 
during incidental information acquisition. To advance 
toward future studies implementing SRT, it is im
perative for researchers to address symptomatic dimen
sions and symptom severity, encompassing not only 
personality types but potentially also temperament and 
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character dimensions. Additionally, researchers should 
consider broadening their focus in OCD research to en
compass subclinical populations. 

Conclusion 
Gaining an understanding of SL is paramount in the 
construction of a neurobiological model for OCD. 
Through this concise review, our aim was to underscore 
the significance of subcortical areas in SL and highlight 
its relevance to OCD. Considering that SL plays a pi
votal role in habit formation, obtaining a comprehensive 
understanding of its neurobiological and behavioral di
mensions holds potential for the advancement of novel 
individualized therapeutic interventions in the future. 
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4. Study 2: How do OC tendencies influence individual differences in 
unsupervised statistical learning and the updating of predictive 
representations?  
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Abstract
Background  Obsessive-compulsive (OC) tendencies involve intrusive thoughts and rigid, repetitive behaviours that 
also manifest at the subclinical level in the general population. The neurocognitive factors driving the development 
and persistence of the excessive presence of these tendencies remain highly elusive, though emerging theories 
emphasize the role of implicit information processing. Despite various empirical studies on distinct neurocognitive 
processes, the incidental retrieval of environmental structures in dynamic and noisy environments, such as 
probabilistic learning, has received relatively little attention.

Methods  In this study, we aimed to unravel potential individual differences in implicit probabilistic learning and 
the updating of predictive representations related to OC tendencies in a non-clinical population. We conducted 
two independent online experiments (NStudy1 = 164, NStudy2 = 256) with university students. Probabilistic learning 
was assessed using an implicit visuomotor probabilistic learning task, involving sequences with second-order non-
adjacent dependencies.

Results  Our findings revealed that implicit probabilistic learning remained remarkably robust among OC tendencies 
within a non-clinical population. Furthermore, the results highlighted effective updating capabilities of predictive 
representations, which were not influenced by OC tendencies.

Conclusions  These results offer new insights into individual differences in probabilistic learning and updating in 
relation to OC tendencies, contributing to theoretical, methodological, and practical approaches for understanding 
the maladaptive behavioural manifestations of OC disorder and subclinical tendencies.

Keywords  Obsessive-compulsive tendencies, Obsessive-compulsive disorder, Probabilistic learning, Predictive 
processing, Individual differences, Statistical learning
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Introduction
During their morning routines, many people repeatedly 
check whether they have locked the front door or con-
firm that their wallet and phone are in their bag or pock-
ets. Over time, these may become automatic, habitual 
actions. Such behaviours often reflect non-clinical ten-
dencies of Obsessive-Compulsive Disorder (OCD) even 
in healthy individuals [1]. OCD is defined by the exces-
sive and impeding presence of intrusive thoughts (‘obses-
sions’) and rigid, repetitive actions (‘compulsions’) [2]. 
Compulsive actions are perceived as irrational, with 
individuals desiring to stop but unable to control their 
impulses [2, 3]. This perspective suggests that, in the 
case of OCD, it is most appropriate to measure processes 
in which individuals already have—or can develop—
explicit knowledge of their learning mechanisms. There-
fore, studies have predominantly focused on more easily 
acquirable deterministic contingencies and supervised 
learning paradigms, including feedback or rewards [4–
16]. However, in real life, individuals might extract hid-
den associative contingencies in the noisy environmental 
stream through an implicit, unsupervised way by mere 
exposure, that is, through probabilistic learning [17–20]. 
This process is particularly significant in OCD, as it also 
could contribute to the development and maintenance of 
habitual, repetitive actions in OCD and among obsessive-
compulsive (OC) tendencies. This type of unsupervised 
learning remains poorly understood in OCD as well as 
among OC tendencies, hence, the current study aims to 
address this gap.

In supervised learning or reinforcement learning, 
participants receive feedback or reward for their per-
formance throughout the task. Such paradigms used in 
OCD research are the probabilistic classification task [9–
13], and associative supervised learning tasks [5, 7],where 
individuals with OCD have generally demonstrated intact 
performance [9–11] for exceptions see: [12, 13]. Previ-
ously, a few unsupervised learning studies have sought 
to uncover implicit learning processes (for a review, see 
[25]), with most revealing weaker performance in OCD 
[21–27] for exceptions, see: [28–31]. However, the appli-
cation of fixed deterministic contingencies has recently 
been emphasized as a key weakness of these studies (for 
a review, see: [21]). The fundamental issue with previous 
approaches is that they do not allow clear dissociation 
between reward/feedback processing and pure learn-
ing processes. This is a critical limitation because one of 
the key open questions is whether the core deficit lies in 
reward/feedback processing or learning itself. Our study 
aimed to address this question by employing a learning 
paradigm that does not involve supervision. In our case, 
this was implemented by omitting reinforcement for the 
specific sequence, effectively creating an unsupervised 
learning condition. Moreover, to ensure the complete 

implicitness of the learning process and overcome the 
limitations of previous studies, we employed sequences 
with second-order non-adjacent dependencies, allowing 
us to measure how OC tendencies influence the ability 
to implicitly learn hidden probabilistic patterns from the 
noisy environment [19, 32].Since our environment is con-
stantly changing, it is also essential to assess the stability 
of the established predictive representations and the abil-
ity to effectively update them in response to volatile situ-
ations. Prominent theories based on supervised methods 
propose that individuals with OCD tend to rigidly stick 
to previously learned information and find it difficult to 
update their behaviour when facing a novel condition 
[5, 7, 8]. Another recent theory similarly emphasizes the 
role of uncertainty and pervasive doubt about previously 
acquired knowledge, leading individuals to rely on the 
most recent outcomes, thereby generating highly explor-
atory and distrustful behaviour [33, 34]. Both theories 
imply that individuals with OCD or OC tendencies face 
challenges in updating their behaviour, however, neither 
theoretical model elucidates the updating of predictive 
representations arising from the incidental learning of 
probabilistic contingencies. The environment can subtly 
and unconsciously shift, prompting unaware behavioural 
updates. This requires the ability to adjust predictive rep-
resentations accordingly. Nonetheless, this ability has 
not yet been examined in the context of OCD and OC 
tendencies. Thus, our question is: to what extent do OC 
tendencies contribute to the resistance and updating 
capability of predictive representations in a volatile envi-
ronment, in an unsupervised manner?

Investigating learning and updating in OCD is cru-
cial, and most of the aforementioned findings have been 
conducted primarily with clinically diagnosed OCD 
patients. However, numerous studies increasingly sup-
port a dimensional understanding of OCD over dichot-
omous categories [1, 35–39]. This approach emphasizes 
the presence of subclinical OC tendencies or traits in the 
general population and their manifestations in behav-
ioural variability and brain structures (1,36–40). Further-
more, it has been suggested that examining non-clinical 
samples could offer insights into aspects of the contin-
uum that connect subclinical OC tendencies to clinically 
severe OC symptoms [1, 35–39]. In this regard, we lack 
information on how OC tendencies are associated with 
potential individual differences in the acquisition of prob-
abilistic contingencies and the resilience or updating of 
predictive representations. To overcome the limitations 
of prior studies, we aim to assess implicit probabilistic 
processes using a visuomotor statistical learning task 
with second-order non-adjacent dependencies, that rep-
resents acceptable reliability and construct validity [45]. 
We conducted two online experiments involving non-
clinical samples (NStudy1 = 164, NStudy2 = 256). In both 
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studies, OC tendencies are handled as a continuous spec-
trum, ranging from the lowest to the highest prevalence 
of OC tendencies. In Study 1, we aimed to pinpoint how 
OC tendencies contribute to potential individual differ-
ences in probabilistic learning, while in Study 2, to the 
resistance and updating of predictive representations in 
adjusting to a volatile condition.

Methods
Participants
Study 1 involved 224 university students who partici-
pated in an online experiment, for which they received 
course credit. To ensure data integrity, stringent qual-
ity control measures were employed, resulting in the 
exclusion of 60 participants who did not comply with 
instructions. We aimed to meet multiple criteria for data 
quality control, which is detailed in the flow chart of par-
ticipant exclusion after data collection as illustrated in 
Supplementary Materials S1. This led us to conduct our 
analysis on 73.21% of the initial participants in Study 1. 
The final sample of Study 1 contained 164 participants 
(111 female, 48 male, and 2 non-specified, 3 declined to 
answer; MAge= 21.76 years; SDAge= 5.21 years).

In Study 2,344 university students participated in 
exchange for course credit. Similar to Study 1, we 
ensured data integrity (see Supplementary Materials 
S1 for more details), leading to the exclusion of 88 par-
ticipants, thus yielding a final sample of 256 (74.4%) 
individuals (189 female, 64 male, and 1 non-specified, 2 
declined to answer, MAge= 22.5 years; SDAge= 5.42 years). 
Participants in both studies gave informed consent, and 
the studies obtained approval from the Research Ethics 
Committee of Eötvös Loránd University Budapest, Hun-
gary (2021/504), under the principles of the Declaration 
of Helsinki.

Measures
Alternating Serial Reaction Time task
To assess probabilistic learning, we employed a visuomo-
tor learning paradigm, the Alternating Serial Reaction 
Time (ASRT) task that demonstrates acceptable reli-
ability [40, 41]. The task was created in JavaScript using 
the jsPsych library version 6.1.0 [42, 43]. Participants 
encountered a visual stimulus, represented by a draw-
ing of a dog’s head, displayed in one of the four positions 
arranged horizontally on the computer screen. Their goal 
was to quickly and accurately identify the location of the 
target stimulus by pressing the corresponding key on the 
keyboard (“S”, “F”, “J”, or “L” keys from left to right, respec-
tively) (Fig. 1A). Stimuli remained visible until a correct 
response was provided, followed by a 120 ms response 
to stimulus interval before the next stimulus appeared. 
In the event of an incorrect response, the target stimulus 
remained present until a correct response was provided. 

Without the participants’ awareness, the stimuli adhered 
to a probabilistic eight-element sequence, alternating 
between pattern and random elements (e.g., 2 – r – 4 – 
r – 3 – r – 1 – r, where “r” denotes a random location, 
and the numbers signify predetermined positions from 
left to right). The task incorporated an alternating struc-
ture where some runs of three consecutive elements were 
more predictable (high-probability triplets) than others 
(low-probability triplets). A trial denotes a single element 
within the sequence, which can be either a pattern or a 
random element, and notably, it serves as the final ele-
ment in a high- or low-probability triplet. For instance, in 
a sequence like 2–r–4–r–3–r–1–r, triplets such as 2-X-4, 
4-X-3, 3-X-1, and 1-X-2 (where X represents the middle 
element of a triplet) occurred more frequently than trip-
lets, such as 2-X-1 or 3-X-2, as their first and third ele-
ments could belong to either a pattern or random trial 
(Fig.  1B). High-probability triplets could be produced 
through the inclusion of either two pattern trials and one 
random trial in the center (occurring in 50% of trials), or 
by incorporating two random trials and one pattern trial 
in the center (occurring in 12.5% of trials). The remain-
ing trials were categorized as low-probability triplets, 
with the final element appearing as random (occurring in 
37.5% of trials) (Fig. 1B).

In Study 1, the ASRT task comprised 25 blocks, encom-
passing 10 repetitions of an eight-element sequence, 
resulting in 80 stimuli within each block (Fig. 1C). After 
completing each block, participants received individual 
feedback on their average accuracy and reaction time, 
but no feedback was given on their learning performance 
(as they were not aware that the task involved the learn-
ing of a regularity).

In Study 2, we utilized the same task structure but 
modified the task design. In the first part, 15 blocks were 
recorded, resulting in 1200 trials (hereafter referred to 
as the Learning phase). During this phase, participants 
learned and practiced a predetermined probabilistic 
sequence (Sequence A: e.g., 2-r-4-r-3-r-1-r). This phase 
was followed by a delay period (M = 46.2 min, SD = 19.5). 
After the break, the second part of the task commenced, 
involving another 15 blocks, from Block 16 to Block 30 
(1200 trials). In Block 16–20, participants were reintro-
duced to the original, well-learned sequence from the 
previous phase (Sequence A). However, in Block 21–25, 
without any prior warning, we changed the sequence 
structure (i.e., Interference phase). We gave partici-
pants the reversed version of the original sequence (e.g., 
Sequence A: 2-r-4-r-3-r-1-r, Sequence B: 1-r-3-r-4-r-2-r). 
In Block 26–30, participants were presented the origi-
nal sequence (A) again (Fig.  1D). The structural change 
in Block 21–25 resulted in some alterations in the prob-
ability of the triplets. Triplets that were high-probabil-
ity during the Learning phase became low-probability 
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during the Interference phase (‘H L’), or they were low-
probability during the Learning phase that became high-
probability during the Interference phase (‘L H’). There 
were also triplets that were low-probability in both con-
ditions (‘L L’). Due to the reversed nature of the sequence 
and the lack of overlap, the formation of ‘H H’ triplets 
was not possible [19]. With this design, in addition to 
assessing probabilistic learning and visuomotor perfor-
mance improvement, we can also measure sensitivity to 
interfering information. Based on Horváth et al. [19], this 
can be achieved in two ways: the difference between per-
formance on ’H L’ and ’L L’ triplets reflects the resistance 
of previously well-learned information to new, interfering 
information (referred to as ‘Old knowledge’). Whereas 

the difference between performance on ’L H’ and ’L L’ 
triplets indicates the robustness of new information com-
pared to previously learned information, so-called ‘New 
knowledge’ (Fig. 1E).

Obsessive-Compulsive Inventory-Revised
The evaluation of OC tendencies involved the use of a 
self-report questionnaire designed to assess both the 
severity and nature of these symptoms. This question-
naire, known as the Revised version of the Obsessive-
Compulsive Inventory (OCI-R; [44]), consists of 18 
items rated on a 5-point Likert scale (0 = Not at all; 
4 = Extremely). Participants were instructed to indicate 
how much each described experience bothered them over 

Fig. 1  ASRT Task Structure and Design. A. In the ASRT task, participants were required to press keys that matched the location of a target stimulus, 
represented by a dog’s head. Every trial followed an 8-element probabilistic sequence. This sequence included random elements interspersed among 
the patterned elements, forming a series like 2-r-4-r-3-r-1-r, where the numbers indicate the locations of the pattern trials from left to right and ‘r’ signi-
fies random positions. B. Formation of triplets in the ASRT task. Pattern elements, which consistently appear in the same positions throughout the task, 
are represented with red backgrounds. Random elements, chosen randomly from four possible positions, are shown with blue backgrounds. Each trial 
was categorized as the third element in a sequence of three consecutive trials (a triplet). The probabilistic sequence structure resulted in some triplets 
occurring more frequently (high-probability triplets) than others (low-probability triplets). For visualization purposes, only three triplets are highlighted 
in this subfigure: 2(P)-1(R)-4(P) as a pattern-ending high-probability triplet, 2(R)-3(P)-4(R) as a random-ending high-probability triplet, and 4(R)-1(P)-2(R) 
as a random-ending low-probability triplet. The formation of high-probability triplets could involve the occurrence of either two pattern trials and one 
random trial at the center, which occurred in 50% of trials, or two random trials and one pattern trial at the center, which occurred in 12.5% of trials. In 
total, 62.5% of all trials constituted the final element of a high-probability triplet, while the remaining 37.5% were the final elements of a low-probability 
triplet. C. ASRT task experimental design in Study 1. In Study 1, the ASRT task comprised 25 blocks, encompassing 10 repetitions of an eight-element 
sequence, resulting in 80 stimuli within each block. D. The ASRT task design in Study 2 involved multiple phases. In the Learning phase, participants were 
given the same sequence (Sequence A) across 15 blocks, with each block containing 80 trials. This was followed by a delay (M = 46.2 min, SD = 19.5), during 
which participants completed questionnaires. In the Interference phase, participants first practiced Sequence A again in Block 16–20. In Block 21–25, the 
underlying sequence was changed without warning to the reversed version of the original sequence (Sequence B). Finally, in Block 26–30, participants 
were re-exposed to Sequence A. E. Investigating updating in the Interference phase in Study 2. The structural change in Block 21–25 resulted in changes 
in the probability of certain triplets. Triplets that were high-probability during the Learning phase became low-probability during the Interference phase 
(‘H L’), while those that were low-probability during the Learning phase became high-probability during the Interference phase (‘L H’). Additionally, some 
triplets remained low-probability in both phases (‘L L’). The difference between the frequencies of ‘H L’ and ‘L L’ triplets reflects the resistance of previously 
well-learned probabilistic information to new interfering information, referred to as ‘Old knowledge’. Conversely, the difference in probabilities between ‘L 
H’ and ‘L L’ triplets indicates the robustness of new probabilistic information compared to previously learned information, referred to as ’New knowledge’
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the preceding month. The OCI-R demonstrates good 
psychometric properties, including strong test-retest reli-
ability and internal consistency, across both clinical [44, 
45] and non-clinical samples [46, 47].The questionnaire 
has a maximum achievable score of 72 points [44–46]. In 
Study 1, the highest score was 58 (M = 20.72, SD = 11.30), 
while in Study 2, it was 51 (M = 14.24, SD = 11.73). The 
distribution of the participant’s OC tendencies is illus-
trated in the Supplementary Materials (Figure S2.A 
(Study 1) and Figure S2.B (Study 2)).

Procedure
Both experiments were hosted by the Gorilla Experiment 
Builder platform (https://www.gorilla.sc) [48] The ​e​x​p​e​r​i​
m​e​n​t​s began with participants reading an informational 
briefing and giving their consent to participation. Follow-
ing this, Study 1 proceeded with the ASRT task, where 
participants completed two practice blocks before engag-
ing in 25 subsequent task blocks. The initial practice 
blocks consisted entirely of random trials, which were 
not analysed here. To evaluate participants’ perception of 
any discernible patterns during the task, we administered 
inquiries after its completion, prompting them to report 
any patterns they noticed throughout the task. Follow-
ing this, participants were questioned regarding their 
awareness of the concealed sequence upon completion 
of the ASRT task. Specifically, they were asked whether 
they detected any regularities or patterns during the task 
and to provide details if they did. None of the partici-
pants could accurately describe the alternating sequence, 
which means that the task could remain entirely implicit, 
as confirmed earlier [19, 32]. Subsequently, we assessed 
the prevalence of OC tendencies with the OCI-R, as 
well as some demographic questions about socioeco-
nomic status, sleep, health, and handedness. Consider-
ing the online nature of the experiment, participants 
were presented with additional brief questions regarding 
the circumstances of task completion. This was aimed at 
controlling for any potential confounding variables in our 
analyses (as seen in Supplementary Materials S1).

In Study 2, after obtaining informed consent, partici-
pants proceeded with the ASRT task, starting with the 
Learning phase. During this phase, participants began 
with two practice blocks to familiarize themselves with 
the task, followed by 15 blocks. The practice phase con-
sisted of two blocks of random stimuli, which were not 
included in the analyses. A delay period followed the 
Learning phase, during which participants completed 
various questionnaires, including the OCI-R and demo-
graphic questions about socioeconomic status, sleep, 
health, and handedness — this period lasted 46.2 min on 
average (± 19.5 SD). Following this, participants entered 
the Interference phase, where they did not perform any 
practice blocks and immediately proceeded to testing. 

After completing Block 30, participants were asked if 
they noticed any patterns during the task and, if so, were 
prompted to recall them. Similar to Study 1, participants 
were presented with the same additional brief questions 
about the conditions under which they completed the 
experiment, as detailed in the Supplementary Materials 
S1, to ensure the integrity of the experimental data.

Data preparation and analysis
Data preparation, statistical analyses, and visualization 
were conducted using R 4.3.3 [49]. Concerning the data 
of the ASRT task, first, we categorized each trial based 
on whether they were the last element of a high- or low-
probability triplet. We excluded responses that were 
not the first one for the given trial. Trials below 150 ms 
and above 1000 ms were also removed, as well as the 
responses below and above three absolute median devi-
ations. Repetitions (e.g., 2-2-2, 1-1-1) and Trills (e.g., 
2-1-2, 3-2-3) were removed from the analysis since par-
ticipants may show faster motor response inclinations on 
these types of trials [50]. Furthermore, we removed the 
first two trials of each block, as they do not belong to any 
identified triplet type. Finally, incorrect responses were 
excluded from the reaction time (RT) analysis. In Study 
1, these criteria necessitated the removal of 18.01% of tri-
als for the learning analyses of accuracy and 25.74% for 
analyses of RTs. In the Learning phase of Study 2, 18.46% 
of trials for analyses of accuracy and 25.37% for analyses 
of RTs; and 17.95% of trials from the Interference phase 
for analyses of accuracy and 24.88% for analyses of RTs 
were removed.

Learning phase
We report performance indicators calculated from both 
RT and accuracy data. We introduce two distinct forms 
of learning: probabilistic learning and improvement in 
visuomotor performance. Probabilistic learning was cal-
culated using the difference in RT/accuracy between 
high-probability and low-probability triplets. At the same 
time, visuomotor performance was operationalized by 
overall task RT/accuracy and its changes over time, indi-
cated by faster/less accurate responses in later blocks, 
regardless of triplet probability. Initially, we assessed 
implicit probabilistic learning and its association with 
OC tendencies during the experiment’s Learning phase.

Trial-level RT (log-transformed) and accuracy (coded 
as 0 for incorrect and 1 for correct) served as the out-
come variables. We utilized Linear Mixed Models 
(LMMs) for analyzing RT, and Generalized Linear Mixed 
Models (GLMMs) for analyzing accuracy. Both LMMs 
and GLMMs were fit with the mixed function from the 
afex package ([51]. These models included fixed effects 
for Time (In Study 1: Factor: Block 1–5, Block 6–10, 
Block 11–15, Block 16–20, Block 21–25 and in Study 2 

https://www.gorilla.sc
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as Factor: Block 1–5, Block 6–10, Block 11–15), Triplet 
Type (Factor: High, Low), OC tendencies (OCI-R score), 
and their higher-order interactions. OCI-R score was a 
continuous variable, therefore, it was mean-centered. 
Please note that, although we used the OCI-R score as a 
continuous variable for all our analyses, for more illustra-
tive data visualization, we depicted results at lower OC 
tendencies (Mean OCI-R score - SD) and higher OC 
tendencies (Mean OCI-R score + SD), based on standard 
deviations from the mean. The models also included 
participant-specific intercepts and correlated slopes for 
the within-subject variables of Time and Triplet Type, 
treated as random effects. In reporting the results, the 
main effects of Time is interpreted as improvement 
in visuomotor performance both on RT and accuracy, 
regardless of probabilistic patterns. Meanwhile, the 
main effect of Triplet Type is seen as an indicator of the 
amount of implicit probabilistic learning, and the inter-
action between Time and Triplet Type represents the 
temporal trajectory of probabilistic learning throughout 
the task. In the learning phase, the last level of the Time 
factor was always the reference: in Study 1, it was Block 
21–25, whereas in Study 2, it was Block 11–15.

Hence, our models were structured according to the 
following general form in lmer syntax:

 
Reaction time: (Log)RT ~ Time * Triplet Type * OCI-R 
score + (Time + Triplet Type| Participant).

 
Accuracy: Accuracy ~ Time * Triplet Type * OCI-R score + 
(Time + Triplet Type| Participant).

Interference phase
To evaluate updating, we incorporated an Interference 
phase within the task, as described in the “Alternating 
Serial Reaction Time task” section. In the Interference 
phase of Study 2, there was a change in the ASRT task 
structure. In Block 20–25, participants got the reversed 
version of the original sequence, which also led to some 
changes in the predictability of the triplets. In the Inter-
ference phase, we investigated two forms of learning: Old 
knowledge and New knowledge. Probabilistic learning is 
computed by comparing RT or accuracy between trials 
with changed occurrence probabilities (’H L’ or ’L H’) and 
trials with unchanged occurrence probabilities (’L L’). 
The difference between ‘H L’ and ’L L’ indicated the reten-
tion of previously learned knowledge (or Old knowledge), 
while the difference in RT or accuracy between ’L H’ and 
’L L’ indicated the acquisition of New knowledge. This 
meant that participants were expected to show increas-
ingly faster responses/higher accuracy in ’L H’ and ‘H L’ 
trials compared to ’L L’ trials in Block 20–25. ’L L’ trials 
served as a baseline for these learning scores, control-
ling for general practice effects. Since ‘L L’ trials were 

consistently low-probability across phases, no significant 
increase in accuracy was expected due to probability-
based learning.

Similarly to the analysis of the Learning phase, Trial-
level RT (log-transformed) and accuracy (coded as 0 for 
incorrect and 1 for correct) served as the outcome vari-
ables for the updating analysis. We utilized LMMs for 
analyzing RT, and GLMMs for analyzing accuracy. Mod-
els included fixed effects for Time (Factor: Block 16–20, 
Block 21–25, Block 26–30), Triplet Type (Factor: For 
‘Old knowledge’‘H L’, ‘L L’, For ‘New knowledge’‘L H’, ‘L 
L’, ), OC tendencies (mean-centered OCI-R score), and 
their higher-order interactions. The models also included 
participant-specific intercepts and correlated slopes for 
the within-subject variables of Time and Triplet Type, 
treated as random effects. In reporting the results, the 
main effect of Time is interpreted as a change in visuo-
motor performance both on RT and accuracy, regardless 
of probabilistic patterns. While the main effect of Trip-
let Type is seen as an indicator of the amount of implicit 
probabilistic learning, the interaction between Time and 
Triplet Type represents the temporal trajectory of learn-
ing. In the interference phase, the last level of the Time 
factor was always the reference (Block 26–30). Please 
note that, for all our analyses, we used the OCI-R score 
as a continuous variable, but for more illustrative data 
visualization, we depicted results at lower OC tenden-
cies (Mean OCI-R score - SD) and higher OC tendencies 
(Mean OCI-R score + SD), based on standard deviations 
from the mean.

For all analyses, we evaluated assumptions of linear-
ity, homoscedasticity, and normality of residuals using 
scatter plots and QQ plots of residuals. The assumptions 
of linearity and homoscedasticity were satisfied for all 
models. However, some models exhibited non-normal 
residuals. Nonetheless, fixed effects estimates of LMMs 
and GLMMs are known to be highly robust against this 
particular assumption violation [52]. Therefore, we con-
sidered our models to be adequate. Sample sizes, includ-
ing the total number of data points and sampling units, 
random effects estimates, Nakagawa’s marginal and con-
ditional R2 [53] and adjusted Intraclass Correlation Coef-
ficients (ICCs) are consistently reported in the summary 
tables (see in Supplementary Materials S2-S9). Post-hoc 
contrasts were performed using the emmeans R package 
after regridding [54]. For fixed effects inference, we uti-
lized Type III tests (for RT models) and Likelihood Ratio 
Tests (for accuracy models) by comparing nested models 
with and without the effect of interest. Figures were gen-
erated with ggplot2 [55]. P values from all post-hoc tests 
were adjusted for multiple comparisons using the Šidák 
method [56]. Alpha level 0.05 was applied to all analy-
ses, and all p-values are two-tailed. All data and code 
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required to reproduce the results of this study are avail-
able on the OSF repository (https://osf.io/fae2z/).

Results
How did obsessive-compulsive tendencies relate to 
probabilistic learning? - Study 1
The RT model indicated a statistically significant main 
effect of Time (F(4,172.93) = 91.55, p <.001), showing that 
participants’ response times improved in subsequent 
blocks (Block 1–5: 375 ms, 95% CI = [369, 381]; Block 
6–10: 371 ms, 95% CI = [366, 377]; Block 11–15: 363 ms, 
95% CI = [358, 368]; Block 16–20: 355 ms, 95% CI = [350, 
359]; Block 21–25: 349 ms, 95% CI = [344, 354]; (Block 
1–5) - (Block 6–10) contrast p <.005, (Block 1–5) - (Block 
11–15) contrast p <.001, (Block 1–5) - (Block 16–20) con-
trast p <.001, (Block 1–5) -(Block 21–25) contrast p <.001, 
(Block 6–10) - (Block 11–15) contrast p <.001, (Block 
6–10) - (Block 16–20) contrast p <.001; (Block 6–10) - 
(Block 21–25) contrast p <.001, (Block 11–15) - (Block 
16–20) contrast p <.001, (Block 11–15) - (Block 21–25) 
contrast p <.001; (Block 16–20) - (Block 21–25) contrast 
p <.001). There was a statistically significant main effect 
of Triplet Type (F(1,159.69) = 306.70, p <.001), with faster 
RTs for high-probability triplets than for low-probability 
triplets, indicating implicit probabilistic learning (High: 
359 ms, 95% CI = [354, 364]; Low: 366 ms, 95% CI = 
[362, 371]). A statistically significant Time × Triplet Type 
interaction was observed (F(4, 243525.33) = 20.83, p <.001), 
which reflected an enhancement in implicit probabilis-
tic learning as time progressed (Low – High contrast in 
Block 1–5: 3.59 ms, 95% CI = [2.13, 5.05]; in Block 6–10: 
5.98 ms, 95% CI = [4.52, 7.43]; in Block 11–15: 8.16 ms, 
95% CI = [6.74, 9.58]; in Block 16–20: 10.14 ms, 95% CI 
= [8.74, 11.53]; in Block 21–25: 9.95 ms, 95% CI = [8.86, 
11.33]; (Block 1–5) - (Block 6–10) contrast p <.113, 
(Block 1–5) - (Block 11–15) contrast p <.001, (Block 1–5) 
- (Block 16–20) contrast p <.001, (Block 1–5) -(Block 
21–25) contrast p <.001, (Block 6–10) - (Block 11–15) 
contrast p <.186, (Block 6–10) - (Block 16–20) contrast 
p <.001; (Block 6–10) - (Block 21–25) contrast p <.001, 
(Block 11–15) - (Block 16–20) contrast p =.227, (Block 
11–15) - (Block 21–25) contrast p =.412; (Block 16–20) 
- (Block 21–25) contrast p >.999). The main effect of the 
OCI-R score was not significant (F(1,161.99) = 0.95, p =.330), 
indicating that OC tendencies were not associated with 
baseline reaction time. Changes in visuomotor perfor-
mance were also intact along the OC-spectrum as pre-
sented by the absence of a statistically significant Time × 
OCI-R interaction (F(4, 172.68) = 1.45, p =.220). Additionally, 
no significant interaction was found for either the Triplet 
Type × OCI-R score (F(1, 159.45) = 0.11, p =.736) and Triplet 
Type × Time × OCI-R score (F(4, 243622.68) = 1.66, p =.157), 
which suggests that OC tendencies did not influence the 
amount and trajectory of implicit probabilistic learning 

(Fig. 2A).The full list of fixed and random effect param-
eters can be found in Supplementary Table S3.

With regards to accuracy, the model resulted in a sta-
tistically significant main effect of Time (χ2 (4) = 40.07, 
p <.001), indicating that participants became less accu-
rate in subsequent blocks (Block 1–5: 92.1%, 95% CI 
= [91.4, 92.7]; Block 6–10: 91.2%, 95% CI = [90.4, 91.8]; 
Block 11–15: 91.1%, 95% CI = [90.5, 91.8]; Block 16–20: 
90.6%, 95% CI = [89.9, 91.2]; Block 20–25: 90.0%, 95% 
CI = [89.2, 90.7]; (Block 1–5) - (Block 6–10) contrast 
p =.002, (Block 1–5) - (Block 11–15) contrast p =.009, 
(Block 1–5) - (Block 16–20) contrast p <.001, (Block 1–5) 
-(Block 21–25) contrast p <.001, (Block 6–10) - (Block 
11–15) contrast p >.999, (Block 6–10) - (Block 16–20) 
contrast p =.296; (Block 6–10) - (Block 21–25) contrast 
p =.003, (Block 11–15) - (Block 16–20) contrast p =.177, 
(Block 11–15) - (Block 21–25) contrast p <.001; (Block 
16–20) - (Block 21–25) contrast p =.136). There was also 
a statistically significant main effect of Triplet Type (χ2 
(1) = 131.58, p <.001), with higher accuracy for high-prob-
ability triplets than for low-probability triplets, demon-
strating implicit probabilistic learning (High: 92.3%, 95% 
CI = [91.7, 92.8]; Low: 89.6%, 95% CI = [88.9, 90.3]). A 
statistically significant Time × Triplet Type interaction 
showed an improvement in probabilistic learning as the 
task progressed (χ2 (4) = 21.89, p <.001) (High – Low con-
trast in Block 1–5: 1.50%, 95% CI = [0.93, 2.06]; in Block 
6–10: 2.60%, 95% CI = [1.97, 3.23]; in Block 11–15 2.60%, 
95% CI = [1.98, 3.22]; Block 16–20: 3.33%, 95% CI = 
[2.68, 3.98]; in Block 21–25: 3.56%, 95% CI = [2.88, 4.24]; 
(Block 1–5) - (Block 6–10) contrast p =.032, (Block 1–5) 
- (Block 11–15) contrast p =.032, (Block 1–5) - (Block 
16–20) contrast p <.001, (Block 1–5) - (Block 21–25) 
contrast p <.001, (Block 6–10) - (Block 11–15) contrast 
p >.999, (Block 6–10) - (Block 16–20) contrast p =.493; 
(Block 6–10) - (Block 21–25) contrast p =.164, (Block 
11–15) - (Block 16–20) contrast p =.503, (Block 11–15) 
- (Block 21–25) contrast p =.167; (Block 16–20) - (Block 
21–25) contrast p >.999). The main effect of OCI-R score 
revealed that higher OC tendencies were associated with 
more accurate responses (χ2 (1) = 5.08, p =.024) Low OC 
tendencies: 90.3%, 95% CI = [89.4, 91.1]; High OC ten-
dencies: 91.7%, 95% CI = [90.9, 92.4]. Similarly to the RT 
model, neither interaction involving the OCI-R score was 
statistically significant, indicating that OC tendencies did 
not substantially influence probabilistic learning or its 
dynamics as assessed by accuracy (Triplet Type × OCI-R 
score: χ2 (1) = 0.27, p =.605; Time × Triplet Type × OCI-R 
score: χ2 (4) = 6.11, p =.191) as seen in Fig. 2C. The full list 
of fixed and random effect parameters can be found in 
Supplementary Table S4.

To investigate the relationship between OC tenden-
cies and probabilistic learning, we examined the corre-
lation between the OCI-R total score and the difference 

https://osf.io/fae2z/
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learning score. The difference score was calculated as the 
difference in median RT and mean accuracy between 
high- and low-probability trials across the task’s tempo-
ral trajectory (Block 1–5, Block 6–10, Block 11–15, Block 
16–20, Block 21–25), and then averaged across these 
five segments. Neither the correlation between probabi-
listic learning and OC tendencies in RT (r(162) = −.029, 
p =.709) nor in accuracy (r(162) = −.035; p =.653) was sig-
nificant (Fig. 2B, D).

Summary of Study 1
In Study 1, we examined the relationship between the 
acquisition of probability-based structures and OC ten-
dencies in a non-clinical population. We assessed implicit 
probabilistic learning with an unsupervised learning par-
adigm. Our results indicate that OC tendencies are not 
associated with individual differences in the acquisition 

of implicit probabilistic information, as presented by the 
lack of significant interactions involving OCI-R score 
during our analyses. Overall, this result implies that 
probabilistic learning is unaffected amongOC tenden-
cies. Nevertheless, the complexity of learning renders 
it even more interesting to examine the updating ability 
of learned probabilistic representations, as behaviour is 
strongly influenced not only by the information learned 
but also by the ability to manipulate it, especially in terms 
of OC behavioural representations. Thus, in order to 
gain a deeper understanding of maladaptive behavioural 
patterns in OCD, in Study 2, we were interested in both 
the resistance of acquired predictive representations 
and their updating ability to a new condition among OC 
tendencies.

Fig. 2  Probabilistic learning performance metrics as a function of OC tendencies in Study 1 A. Probabilistic learning performance in terms of temporal 
trajectory (blockwise) reaction time. The orange line represents the responses to the low-probability triplets and the purple line represents responses 
to the high-probability triplets. Note that OC tendencies measured by OCI-R score was treated as a continuous variable in our analyses, but for more 
illustrative data visualization, we depicted results at Lower OC tendencies (OCI-R score: 20.73–11.33, on the left) and Higher OC tendencies (OCI-R score: 
20.73 + 11.33, on the right) based on standard deviations from the mean. The x-axis indicates Time (Block 1–5, Block 6–10, Block 11–15, Block 16–20, Block 
21–25), y-axis indicates RT (in ms). Participants also showed evidence of implicit SL, as they increasingly became faster for high-probability triplets than for 
low-probability triplets as the task progressed. However, OC tendencies did not influence either the amount, or the trajectory of learning. In all subfigures, 
points indicate means and error bars indicate SEM. B. Correlation between OC tendencies and difference learning scores based on reaction time for 
low- and high-probability triplets for the entire task. The correlation between probabilistic learning and OC tendencies in reaction time was not signifi-
cant (r(162) = −.029, p =.709), indicating that OC tendencies do not relate to probabilistic learning as measured by reaction time. C. Probabilistic learning 
performance in terms of temporal trajectory (blockwise) mean accuracy. The orange line represents the responses to the low probability triplets and the 
purple line represents responses to the high-probability triplets. Note that OC tendencies were treated as a continuous variable in our analyses, but for 
more illustrative data visualization, we demonstrated results at Lower OC tendencies (OCI-R score: 20.73–11.33, on the left) and Higher OC tendencies 
(OCI-R score: 20.73 + 11.33, on the right) based on standard deviations from the mean. X-axis indicates Time [1–5], y-axis indicates mean accuracy (in %). 
Participants also showed evidence of implicit probabilistic learning, as they increasingly became more accurate for high-probability triplets than for low-
probability triplets as the task progressed. However, OC tendencies did not influence the amount, nor the trajectory of learning. In all subfigures, points 
indicate means and error bars indicate SEM. D. Correlation between OC tendencies and difference learning scores based on accuracy for high- and low-
probability triplets for the entire task. The correlation between probabilistic learning and OC tendencies in accuracy was not significant (r (162) = −.035; 
p =.653), indicating that OC tendencies do not relate to probabilistic learning as measured by accuracy
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Results of Study 2
To evaluate the stability of the previously acquired infor-
mation, in the Interference phase of Study 2, the task 
structure was changed. In Block 21–25, unbeknownst 
to the participants, we introduced the reversed version 
of the original sequence. For the analysis of this phase, 
we categorized triplets based on their predictability in 
the two sequences: ‘H L’ triplets had high-probability 
in the original sequence, but low-probability in the new 
sequence, ‘L H’ triplets had low-probability in the origi-
nal sequence, but high-probability in the new sequence, 
and ‘L L’ triplets were low-probability in both, serving 
as a baseline during our analysis. Previously established 
knowledge (’Old knowledge’) is represented by the per-
formance difference between ‘L L’ and ‘H L’ triplets, while 
the acquisition of new probabilistic information (New 
knowledge) is measured by comparing the performance 
between ‘L L’ and ‘L H’ triplets.

To explore how OC tendencies affected the resistance 
to previously acquired knowledge (Old knowledge) and 
the adjustment to novel information (New knowledge), 
we used trial-level (log-transformed) RT and accuracy 
during the Interference phase as outcome variables. The 
fixed effects in the models included Time factor (Block 
15–20, Block 21–25, Block 26–30), Triplet Type (for Old 
knowledge: ‘H L’, ‘L L’, and for New knowledge: ‘L H’ and 
‘L L’), OCI-R score (as a continuous variable), and their 
interactions. Note that the main effect of Triplet Type 
and its interactions indicate differences in learning, while 
main effects and interactions excluding this factor can be 
interpreted as differences in visuomotor performance. 
Furthermore, the OCI-R score was treated as a continu-
ous variable in our analyses. However, for more illustra-
tive data visualization, we presented results at Lower OC 
tendencies (M-SD) and Higher OC tendencies (M + SD) 
based on standard deviations from the mean.

How did obsessive-compulsive tendencies modulate 
the resistance to previously acquired probabilistic 
information? - Old knowledge
In order to investigate the role of OC tendencies in updat-
ing predictive representations, we first also report perfor-
mance in the Learning phase for both RT and accuracy. 
Then, we can properly interpret resistance to the acquired 
information. In terms of RT, the model yielded a statis-
tically significant main effect of Time (F(2,271.73) = 44.84, 
p <.001), showing that participants became faster in sub-
sequent Blocks (Block 1–5: 385 ms, 95% CI = [380, 389]; 
Block 6–10: 384 ms, 95% CI = [380, 388]; Block 11–15: 
376 ms, 95% CI = [372, 380]; (Block 1–5) - (Block 6–10) 
contrast p =.743, (Block 1–5) - (Block 11–15) contrast 
p <.001, (Block 6–10) - (Block 11–15) contrast p <.001). 
There was a statistically significant main effect of Trip-
let Type (F(1,250.03) = 181.05, p <.001), with faster reaction 

times for high-probability triplets than for low-proba-
bility triplets, indicating implicit probabilistic learning 
(High: 379 ms, 95% CI = [375, 383]; Low: 384 ms, 95% 
CI = [380, 388]). A statistically significant Time × Trip-
let Type interaction was observed (F(2, 226324.76) = 12.03, 
p <.001), which reflected a temporal enhancement in 
implicit probabilistic learning (Low – High contrast in 
Block 1–5: 3.86 ms, 95% CI = [2.65, 5.08]; in Block 6–10: 
5.05 ms, 95% CI = [3.83, 6.26]; in Block 11–15: 7.51 ms, 
95% CI = [6.32, 8.71]; (Block 1–5) - (Block 6–10) contrast 
p =.361, (Block 1–5) - (Block 11–15) contrast p <.001, 
(Block 6–10) - (Block 11–15) contrast p =.006). Neither 
the main effect nor any interactions involving the OCI-R 
score were statistically significant, implying that OC ten-
dencies did not influence implicit probabilistic learning. 
The full list of fixed and random effect parameters can be 
found in Supplementary Table S5.

In terms of Old knowledge, the RT model pro-
duced a statistically significant main effect of Time 
(F(2,380.08) = 102.42, p <.001). Participants became gener-
ally slower after being exposed to the new sequence dur-
ing Block 21–25 (Block 16–20: 350 ms, 95% CI = [346, 
354]; Block 21–25: 361 ms, 95% CI = [358, 365]; Block 
26–30: 363 ms, 95% CI = [359, 367]; (Block 16–20) - 
(Block 21–25) contrast p <.001, (Block 21–25) - (Block 
26–30) contrast p <.001, (Block 21–25) - (Block 26–30) 
contrast p =.089). There was a statistically significant 
main effect of Triplet Type (F(1, 269.72) = 251.06, p <.001), 
with faster reaction times to ‘H L’ triplets than to ‘L L’ 
triplets (‘H L’: 354 ms, 95% CI = [350, 358]; ‘L L’: 363 ms, 
95% CI = [359, 366]). This suggests that, overall, partici-
pants maintained implicit knowledge of the old sequence 
despite being exposed to the new sequence. Additionally, 
the absence of a statistically significant Time × Triplet 
Type interaction (F(2, 156913.57) = 1.86 p =.156) indicates 
that this resistance to interference was consistent across 
all Blocks. However, this resistance was not modulated by 
OC tendencies (Fig. 4A), based on the absence of statisti-
cally significant interactions involving the OCI-R score: 
(Time x OCI-R score: F(2, 280.70) = 2.56, p =.079; Triplet 
Type × OCI-R score: F(1, 270.58) = 1.85, p =.174; Time × 
Triplet Type × OCI-R score: F(2, 156116.00) = 1.42, p =.241), 
as well as main effect of OCI-R score F(1, 254.25) = 0.81, 
p =.370) (Fig. 3A). The full list of fixed and random effect 
parameters can be found in Supplementary Table S6.

For the accuracy indices, we first also report partici-
pants’s performance in the Learning phase. Similar to RT, 
the accuracy model resulted in a statistically significant 
main effect of Time (χ2 (2) = 56.66, p <.001), showing that 
participants became less accurate in later blocks (Block 
1–5: 92.8%, 95% CI = [92.3, 93.3]; Block 6–10: 91.4%, 95% 
CI = [90.9, 91.9]; Block 11–15: 91.1%, 95% CI = [90.6, 
91.6]; (Block 1–5) - (Block 6–10) contrast p <.001, (Block 
1–5) - (Block 11–15) contrast p <.001, (Block 6–10) 
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- (Block 11–15) contrast p =.256). There was a statistically 
significant main effect of Triplet Type (χ2 (1) = 167.70, 
p <.001), with higher accuracy for high-probability trip-
lets than for low-probability triplets, evidencing implicit 
probabilistic learning (High: 92.8%, 95% CI = [92.4, 93.2]; 
Low: 90.7%, 95% CI = [90.2, 91.2]). Moreover, Time × 
Triplet Type showed a significant interaction, indicating 
improved probabilistic learning with time (χ2 (2) = 22.40, 
p <.001), (High – Low contrast in Block 1–5: 1.36%, 95% 
CI = [0.95, 1.78]; in Block 6–10: 2.14%, 95% CI = [1.68, 
2.59]; in Block 11–15: 3.13%, 95% CI = [2.66, 3.61]; (Block 
1–5) - (Block 6–10) contrast p =.246, (Block 1–5) - (Block 
11–15) contrast p <.001, (Block 6–10) - (Block 11–15) 
contrast p =.004). The main effect of OCI-R score indi-
cated less accurate responses with a higher level of OC 
tendencies (χ2 (1) = 6.42, p =.011; Low OC tendencies: 
92.4%, 95% CI = [91.8, 92.9]; High OC tendencies: 91.3%, 
95% CI = [90.6, 91.9]). However, in terms of visuomotor 
performance improvement, OC tendencies had no influ-
ence (Time × OCI-R score: χ2 (2) = 0.65, p =.725). There 
was no interaction between Triplet Type × OCI-R score 
(χ2 (1) = 0.22, p =.635), showing that the prevalence of OC 
tendencies did not influence the amount of implicit prob-
abilistic learning. Meanwhile, a statistically significant 
Time × Triplet Type × OCI-R score interaction revealed 
that participants with higher OC tendencies demon-
strated faster extraction of probability-based structures 

(χ2 (2) = 7.06, p =.029) as assessed by accuracy: Lower OC 
tendencies: Block 1–5: 1.39%, 95% CI = [0.84, 1.94]; in 
Block 6–10: 1.70%, 95% CI = [1.09, 2.31]; in Block 11–15: 
3.33%, 95% CI = [2.69, 3.97]; (Block 1–5) - (Block 6–10) 
contrast p =.816, (Block 1–5) - (Block 11–15) contrast 
p <.001, (Block 6–10) - (Block 11–15) contrast p <.001). 
Higher OC tendencies: Block 1–5: 1.33%, 95% CI = [0.75, 
1.91]; in Block 6–10: 2.61%, 95% CI = [1.96, 3.27]; in 
Block 11–15: 2.90%, 95% CI = [2.22, 3.57]; (Block 1-5)–
(Block 6-10) contrast p =.007, (Block 1–5) - (Block 11-15) 
contrast p <.001, (Block 6-10) - (Block 11-15) contrast 
p =.899). The full list of fixed and random effect param-
eters can be found in Supplementary Table S7. 

The accuracy model regarding Old knowledge resulted 
in a statistically significant main effect of Time (χ2 
(2) = 12.27, p =.002): participants became less accurate 
in the upcoming blocks (Block 16–20: 92.1%, 95% CI = 
[91.6, 92.5]; Block 21–25: 91.4%, 95% CI = [90.9, 91.9]; 
Block 26–30: 91.3%, 95% CI = [90.9, 91.8]; (Block 16–20) 
- (Block 21–25) contrast p =.018, (Block 16–30) - (Block 
26–30) contrast p =.004, (Block 21–25) - (Block 26–30) 
contrast p =.982). There was a statistically significant 
main effect of Triplet Type (χ2 (1) = 107.06, p <.001), with 
higher accuracy for ‘H L’ trials than for ‘L L’ trials, indi-
cating the resistance of the previously acquired informa-
tion (‘H L’: 92.8%, 95% CI = [92.4, 93.2]; ‘L L’: 90.3%, 95% 
CI = [89.7, 90.8]). There was also a statistically significant 

Fig. 3  Participants’ performance during the Interference phase of Study 2 in terms of Old knowledge. A. Reaction time. The green line represents the 
responses to ‘H L’ probability triplets (triplets that were high-probability during the Learning phase but became low-probability during the Interference 
phase), and the yellow line represents the responses to ‘L L’ probability triplets (which were low-probability in both phases). The X-axis indicates Time 
(Block 16–20, Block 21–25, Block 26–30), the Y-axis indicates mean reaction time (in ms). Triplets are now categorized based on the changes in their 
predictability between Sequence A and Sequence B. Participants showed a resistance of previously acquired implicit knowledge to interference as they 
retained the performance difference between ‘H L’ and ‘L L’ triplets even after exposure to Sequence B. B. Accuracy. The green line represents the responses 
to the ‘H L’ probability (triplets that were high-probability during the Learning phase but became low-probability during the Interference phase), and 
the yellow line represents the responses to the ‘L L’ probability triplets (which were low-probability in both conditions). The X-axis indicates Time (Block 
16–20, Block 21–25, Block 26–30),the Y-axis indicates mean accuracy (in %). Triplets are now categorized based on the changes in their predictability 
between Sequence A and Sequence B. Participants showed a resistance of previously acquired implicit knowledge to interference as they retained the 
performance difference between ‘H L’ and ‘L L’ triplets even after exposure to Sequence B in terms of accuracy. Note that, OC tendencies was treated as a 
continuous variable in our analyses, but for more illustrative data visualization, we exhibited results at Lower OC tendencies (OCI-R = 14.24–11.73, on the 
left) and Higher OC tendencies OCI-R = 14.24 + 11.73, on the right) based on standard deviations from the mean. In all subfigures, points indicate means 
and error bars indicate SEM
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Time × Triplet Type interaction (χ2 (2) = 19.83, p <.001), 
which stemmed from increasing probabilistic learning 
with the progression of the task (‘H L’–’ L L’ contrast in 
Block 16–20: 3.16%, 95% CI = [2.54, 3.78]; in Block 21–25: 
1.41%, 95% CI = [0.67, 2.16]; in Block 26–30: 3.03%, 95% 
CI = [2.38, 3.68]; (Block 16–20) - (Block 21–25) contrast 
p <.001, (Block 16–20) - (Block 26–30) contrast p =.984, 
(Block 21–25) - (Block 26–30) contrast p =.002). OC ten-
dencies did not influence the accuracy of responses in the 
Interference phase (OCI-R score main effect: χ2 (1) = 0.89, 
p =.347), nor on the improvement of visuomotor perfor-
mance (Time × OCI-R score: χ2 (2) = 2.07, p =.355). The 
absence of Triplet Type × OCI-R score interaction indi-
cates that OC tendencies did not modulate the resistance 
to previously acquired probabilistic information (Triplet 
Type × OCI-R score: χ2 (1) = 0.17, p =.677), and the pro-
gression of learning (Time x Triplet Type × OCI-R score: 
χ2 (2) = 1.42, p =.491) as assessed by accuracy (Fig.  3B).
The full list of fixed and random effect parameters can be 
found in Supplementary Table S8.

How did obsessive-compulsive tendencies relate to the 
ability to acquire novel probabilistic information? - New 
knowledge
The RT model effectively identified the impact of expo-
sure to the new sequence, leading to a statistically signifi-
cant main effect of Time (F(2, 267.81) = 97.50, p <.001), with 
participants becoming overall slower after the introduc-
tion of the new sequence in Block 21–25 (Block 16–20: 
354 ms, 95% CI = [350, 358]; Block 21–25: 364 ms, 95% CI 
= [360, 368]; Block 26–30: 367 ms, 95% CI = [363, 371]; 
(Block 16–20) - (Block 21–25) contrast p <.001, (Block 
16–20) - (Block 26–30) contrast p <.001, (Block 21–25) - 
(Block 26–30) contrast p =.006). There was a statistically 
significant main effect of Triplet Type (F(1,273.93) = 11.92 
p <.001), with faster reaction times for ‘L H’ triplets than 
for ‘L L’ triplets (‘L H’: 361 ms, 95% CI = [357, 364]; ‘L L’: 
363 ms, 95% CI = [359, 366]), which highlights that par-
ticipants gained implicit knowledge of the new sequence. 
A statistically significant Time × Triplet Type interaction 
indicates the extraction of the new probabilistic informa-
tion (F(2, 109858.63) = 3.82, p =.022), (Low – High contrast 
in Block 16–20: 0.32 ms, 95% CI = [-1.47, 2.11]; in Block 
21–25: 3.28 ms, 95% CI = [1.77, 4.78]; in Block 26–30: 
2.63 ms, 95% CI = [0.76, 4.49]; (Block 16–20) - (Block 
21–25) contrast p =.017, (Block 16–20) - (Block 26–30) 
contrast p =.158, (Block 21–25) - (Block 26–30) contrast 
p =.909). No main effect of OCI-R score (F(1, 254.27) = 0.78, 
p =.379) or interaction involving OCI-R score was statis-
tically significant, suggesting that OC tendencies did not 
modulate the acquisition of new implicit knowledge or 
visuomotor performance to interference during the inter-
ference phase of the experiment, as assessed by RT (Time 
× OCI-R score: F(2, 269.49) = 2.93, p =.055; Triplet Type × 

OCI-R score: F(1, 276.32) = 1.80, p =.180; Time × Triplet 
Type × OCI-R score: F(2, 109860.25) = 1.21, p =.299) (Fig. 4A).
The full list of fixed and random effect parameters can be 
found in Supplementary Table S9.

In terms of accuracy, participants became less accu-
rate in subsequent blocks as indicated by a main effect of 
Time (χ2 (2) = 39.85, p <.001). Block 16–20: 90.7%, 95% CI 
= [90.1, 91.3]; Block 21–25: 91.4%, 95% CI = [90.9, 91.8]; 
Block 26–30: 89.6%, 95% CI = [89.0, 90.2]; (Block 16–20) 
- (Block 21–25) contrast p =.039, (Block 16–20) - (Block 
26–30) contrast p =.003, (Block 21–25) - (Block 26–30) 
contrast p <.001). There was a statistically significant 
main effect of Triplet Type (χ2 (1) = 6.58, p =.010), with 
higher accuracy for ’L H’ trials than for ’L L’ trials, indi-
cating the acquisition of the novel implicit knowledge (’L 
H’: 90.9%, 95% CI = [90.4, 91.3]; ’L L’: 90.3%, 95% CI = 
[89.8, 90.8]). There was also a statistically significant Time 
× Triplet Type interaction (χ2 (2) = 8.67, p =.013), which 
resulted from a better acquisition of the novel informa-
tion with Time (’L H’ – ’L L’ contrast in Block 16–20: 
0.50%, 95% CI = [-0.13, 2.53]; in Block 21–25: 1.20%, 
95% CI = [0.61, 1.80]; in Block 26–30: 0.04%, 95% CI = 
[-0.84, 0.76]; Block 16–20 - Block 21–25 contrast p =.339, 
Block 16–20 - Block 26–30 contrast p =.672, Block 21–25 
- Block 26–30 contrast p =.029). Similarly to RT, OC ten-
dencies did not influence mean accuracy in the Interfer-
ence phase, as shown by a lack of significant main effect 
of OCI-R score (χ2 (1) = 1.67, p =.197). Furthermore, it 
indicated no modulating effect on visuomotor perfor-
mance (Time × OCI-R score interaction: χ2 (2) = 0.62, 
p =.733), and nor did it influence the ability to obtain new 
probabilistic information (Triplet Type × OCI-R score: χ2 
(1) = 1.26, p =.261), or its temporal progression (Time × 
Triplet Type × OCI-R score: χ2 (2) = 1.01, p =.603) as seen 
in Fig. 4B. The full list of fixed and random effect param-
eters can be found in Supplementary Table S10.

Summary of study 2
In Study 2, we took a step further by investigating how 
OC tendencies influence potential individual differences 
in the non-clinical population regarding the resistance to 
and updating of predictive representations when adapt-
ing to volatile conditions. To investigate the role of OC 
tendencies in updating predictive representations, it 
was fundamental to measure the acquisition of proba-
bility-based structures in Study 2, too. Our results dem-
onstrated strong performance in learning; however, in 
terms of accuracy, higher OC tendencies were associated 
with faster extraction of probability-based structures. 
This suggests that while the amount of learning may not 
vary, individual differences in the pattern of learning 
could emerge among OC tendencies. In terms of updat-
ing, in contrast to prior studies [5, 7, 33, 34], participants 
in the present experiment were not notified about any 
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structural changes in the task. Our results indicate that 
OC tendencies are not associated with individual differ-
ences in the resistance of predictive representations, as 
evidenced by the lack of significant interactions involving 
OCI-R scores in the analysis related to ‘Old knowledge’. 
Similarly, we found no individual differences related to 
OC tendencies in the updating of predictive representa-
tions, as demonstrated by the results for ‘New knowledge’. 
Overall, this suggests that the resistance and updating of 
predictive representations are not influenced by OC ten-
dencies in the non-clinical population.

Discussion
In this study, we aimed to investigate potential individual 
differences in probabilistic learning and in updating pre-
dictive representations related to OC tendencies within 
the non-clinical population among university students. 
We implemented online experiments on two indepen-
dent non-clinical samples (NStudy1 = 164, NStudy2 = 256), 
measuring OC tendencies as a continuous spectrum 
from the mildest prevalence to the highest. In Study 1, 
we focused on the implicit unsupervised acquisition of 
probabilistic contingencies, and our results indicated 
robust implicit probabilistic learning among OC tenden-
cies. We took a step further in Study 2 by examining the 
ability to update predictive representations among OC 
tendencies. Our findings revealed that individuals with 

elevated OC tendencies within a non-clinical population 
demonstrated superb updating capabilities of predictive 
representations. The results will be discussed here from 
three key perspectives: (I) the presence or absence of 
supervision, (II) the predictability of the information and 
(III) the level of awareness during the task.

Initially, theories posited that obsessions and com-
pulsions continuously reinforce each other to obtain 
a rewarding sense of relief or avoid perceived conse-
quences, even when perceived as irrational, they can-
not control it [2]. This proposition was supported by 
the majority of studies demonstrating intact supervised 
learning in individuals with OCD [5, 7–11]but for excep-
tions see: [12, 13], showing that supervision makes learn-
ing efficient in OCD. Nevertheless, learning can occur 
also in the absence of supervision, and this form of learn-
ing has yielded mostly weaker results in OCD research 
to date [22–27], but for exceptions see: [28–30]. Conse-
quently, our findings corroborate previous studies, indi-
cating that non-clinical individuals with different levels of 
OC tendencies are also capable of learning effectively in 
an unsupervised context, just like individuals with clini-
cal OCD [28–30]. This suggests that the issue lies not in 
the presence or absence of supervision, but in factors 
beyond that, as there are learning conditions in an unsu-
pervised manner that can still be beneficial for them. One 
such factor that might influence the learning process is 

Fig. 4  Participants’ performance during the Interference phase of Study 2 in terms of New knowledge. A. Reaction time. The pink line represents the re-
sponses to the ‘L H’ probability triplets (that were low-probability during the Learning phase but became high-probability during the Interference phase)
and the yellow line represents the responses given to the ‘L L’ probability triplets (which were low-probability in both conditions). The x-axis indicates 
Time (Block 16–20, Block 21–25, Block 26–30), the Y-axis indicates mean reaction time (in ms). Triplets are now categorized based on the changes in their 
predictability between Sequence A and Sequence B. Participants showed a successful acquisition of novel implicit knowledge as they started to differen-
tiate between ’L H’ and ‘L L’ triplets in Sequence B, however, it was not modulated by the level of the OC tendencies. B. Accuracy. The pink line represents 
the responses to the L H’ probability triplets (that were low-probability during the Learning phase but became high-probability during the Interference 
phase) and the yellow line represents the responses to the ‘L L’ probability triplets (which were low-probability in both phases). The x-axis indicates Time 
(Block 16–20, Block 21–25, Block 26–30), Y-axis indicates mean accuracy (in %). Participants demonstrated a successful acquisition of novel implicit knowl-
edge as they started to differentiate between‘ L H’ and ‘L L’ triplets in Sequence B, however, it was not modulated by the severity of the OC tendencies. 
Note that OC tendencies were treated as a continuous variable in our analyses, but for more illustrative data visualization, we exhibited results at Lower 
OC tendencies (OCI-R = 14.24–11.73, on the left) and Higher OC tendencies (OCI-R = 14.24 + 11.73, on the right) based on standard deviations from the 
mean. In all subfigures, points indicate means and error bars indicate SEM
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the predictability of the information wich could contrib-
ute to the complete implicitness of the process [19, 32]. 
Our results add to our understanding of the acquisition 
of more complex, probabilistic contingencies in rela-
tion to OC tendencies and clinical OCD, demonstrat-
ing robust performance akin to previous studies [9–11]
but for exceptions see: [12, 13, 33]. Performance is also 
inconsistent when it comes to deterministic contingen-
cies: easier associative patterns evoke efficient learning 
[5, 7] while fixed, repetitive first-order adjacent patterns 
(i.e., where one subsequently presented stimuli predict 
the upcoming one) evoke reduced performance [22–26] 
and intact performance in clinical OCD [8, 29, 30] and 
also among non-clinical OC tendencies [31, 33]. A recent 
study highlighted potential differences in performance 
under probabilistic versus deterministic conditions [33]. 
Building on this, we have demonstrated that individuals 
with non-clinical OC tendencies can efficiently acquire 
second-order probabilistic contingencies. However, 
further research is needed to elucidate the underlying 
factors influencing preferences for probabilistic or deter-
ministic contingencies in both OCD and non-clinical OC 
populations.

Given that individuals with OCD, despite recogniz-
ing their actions as irrational, are unable to stop them, 
a third key factor influencing learning processes might 
be the explicit awareness during acquisition. In most 
studies, participants were explicitly informed that they 
were engaged in a learning process, and these stud-
ies mostly demonstrated intact performance [5, 7, 8, 26, 
31]. In cases where participants were unaware that they 
were learning, studies have shown mixed results: some 
reported reduced performance [12, 13, 22–27], while 
others observed intact performance [9–11, 28–30]. Many 
of these studies have been criticized, as participants 
often acquired the tasks rapidly and efficiently, facilitat-
ing a transition from implicit to explicit learning [21, 26, 
28]. In fact, in some cases, even superior explicit aware-
ness was observed [22, 23]. Moreover, a study compar-
ing explicit and implicit learning conditions found that 
individuals with OCD performed better when they had 
explicit knowledge of the learning process [26]. Our cur-
rent findings, however, contradict this interpretation, as 
our participants were able to efficiently acquire informa-
tion without any awareness of the learning process—sim-
ilarly to a recent study where learning could also remain 
entirely implicit [28]. While this study did not directly 
assess the impact of task explicitness, the incorporation 
of second-order, non-adjacent dependencies within a 
noisy environment, along with the fact that participants 
were not informed they were in a learning condition, 
effectively maintained the task as entirely implicit [19, 
32]. Future research is therefore needed to pinpoint the 

effect of explicit instructions on probabilistic contingen-
cies, expanding on those applied to deterministic ones.

Beyond the implicit extraction of probabilistic contin-
gencies, our study advances our knowledge by focusing 
on the updating of predictive representations among OC 
tendencies. Our results do not align with prior theories 
since the incidental updating of predictive representa-
tions remained superb among OC tendencies in a non-
clinical population. Prominent theories of OCD highlight 
both an excessive bias toward well-established knowledge 
[5, 7, 8] and also difficulties in relying on previous knowl-
edge [33, 34]. The inconsistency between our results 
and the previous theories may stem from the fact that 
they measured supervised learning processes, in which 
reward-associated behaviour persisted for participants 
even after it had been devalued or diminished following 
explicit prior warnings [5, 7, 8]. In our study, we did not 
provide warnings, hence, participants were unaware they 
are in a learning situation, and that the stimulus sequence 
structure changed during the task (from sequence A to 
sequence B and back to sequence A). This allowed us to 
capture a much more implicit, warning-free, and non-
reward driven updating mechanism. Interestingly, our 
results do not align with the theory suggesting that indi-
viduals with subclinical OC tendencies rely less on past 
experiences and preferrecent outcomes [33, 34], as they 
showed suberb updating capabilities regarding both past 
experiences (Old knowledge) and novel one (New knowl-
edge). The theory was based on more explicit processes 
and the task did not involve excessive training necessary 
for the development of stable predictive representations 
[33]. It was also posited that individuals face greater dif-
ficulties under probabilistic contingencies, leading to 
increased uncertainty and exploratory behaviour com-
pared to deterministic conditions [33]. Similarly, previ-
ous research has also demonstrated that in deterministic 
situations, explicit awareness can enhance performance 
in individuals with OCD [26], whereas they experienced 
difficulties in the probabilistic condition, which contra-
dicts our findings. This discrepancy could be explained, 
for instance, by the extended exposure to repetitive prob-
abilistic patterns which may have helped participants 
overcome uncertainty and enabled the efficient updating 
of predictive representations without requiring explicit 
awareness. In summary, existing theories on updating 
mechanisms in OCD suggest both a bias toward relying 
on past information and a reduced ability to effectively 
utilize it. Our approach offers a new perspective, and 
complements these two, by showing that individuals with 
subclinical OC tendencies can adapt to new situations 
without prior warning, while also retaining and incor-
porating new information. This study has outlined the 
learning and updating mechanisms while acknowledging 
that the maladaptive behavioural manifestations of OCD 
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and OC tendencies can be shaped by the complex inter-
play of neurocognitive processes, specifically, between 
goal-directed and habitual (automatic) processes [3, 5, 
7, 8, 57–59]. Goal-directed systems encompass cognitive 
control functions to support adaptive behaviour, regulate 
the achievement of desired goals, and the avoidance of 
undesired consequences [60, 61]. Although this theory 
is primarily based on a supervised, associative learn-
ing paradigm [5, 7, 8], it remains essential for interpret-
ing our findings, as probabilistic learning also captures 
habitual processes, directly addressing a core aspect of 
habit formation [19]. Hence, our results align with these 
findings, showing that probabilistic (or habitual) learning 
remained robustalong the spectrum of subclinical OC 
tendencies in an unsupervised manner. At the same time, 
a theory based on probabilistic learning also emphasizes 
a dynamic interplay, highlighting the competitive rela-
tionship between habitual processes and the prefrontal 
cortex and its inherent goal-directed control processes 
[19, 62–65]. Even though this study did not focus directly 
on the interplay between neurocognitive processes, our 
findings on robust probabilistic learning lay the ground-
work for bridging these two previously distinct research 
lines. To achieve this, future research is highly warranted 
to unravel how the interplay or imbalance between prob-
abilistic learning and goal-directed control processes 
contributes to the behavioural manifestations of both 
clinical OCD and non-clinical OC tendencies.

To the best of our knowledge, this is the first study to 
empirically test the unsupervised acquisition of probabi-
listic second-order non-adjacent dependencies and the 
updating of predictive representations among OC ten-
dencies in the non-clinical population. It went beyond 
the traditional dichotomous comparison between clinical 
and neurotypical groups. The major issue with dichoto-
mous group comparisons is that OCD is a heteroge-
neous condition [66–70], with varying cognitive profiles 
also related to statistical learning [23, 29]. Examining 
a broad spectrum of individuals from the non-clinical-
population with OC tendencies enables a more nuanced 
analysis. However, as a consequence, it remains uncertain 
whether there are qualitative differences between clini-
cal and non-clinical populations. Following the example 
of Hoven et al. [15]’s metacognition study, researchers 
should next compare probabilistic learning in individuals 
diagnosed with OCD and undiagnosed individuals who 
exhibit similar levels of OC tendencies.

This study’s limitations must be considered when 
interpreting the results. First, both experiments were 
conducted online using convenience sampling in a cross-
sectional design. As a result, we were only able to recruit 
a subset of the non-clinical population—primarily young 
adults. Furthermore, this study focused exclusively on the 
role of subclinical OC tendencies in probabilistic learning 

and the updating of predictive representations without 
accounting for other potentially confounding psychi-
atric traits such as anxiety and depression, which are 
closely linked to OC tendencies [4, 71, 72]. As a result, 
the specificity of our findings remains somewhat limited, 
highlighting the need for larger-scale studies to further 
investigate these relationships. However, the robustness 
of our findings is enhanced by both the wide variability 
in OC tendencies observed across our samples and the 
acceptable psychometric properties of the ASRT task 
[40]. Additionally, we applied trial-by-trial-based (gener-
alized) linear mixed models, which provide greater flex-
ibility in handling distributional assumptions (such as 
the spectrum view considered here) and managing con-
founding variables [52, 73–75]. In the long run, to further 
strengthen our findings, it would be beneficial to repli-
cate the current measurements using other probabilistic 
learning paradigms. Moreover, to more effectively iden-
tify individual differences and address reliability concerns 
associated with cross-sectional designs, the implementa-
tion of longitudinal designs is necessary [73, 74].

In summary, our study revealed robust probabilistic 
learning and superb updating capabilities of predictive 
representations associated with individual differences in 
OC tendencies in two non-clinical samples. Our results 
may provide a new direction for existing theories on 
implicit information processing in OCD and also among 
OC tendencies. Further multiprocess studies not only 
could contribute to a better understanding of OCD but 
could also enable the development of individualized pre-
vention and therapeutic approaches. Probabilistic learn-
ing might assist in forming and maintaining new skills 
and habits in psychotherapy. If this form of learning 
remains intact in OCD, we can build upon it to develop 
new procedures, including skill-based therapies, such as 
reading ot music-based interventions. Another poten-
tial approach is the intentional incorporation of noise or 
probabilistic variability into processes. Such interven-
tions aim to help individuals break free from compulsive 
behaviours by exposing them to uncertainty and enabling 
them to learn to accept it without resorting to ritualis-
tic actions. In conclusion, those who repeatedly check 
whether they have locked the front door or doubt that 
their wallet and phone are in their bag or pockets are still 
capable of extracting probability-based information from 
environmental cues and of properly predicting future 
events.
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5LNC2, Département d’études Cognitives, École Normale Supérieure, INSERM, PSL Research University, 94807 Paris, France
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SUMMARY

Obsessive-compulsive disorder (OCD) has been theorized to reflect an imbalance between automatic and 

goal-directed processes. However, evidence for this imbalance has relied almost exclusively on reward- 

and feedback-based paradigms, leaving unsupervised learning mechanisms largely unexplored. We inves

tigated this imbalance by examining the relationship between statistical learning (SL) -a feedback-free, 

implicit mechanism for detecting environmental regularities - and cognitive flexibility, the ability to adapt 

behavior to changing demands. Adopting a spectrum approach to obsessive-compulsive (OC) tendencies, 

a total of 404 university students completed an online probabilistic sequence learning task and a card-sorting 

task. Results revealed an antagonistic relationship between SL and cognitive flexibility, such that stronger SL 

was associated with lower cognitive flexibility. Crucially, this inverse association weakened with increasing 

OC tendencies. These findings provide the first evidence that OC tendencies alter the interplay between auto

matic and goal-directed functions in a purely unsupervised learning context, extending current theoretical 

frameworks beyond supervised and reward-dependent paradigms.

INTRODUCTION

A core challenge in human cognition involves maintaining a dy

namic interplay between efficient automatic and flexible goal- 

directed functions to support adaptive behavior. Goal-directed 

behavior relies on a broad set of executive functions - including 

cognitive flexibility, inhibitory control, and working memory up

dating - that support the attainment of desired outcomes and 

the avoidance of undesired ones.1–3 In contrast, automatic 

behavior depends on previously acquired associations and op

erates with reduced conscious engagement.4–6 Disruption of 

this interplay can lead to behavioral difficulties, as seen in condi

tions such as obsessive-compulsive disorder (OCD), where 

automaticity tends to dominate over goal-directed control, re

sulting in rigid, repetitive mental (obsessions) and behavioral rit

uals (compulsions).7–13 Indeed, varying degrees of obsessions 

and compulsive acts, collectively referred to as obsessive- 

compulsive (OC) tendencies, are distributed along a continuum 

in the general population and, when persistent and sufficiently 

severe, culminate in a clinical presentation of OCD.14–22 Consid

ering OC tendencies on a dimensional continuum provides a 

more precise and comprehensive identification of the neurocog

nitive mechanisms underlying OCD, effectively overcoming the 

limitations of traditional categorical diagnoses that often obscure 

the continuous and nuanced variability of these symp

toms.9,14,23–25 Therefore, the present study aimed to delineate 

the role of the balance between automatic and goal-directed 

functions underlying maladaptive behaviors of OCD by assess

ing OC tendencies as a dimensional spectrum within the non- 

clinical university student population.

Prominent theoretical models propose that the repetitive 

symptoms of OCD and transdiagnostic tendencies arise from 

diminished goal-directed control coupled with a corresponding 

dominance of habitual responding.10–13,26–28 Evidence for this 

framework has been driven largely by dual-task paradigms, 

which show that increasing cognitive demands can bias the 
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expression of these processes within a given task.10–13,26–28

While these findings establish that controlled and automatized 

systems interact in a demand-sensitive manner, they are inher

ently constrained to within-task dynamics, leaving unresolved 

whether comparable patterns extend across tasks that differen

tially engage these processes. These approaches do not clearly 

distinguish between competing mechanistic accounts of this 

shift, whether it reflects increased reliance on habitual pro

cesses, reduced goal-directed control, or a disruption in the co

ordination between the two. Moreover, it remains unclear 

whether these imbalances are consistent across tasks or 

whether they primarily reflect context-dependent performance 

constraints within specific paradigms rather than more stable in

dividual differences. The present study addresses this question 

by testing whether inter-individual variability in performance is 

systematically aligned across paradigms that place distinct de

mands on controlled and automatized processing, and whether 

such alignment relates to OC tendencies. By shifting the focus 

from within-task modulation to cross-task structure, this 

approach offers a complementary perspective on how variability 

in cognitive performance is organized across individuals, 

thereby refining current accounts of the mechanisms implicated 

in compulsivity. From a habitual perspective, a key limitation of 

current frameworks becomes apparent. Evidence from outcome 

devaluation and related supervision-based paradigms consis

tently points to enhanced habitual responding in OCD and 

compulsivity.12,13,29 Yet in these tasks, the balance between 

goal-directed and habitual control is tightly coupled to contin

uous external reward or feedback, making it difficult to isolate 

learning mechanisms from reward-driven performance. Conse

quently, understanding OC requires moving beyond feedback- 

dependent paradigms to probe the underlying, feedback-inde

pendent mechanisms.20 Addressing this question requires 

considering recent advances in learning theory, which empha

size the crucial role of unsupervised processes in driving neural 

plasticity and establishing the foundation for supervised 

learning.30 From this perspective, supervised learning emerges 

as a later process built upon earlier, reward-free, unsupervised 

mechanisms.30 Accordingly, to better understand the develop

ment and persistence of automatic, compulsive behavioral char

acteristics of OCD and OC tendencies, it is essential to disen

tangle feedback sensitivity and pure learning mechanisms20

and to revisit the primary role of unsupervised learning and its 

interaction with prefrontal cortex-related functions.

One such unsupervised learning mechanism is statistical 

learning (SL), a fundamental function that supports the acquisi

tion of skills and habits through the incidental extraction of novel 

probabilistic patterns from the environmental stream.31–34 SL in 

clinical OCD populations has shown both reduced and intact re

sults (for review, see: Brezóczki et al.35), while individuals scoring 

on the dimensional OC scale demonstrate intact or even faster 

learning rates.20 This highlights the need to better understand 

how other neurocognitive functions contribute to such perfor

mance. Indeed, within the framework of interactive memory 

systems, neurocognitive functions such as SL rarely operate in 

isolation; instead, they engage in dynamic and often competitive 

interactions with goal-directed functions.6,36,37 Typically, 

increased reliance on one system corresponds with the reduced 

engagement of the other, as demonstrated by the inverse rela

tionship between SL and goal-directed functions. In this context, 

cognitive flexibility, defined as the capacity to shift behavior, 

strategies, or mental frameworks in response to changing envi

ronmental demands, is a particularly critical goal-directed func

tion,1–3 and maladaptive, rigid, and repetitive behavioral patterns 

of OC may reflect its impairments.38,39 If OCD and OC ten

dencies are associated with a disruption in the balance between 

automatic and goal-directed functions, then investigating their 

interaction outside the influence of supervision becomes partic

ularly informative.

To provide a complementary perspective on the neurocogni

tive profile underlying OCD and OC tendencies, this study 

focused on SL and goal-directed function, specifically cognitive 

flexibility. Therefore, in the present study, we recruited 404 adult 

participants from university courses for an online experiment. SL 

was assessed using an unsupervised learning paradigm, the 

Alternating Serial Reaction Time (ASRT) task,40,41 which is a 

probabilistic learning task that lacks supervision and reinforce

ment-based factors on SL performance (Figure 1). Cognitive 

flexibility was operationalized as the number of perseverative er

rors on the card sorting task (CST),42 a widely accepted and 

extensively used measure of cognitive flexibility (Figure 1).43–46

OC tendencies were assessed dimensionally using the obses

sive-compulsive inventory, OCI-12 questionnaire47. The present 

study aimed to uncover the interplay between SL and cognitive 

flexibility and to investigate the individual differences in their 

interaction among university students scoring on the dimen

sional OC measure. Based on existing literature, we hypothe

sized an antagonistic relationship between SL and cognitive flex

ibility, such that stronger performance on the ASRT task would 

be associated with weaker performance on the CST. Crucially, 

we further hypothesized that OC tendencies would modulate 

this interaction, with the relationship between SL and cognitive 

flexibility varying across different levels of OC tendencies and 

potentially diverging from a straightforward competitive pattern 

at higher levels of OC tendencies.

RESULTS

How do OC tendencies modulate the interplay between 

cognitive flexibility and statistical learning?—Reaction 

time

We performed a linear mixed-effects model on blockwise median 

RT of the ASRT task, with fixed effects for Time (Blocks 1–15), 

Triplet Type (high-vs. low-probability), OCI-12 score, number of 

Perseverative Errors of the CST, and all higher-order interactions. 

Random effects included participant-specific intercepts and a 

random slope for Time to account for individual variability. The 

statistical parameters underlying the effects reported above are 

summarized in Table 1, whereas the full set of statistical esti

mates (b, SE, 95% CI, t, df, and p values) is provided in Table S1.

The model reported a statistically significant main effect of 

Triplet Type in the ASRT task, indicating faster RTs for high- 

probability trials compared to low-probability trials, which evi

dences statistical learning during the task. The main effect of 

Time indicated a decrease in RTs throughout the task, demon

strating changes in visuomotor performance over time. 
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Importantly, the interaction between Triplet Type and time sug

gested that statistical learning developed gradually, as the differ

ence between high- and low-probability trials increased 

over time.

Cognitive flexibility was significantly associated with overall RT 

performance, as reflected by a main effect of Perseverative Error 

on the CST, whereby a higher number of perseverative errors, 

indicative of reduced cognitive flexibility, predicted slower re

sponses. However, the absence of statistically significant inter

actions involving Perseverative Error suggests that cognitive flex

ibility did not modulate visuomotor performance 

(Time × Perseverative Error), statistical learning (Triplet 

Type × Perseverative Error), or the trajectory of statistical 

learning (Time × Triplet Type × Perseverative Error).

In contrast, OCI-12 scores showed no statistically significant 

main effect and did not interact with any of the task-related vari

ables, indicating that OC tendencies were not significantly asso

ciated with baseline RT (main effect of OCI-12 score), cognitive 

flexibility (OCI-12 score × Perseverative Error), visuomotor per

formance (Time × OCI-12 score), statistical learning (Triplet 

Type × OCI-12 score), the trajectory of statistical learning 

(Time × Triplet Type × OCI-12 score). Moreover, OCI-12 scores 

did not modulate the relationship between cognitive flexibility 

(Perseverative Error × Triplet Type × OCI-12 score, see 

Figure 2) and the dynamics of statistical learning in the present 

study (Perseverative Error × Time × Triplet Type × OCI-12 

score).

How do OC tendencies modulate the interplay between 

cognitive flexibility and statistical learning?—Accuracy

We performed a linear mixed-effects model on blockwise mean 

accuracy of the ASRT task, with fixed effects for time (Block 

Figure 1. Design of the Study 

(A) In the Alternating Serial Reaction Time (ASRT) task, participants were instructed to respond by pressing keys corresponding to the spatial location of a target 

stimulus, depicted as a dog’s head. Each trial followed an eight-element probabilistic sequence composed of alternating pattern and random elements. For 

example, a sequence such as 2–r–4–r–3–r–1–r consisted of fixed pattern trials at positions 2, 4, 3, and 1 (from left to right), interleaved with random elements, 

denoted by ‘‘r,’’ which could appear at any of the four possible locations. 

(B) Each trial was considered the third element in a sequence of three consecutive trials (a triplet). Pattern elements, which consistently appeared in fixed positions 

throughout the task, were displayed with red backgrounds, whereas random elements, selected randomly from the four possible locations, were shown with blue 

backgrounds. The structure of the sequence resulted in certain triplets occurring more frequently than others. These were categorized as high-probability triplets, 

while less frequent combinations were defined as low-probability triplets. 

(C) For illustrative purposes, three triplets are highlighted: 2(P)–1(R)–4(P), a pattern-ending high-probability triplet; 2(R)–3(P)–4(R), a random-ending high-prob

ability triplet; and 4(R)–1(P)–2(R), a random-ending low-probability triplet. High-probability triplets could occur in one of the two ways: either with two pattern trials 

and a random trial in the middle (accounting for 50% of all trials), or with two random trials and a pattern trial in the middle (accounting for 12.5% of trials). Overall, 

62.5% of trials constituted the final element of a high-probability triplet, whereas the remaining 37.5% served as the final element of a low-probability triplet. 

(D) Schematic illustration of the Card Sorting Task (CST). Four reference cards are presented simultaneously, differing along three stimulus dimensions (color, 

shape, and quantity). On each trial, a target card appears below the reference cards, and participants are instructed to match it to one of the reference cards 

according to a sorting rule. 

(E) The rules are presented in a fixed, repeating order for up to six categories: color, shape, number. The sorting rule changes after ten consecutive correct 

responses. Cognitive flexibility is indexed by the number of perseverative errors, defined as continued application of a previously correct but currently invalid rule.
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1–15), Triplet Type (high-vs. low-probability), OCI-12 score, 

number of Perseverative Errors of the CST, and all higher-order 

interactions. Random effects included participant-specific inter

cepts and correlated slopes for Time and Triplet Type to account 

for individual variability. The statistical parameters underlying the 

effects reported above are summarized in Table 2, whereas the 

full set of statistical estimates (b, SE, 95% CI, t, df, and p values) 

is provided in Table S2.

Participants were more accurate on high-probability trials than 

on low-probability trials, providing clear evidence of statistical 

learning (main effect of Triplet Type). Overall accuracy declined 

slightly over the course of the ASRT task (main effect of Time), 

but the difference between high- and low-probability trials 

increased, indicating a gradual improvement in statistical 

learning (Time × Triplet Type) on the ASRT task.

Cognitive flexibility influenced performance: A higher number 

of perseverative errors on CST was significantly associated 

with lower overall accuracy (main effect of Perseverative Error), 

and a modest decline in visuomotor performance over time on 

the ASRT task (Time × Perseverative Error). Moreover, a signifi

cant Triplet Type × Perseverative Error interaction revealed an 

antagonistic relationship between statistical learning and cogni

tive flexibility (Triplet Type × Perseverative Error), with greater 

statistical learning linked to reduced cognitive flexibility, that is 

higher number of perseverative errors: (bLow perseverative errors = 

1.95, 95% CI [1.59, 2.30]; bMean perseverative errors = 2.22, 95% 

CI [1.97, 2.47]; bHigh perseverative errors = 2.50, 95% CI [2.13, 

2.86]). Pairwise comparisons indicated that the statistical 

learning increased significantly with perseverative errors 

(bLow perseverative errors – Mean perseverative errors = − 0.28, 95% CI 

[− 0.53, − 0.02], p = 0.034; bLow perseverative errors – High perseverative 

errors = − 0.55, 95% CI [− 1.06, − 0.04], p = 0.034; bMean perseverative 

errors – High perseverative errors = − 0.28, 95% CI [− 0.53, − 0.02], p = 

0.034). Thus, individuals with poorer cognitive flexibility (higher 

numbers of perseverative errors) exhibited enhanced statistical 

learning, except when considering the trajectory of learning 

(Time × Triplet Type × Perseverative Error), where this pattern 

was less pronounced.

OC tendencies did not significantly influence overall accuracy 

(main effect of OCI-12 score), visuomotor performance 

(Time × OCI-12 score), statistical learning (Triplet Type × OCI-12 

score), or its improvement over time (Time × Triplet Type × OCI- 

12 score). Similarly, no interactions were observed between OC 

tendencies and perseverative errors for overall accuracy or visuo

motor performance (Time × Perseverative Error × OCI-12 score). 

However, a significant Triplet Type ×Perseverative Error ×OCI-12 

score interaction indicated that OC tendencies modulate the 

antagonistic relationship between statistical learning and cognitive 

flexibility (see Figure 3). The post hoc analysis examining the trend 

of statistical learning across perseverative error levels (M-SD, M, 

M + SD) revealed that among individuals with lower OC ten

dencies, perseverative errors on CST were positively associated 

Table 1. Results of the linear mixed-effects model predicting blockwise median reaction time

Effect df F p

Time 1, 399.98 125.06 < 0.001

Triplet Type 1, 11297.07 169.21 < 0.001

OCI-12 score 1, 400.01 3.15 0.077

Perseverative Error 1, 400.02 7.31 0.007

Time × Triplet Type 1, 11297.10 10.42 0.001

Time × OCI-12 score 1, 399.88 0.15 0.699

Triplet Type × OCI-12 score 1, 11297.11 0.00 0.926

Time × Perseverative Error 1, 400.07 3.13 0.078

Triplet type × Perseverative Error 1, 11297.07 0.44 0.508

OCI-12 score × Perseverative Error 1, 400.01 0.26 0.600

Time × Triplet Type × OCI-12 score 1, 11297.18 0.09 0.763

Time × Triplet Type × Perseverative Error 1, 11297.1 0.92 0.338

Time × OCI-12 score × Perseverative Error 1, 400.00 3.61 0.058

Triplet Type × OCI-12 score × Perseverative Error 1, 11297.09 1.29 0.257

Time × Triplet Type × OCI-12 score × Perseverative Error 1, 11297.15 0.67 0.412

The table summarizes all main effects and interactions. Degrees of freedom (df) correspond to Satterthwaite approximations. F = F-statistic; p = sig

nificance value. Statistically significant results (p < 0.05) are shown in bold. Significant main effects were followed up with post hoc comparisons: The 

main effect of Triplet Type (high vs. low) was significant (b = − 5.87, SE = 0.45, z = − 13.01, p < 0.001, 95% CI [− 6.76, − 4.99]), indicating faster re

sponses to high- than to low-probability triplets. Time was also significant (b = − 1.1, SE = 0.10, z = − 11.18, p < 0.001, 95% CI [− 1.29, − 0.9]), showing 

that RT decreased as the task progressed. Statistically significant main effect of Perseverative Error indicated that more perseverative errors were 

associated with slower reaction times (b = 1.44, SE = 0.53, z = 2.70, p = 0.007, 95% CI [0.4, 2.49]). The significant Time × Triplet Type interaction 

(b = − 0.34, SE = 0.10, z = − 3.23, p = 0.001, 95% CI [− 0.54, − 0.13]) reflected gradual improvement in statistical learning over time. Time was treated 

as a continuous variable in all analyses; however, for the post hoc analyses, it was segmented into three time points (Block5, Block10, Block15). Block5 

(b = − 4.86, SE = 0.55, z = − 8.84, p < 0.001, 95% CI [− 5.94, − 3.78]), Block10 (b = − 6.55, SE = 0.50, z = − 13.16, p < 0.001, 95% CI [− 7.52, − 5.57]), and 

Block15 (b = − 8.24, SE = 0.86, z = − 9.58, p < 0.001, 95% CI [− 9.92, − 6.55]). Sidak-adjusted pairwise comparisons revealed significant differences in 

statistical learning (High vs. Low differences) between Block5–Block10 (b = 1.69, SE = 0.52, z = 3.23, p = 0.004), Block5–Block15 (b = 3.37, SE = 1.05, z = 

3.23, p = 0.004), and Block10–Block15(b = 1.69, SE = 0.52, z = 3.23, p = 0.004).
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with statistical learning, with a significant slope (b = 0.145, SE = 

0.048, z = 2.97, 95% CI [0.050, 0.242], p = 0.002). A similar but 

weaker positive relationship was observed at the medium level 

of OC tendencies (b = 0.069, SE = 0.032, z = 2.11, 95% CI 

[0.005, 0.134], p = 0.034), suggesting that poorer cognitive flexi

bility was linked to enhanced statistical learning among lower 

and medium levels of OC tendencies. In contrast, this association 

disappeared among individuals with higher OC tendencies, where 

the slope was not statistically significant (b = − 0.006, SE = 0.040, 

z = − 0.17, 95% CI [− 0.086, 0.072], p = 0.862). These coefficients 

indicate effects of modest magnitude and should be interpreted as 

reflecting relatively small differences between conditions. Overall, 

statistical learning increased as the number of perseverative errors 

rose for individuals with lower to medium OC tendencies, reflecting 

an antagonistic pattern in which reduced cognitive flexibility was 

accompanied by better statistical learning. This antagonistic 

pattern weakened in participants with high OC tendencies, where 

statistical learning remained moderate regardless of cognitive flex

ibility. Importantly, this modulation was not observed when exam

ining the full trajectory of learning over time (Triplet 

Type × Time × Perseverative Error × OCI-12 score).

DISCUSSION

In this study, we addressed a critical gap in understanding the 

relationship between goal-directed and automatic behavior by 

examining how unsupervised SL interacts with cognitive flexi

bility across individuals. Rather than focusing on within-task dy

namics, we tested whether this relationship generalizes across 

functions and is systematically modulated by OC tendencies. 

We conducted an online experiment in a non-clinical university 

sample, assessing OC tendencies dimensionally across a 

continuous spectrum. SL was evaluated using an unsupervised 

learning task, while cognitive flexibility was assessed with the 

CST. Our findings corroborate previous theories indicating a 

competitive interaction between SL and executive functions, 

specifically cognitive flexibility. Importantly, this relationship 

was not consistent across individuals: The inverse association 

between SL and cognitive flexibility weakened as OC tendencies 

increased. This pattern suggests that variability in OC ten

dencies fundamentally alters how automatic and controlled pro

cesses interact across tasks, rather than reflecting a simple shift 

in the dominance of one system over the other.

Our results build upon existing theories that highlight a disrup

tion between automatic and goal-directed processes in both 

clinical OCD and OC tendencies or compulsivity.9–13,23,29 In 

particular, the typical antagonistic relationship between these 

functions, as emphasized by competitive memory system frame

works6,36,37,48 appears to weaken with the increase of OC ten

dencies. This pattern may appear to challenge the habit hypoth

esis,10–12,27,49 which posits a shift toward habitual control under 

conditions of impaired goal-directed processing. However, 

methodological differences may partly account for these dis

crepancies since they predominantly rely on within-task para

digms, such as outcome devaluation or contingency degrada

tion, which assess goal-directed behavior through adaptation 

to altered contingencies following extended instrumental 

training within a single context.10–12 Such paradigms often 

require the coordination of multiple processes simultaneously, 

and therefore capture how performance shifts under increased 

task demands. By contrast, the present findings point to a 

different form of alteration: The individual functions themselves 

remain largely intact, but their interaction changes with the in

crease of OC tendencies. Specifically, at lower levels of OC 

tendencies, SL and cognitive flexibility exhibit the expected 

antagonistic interplay, consistent with competitive memory 

frameworks.6,36 As OC tendencies increase, however, this 

relationship progressively diminishes, indicating that these pro

cesses no longer effectively constrain or inform one another. 

Importantly, this pattern does not reflect a simple shift in domi

nance, whereby one system overrides the other. Rather, it sug

gests a breakdown in their coordinated interaction, such that 

automatic and controlled processes operate more indepen

dently, without the typical antagonistic modulation. From this 

perspective, OC tendencies may be better characterized by 

altered coordination between cognitive systems than by 

dysfunction within any single function.

Taken together, the present results indicate that increasing OC 

tendencies are associated with a weakening of the relationship 

between executive control and SL. Importantly, the current 

design allowed for the independent assessment of these func

tions, enabling us to characterize not only their individual integ

rity but also their interaction. This distinction is critical for disen

tangling whether maladaptive behavioral patterns arise from 

Figure 2. Relationship between cognitive flexibility and reaction 

time-based statistical learning across OCI-12 scores 

The figure illustrates the relationship between cognitive flexibility, as measured 

by the number of perseverative errors on the card sorting task along the x axis, 

and statistical learning performance along the y axis, which is operationalized 

as the difference in reaction time between high- and low-probability triplets. 

Each point represents an individual participant, with color encoding their total 

OCI-12 score along a continuous gradient from low (yellow) through inter

mediate (pink) to high (purple) obsessive-compulsive tendencies. A linear 

regression line with 95% confidence intervals is overlaid in black. While the 

OCI-12 score was treated as a continuous variable in all statistical analyses, for 

visualization purposes, the data are faceted by the levels of OC tendencies. 

These levels represent varying degrees of OCI-12 scores, approximating one 

standard deviation below the mean (lower OC tendencies), at the mean (me

dium OC tendencies), and one standard deviation above the mean (higher OC 

tendencies), respectively. The color gradient used in the plot (yellow to pink to 

purple) visually reflects this increase in the level of OC tendencies. No rela

tionship was observed between cognitive flexibility and RT-based statistical 

learning, and this pattern was consistent across levels of OC tendencies.
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enhanced automaticity,28,50,51 reduced goal-directed control,9

or alterations in the coordination between these systems.52

This perspective aligns with recent interaction-based accounts, 

which emphasize that cognitive inflexibility and habitual behavior 

act as independent yet interacting predictors of OC symptom

atology.19 Notably, prior work has demonstrated that these pro

cesses exert a compensatory interaction, such that both height

ened habitual tendencies and reduced flexibility are jointly 

required for elevated symptom expression, while neither is suffi

cient in isolation.19 At the same time, meta-analytic evidence 

challenges the assumption that executive or goal-directed func

tions are independently impaired in OCD, suggesting that 

observed deficits may reflect broader performance-related fac

tors rather than specific functional dysfunctions.53 In this 

context, our findings provide a complementary perspective: 

Rather than reflecting deficits within individual systems, 

increasing OC tendencies are associated with a disruption in 

the functional relationship between them. Specifically, while SL 

and cognitive flexibility exhibit the expected antagonistic inter

play at lower levels of OC tendencies, this relationship progres

sively diminishes as OC tendencies increase. These findings 

underscore the importance of moving beyond single-task para

digms and adopting cross-task approaches to capture how 

interactions between cognitive systems are organized across 

contexts. Future research employing multiple experimental par

adigms will be essential to determine how such interaction-level 

alterations represent a core mechanism underlying OC or, in the 

long term, clinical OCD.

Our study identified the interaction between SL and the pre

frontal cortex-related function, cognitive flexibility, with an 

across-task design. Nonetheless, the competitive memory sys

tems hypothesis between executive functions and SL provides 

a theoretical framework that supports their interaction across 

four distinct levels.48 At the most general level, correlational 

behavioral studies probe the relationship between executive 

functions and SL by employing independent tasks and testing 

for associations between their performance indices.6,54 In line 

with the present investigation, this approach targets enduring in

dividual differences rather than transient states.48 Even at this 

level, it captures core neurocognitive strategies: when prefrontal, 

control-dependent processes are less efficient, SL systems 

appear to compensate by shifting toward more implicit, 

Table 2. Results of the linear mixed-effects model predicting blockwise mean accuracy

Effect df F p

Time 1, 400.22 58.82 < 0.001

Triplet Type 1, 400.14 302.7 < 0.001

OCI-12 score 1, 399.97 0.00 0.976

Perseverative Error 1, 400.06 6.18 0.013

Time × Triplet Type 1, 10898.51 33.15 < 0.001

Time × OCI-12 score 1, 400.05 0.01 0.935

Triplet Type × OCI-12 score 1, 399.91 0.89 0.347

Time × Perseverative Error 1, 400.39 4.41 0.036

Triplet Type × Perseverative Error 1, 400.52 4.48 0.035

OCI-12 score × Perseverative Error 1, 400.03 0.91 0.341

Time × Triplet Type × OCI-12 score 1, 10898.03 0.98 0.321

Time × Triplet Type × Perseverative Error 1, 10899.01 0.04 0.845

Time × OCI-12 score × Perseverative Error 1, 400.26 2.30 0.130

Triplet Type × OCI-12 

score × Perseverative Error

1, 400.30 6.21 0.013

Time × Triplet Type × OCI-12 

score × Perseverative Error

1, 10898.65 1.81 0.178

The table summarizes all main effects and interactions. Degrees of freedom (df) correspond to Satterthwaite approximations. F = F-statistic; p = sig

nificance value. Statistically significant results (p < 0.05) are shown in bold. Significant main effects were followed up with post hoc comparisons: The 

main effect of Triplet Type indicated higher accuracy for high- than for low-probability triplets (b = 2.22, SE = 0.13, z = 17.40, p < 0.001, 95% CI [1.97, 

2.47]). Time was also significant (b = − 0.15, SE = 0.02, z = − 7.67, p < 0.001, 95% CI [− 0.18, − 0.11]), showing that accuracy decreased as the task 

progressed. The main effect of Perseverative Error indicated that more perseverative errors were associated with lower accuracy (b = − 0.11, SE = 0.04, 

z = − 2.49, p = 0.013, 95% CI [− 0.2, − 0.02]). Time × Triplet Type interaction revealed improvement in statistical learning over time. Time was treated as 

a continuous variable in all analyses; however, for the post hoc analyses, it was segmented into three time points (Block5, Block10, Block15). Block5 (b = 

1.75, SE = 0.15, z = 11.56, p < 0.001, 95% CI [1.46, 2.05]), Block10 (b = 2.54, SE = 0.14, z = 18.26, p < 0.001, 95% CI [2.26, 2.81]), and Block15 (b = 3.32, 

SE = 0.23, z = 14.48, p < 0.001, 95% CI [2.87, 3.77]). Sidak-adjusted pairwise comparisons revealed significant differences between Block5–Block10 

(b = − 0.78, SE = 0.14, z = − 5.76, p < 0.001), Block5–Block15 (b = − 1.57, SE = 0.27, z = − 5.76, p < 0.001), and Block10–Block15 (b = − 0.78, SE = 0.14, z = 

− 5.76, p < 0.001). For the Time × Perseverative Error interaction, Sidak-adjusted pairwise comparisons showed significant declines over time at lower 

perseverative error levels (b = − 0.11, SE = 0.03, z = − 3.92, p < 0.001, 95% CI [− 0.16, − 0.05]; at mean: b = − 0.15, SE = 0.02, z = − 7.67, p < 0.001, 95% 

CI [− 0.18, − 0.11]) and at higher perseverative error levels (b = − 0.19, SE = 0.03, z = − 6.79, p < 0.001, 95% CI [− 0.24, − 0.13]), indicating a decline in 

visuomotor performance over time. Perseverative Error was treated as a continuous variable in all primary analyses; however, for the post hoc ana

lyses, it was depicted in three categories (M–SD, M, M + SD).
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automatized modes of processing. The second level adopts an 

interventional approach, in which executive functions are tran

siently disrupted or downregulated to test how reduced top- 

down control influences SL performance.36,55 This design sup

ports stronger causal inferences about their interaction. At the 

third level, converging neurocognitive evidence indicates that 

similar reductions in frontal control can emerge spontaneously, 

without external intervention, and may likewise facilitate statisti

cal learning when control-related networks become less 

engaged.56 Finally, process-level approaches integrate execu

tive functions and SL within a single task, enabling the simulta

neous examination of their interaction under heightened cogni

tive demands.48 By combining the core features of both 

systems, such paradigms capture real-time, state-dependent 

dynamics as they unfold during performance. Collectively, evi

dence across these four levels converges on the conclusion 

that executive functions and SL interact in systematic ways, 

with their relationship flexibly shifting between competition and 

cooperation depending on contextual demands.48 Accordingly, 

to better understand how OC tendencies relate to this interplay, 

future research should aim to investigate all four levels within a 

unified empirical framework.

Beyond demonstrating an individual-difference-dependent 

interaction between neurocognitive systems, our findings 

address an important gap by elucidating the interaction between 

unsupervised learning, a primary form of learning,30 and execu

tive functions among OC tendencies. Consistent with prior find

ings, unsupervised learning was found to be preserved,20,57–60

suggesting this core learning mechanism remains robust across 

OC tendencies similar to OCD, although not all prior findings are 

fully aligned with this pattern.61–65 This preservation is particu

larly noteworthy, as the excessive bias toward habitual behavior 

in OCD may partly stem from external reward-driven learning. In 

feedback- or reward-driven contexts, it is difficult to disentangle 

whether performance improvements reflect sensitivity to 

external reinforcement or strengthened stimulus-response asso

ciations. Moreover, individuals with OCD and OC tendencies 

may reach a ceiling effect more rapidly due to heightened reward 

or feedback sensitivity, thereby accelerating the shift toward 

enhanced automatic processes and reducing the opportunity 

for flexible behavioral adaptation. Although the pure learning 

mechanism remained intact, the interaction of SL with goal- 

directed functions became atypical among higher OC ten

dencies. This suggests that the disruption lies not within the 

pure learning mechanisms themselves, but in the dynamic inter

play between these systems among OC tendencies and 

possibly, in OCD.10,12,52,66 Future research should further inves

tigate the within-task interaction between habitual and goal- 

directed processes in relation to unsupervised learning mecha

nisms, particularly in the absence of external reward. This would 

clarify the fundamental relationship between habitual and goal- 

directed functions and their contribution to OC- and OCD- 

related behavioral manifestations.

Our findings underscore the importance of investigating not 

only individual neurocognitive functions but also their dynamic 

interplay in advancing our understanding of the roots of OC ten

dencies. Our results imply that the weakened interplay observed 

among higher OC tendencies could serve as a potential predictor 

of OC symptomatology.9,10,12,19,49 Alongside theoretical frame

works that propose a bias toward automatic processes in clinical 

OCD,10,12,19,26,29,49,66,67 other perspectives emphasize shifts in 

the relative engagement of neurocognitive systems, whereby per

formance may be supported by increased reliance on controlled, 

explicit processes to maintain effective perfor

mance.35,57,58,61,68,69 Prior behavioral and neuroimaging studies 

have shown that during unsupervised tasks, neural activity is pre

dominantly associated with hippocampal and medial temporal 

lobe regions rather than striatal structures.59,60 Such patterns 

reflect differential contributions of these systems during task per

formance. While the typical antagonistic interaction between 

these systems is maintained among lower levels of OC ten

dencies, this pattern appears to weaken as tendencies increase 

within the non-clinical OC spectrum. This raises the possibility 

that, in clinical populations, such a shift could result in an 

increased reliance on explicit systems.57 Our findings align with 

this perspective, as they suggest that the characteristics of both 

clinical OCD and OC tendencies may stem from the interactive 

Figure 3. Relationship between cognitive flexibility and accuracy- 

based statistical learning across OCI-12 scores 

The figure illustrates the relationship between cognitive flexibility, as measured 

by the number of perseverative errors on the card sorting task along the x axis, 

and statistical learning performance along the y axis, which is operationalized 

as the difference in accuracy between high- and low-probability triplets. Each 

point represents an individual participant, with color encoding their total OCI- 

12 score along a continuous gradient from low (yellow) through intermediate 

(pink) to high (purple) obsessive-compulsive tendencies. A linear regression 

line with 95% confidence intervals is overlaid in black. While the OCI-12 score 

was treated as a continuous variable in all statistical analyses, for visualization 

purposes, the data are faceted by the levels of OC tendencies. These levels 

represent varying degrees of OCI-12 scores, approximating one standard 

deviation below the mean (lower OC tendencies), at the mean (medium OC 

tendencies), and one standard deviation above the mean (higher OC ten

dencies), respectively. The color gradient used in the plot (yellow to pink to 

purple) visually reflects this increase in the level of OC tendencies. The figure 

highlights the moderating role of OC tendencies in the antagonistic association 

between statistical learning and cognitive flexibility. Specifically, the typical 

inverse relationship, where reduced cognitive flexibility is associated with 

enhanced statistical learning, was observed in participants with lower and 

medium OC tendencies. In contrast, this pattern was not present among in

dividuals with higher OC tendencies, for whom statistical learning remained 

relatively stable across the cognitive flexibility continuum. This suggests a 

disruption of the typical trade-off between these cognitive functions in the 

context of OC tendencies.
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manner of neurocognitive systems.10,57,58,61,68,69 Furthermore, it 

can be speculated that whether these systems engage in compet

itive or cooperative interactions depends on the specific cognitive 

demands of the task, suggesting a context-sensitive dynamic 

rather than a static relationship. Therefore, future research is 

needed to determine whether this altered cognitive interplay per

sists in clinical OCD or whether clinical OCD involves different 

interaction dynamics between these cognitive processes.

Another noteworthy finding is that the unrevealed interplay 

with cognitive flexibility appeared only in the accuracy-based 

performance indicator of the ASRT task. This dissociation is 

particularly interesting as it raises the question of which perfor

mance components are more sensitive to OC tendencies. One 

possible explanation is that the CST relies on accuracy without 

imposing temporal constraints.42 Accuracy- and rule-based 

learning generally require more effortful processing,70–72 which 

may account for the antagonistic relationship between the two 

measures. Specifically, enhanced implicit adaptation to rule- 

based structures may come at the cost of reduced performance 

in tasks requiring explicit rule detection, an effect that aligns with 

the competition and cooperation framework outlined above.36,55

This pattern also reflects the clinical features of OCD, where 

symptoms often involve an excessive focus on order, regularity, 

and precision, such as checking, arranging, or striving for sym

metry.7,73 Consequently, accuracy-based measures may be 

particularly sensitive to the influence of OC tendencies, rather 

than reaction time measures. In our analyses using the OCI-R, in

dividuals with higher OC scores exhibited faster reaction times. 

However, this effect did not replicate when using the OCI-12, a 

shortened version aligned with the DSM-5.7,47,74,75 Given that 

the OCI-12 is derived from the same item pool, the disappear

ance of the effect following the removal of a subset of items sug

gests that the other finding with the OCI-R was not robust and is 

sensitive to the operationalization of the OC measure. Taken 

together, these findings suggest that OC symptoms may inter

fere more strongly with learning processes grounded in precision 

and rule detection, offering a clearer picture of how cognitive ri

gidity manifests in the disorder.

It is important to note that our study was conducted on an 

analogue sample, the so-called non-clinical adult population. 

Although OC tendencies in the general population share important 

phenomenological features with clinical OCD, and thus provide a 

relevant basis for theoretical inference, the current findings should 

not be generalized to clinical populations. Rather, they are best in

terpreted within a continuum-based framework. Spectrum ap

proaches offer valuable theoretical and methodological tools for 

understanding clinical conditions, including OCD, by conceptual

izing symptoms as continuously distributed and partially overlap

ping across individuals.9,14,20,24,76,77 Importantly, previous 

research has demonstrated that OC tendencies can influence a 

broad range of neurocognitive functions, including statistical 

learning,20 inhibitory control,78 cognitive flexibility,19 and deci

sion-making.79,80 This can prove that this approach serves as 

an effective methodological tool for identifying individual differ

ences in neurocognitive functions. The current study contributes 

to this growing body of literature by highlighting how OC ten

dencies may influence not just cognitive domains in isolation but 

the dynamic interplay between them, offering a more integrated 

understanding of the neurocognitive profile associated with OC 

tendencies. Our findings indicate that while a dynamic interplay 

among neurocognitive functions is maintained at lower levels of 

OC tendencies, this interaction may potentially be absent in clin

ical populations, resulting in impaired adaptive behavior. This 

disruption could be anticipated by higher OC tendencies. It is 

also possible that this inverse relationship between these func

tions persists at the clinical level but manifests in an exaggerated, 

potentially nonlinear manner, consistent with a U-shaped function 

across the OC spectrum.

In this study, OC tendencies were assessed using a multidi

mensional scale comprising washing, checking, ordering, and 

obsessing, with analyses focusing on the variance shared across 

these domains. While this approach captures core OC-related 

variation, it does not allow firm conclusions regarding the spec

ificity of the observed associations. In particular, it remains to be 

determined to what extent these patterns reflect processes spe

cific to OC symptoms, as opposed to broader transdiagnostic 

factors such as anxiety or intrusive thought propensity. More 

broadly, these findings are consistent with contemporary dimen

sional frameworks of psychopathology, including the research 

domain criteria (RDoC)25,81–83 and the hierarchical taxonomy of 

psychopathology (HiTOP),84–86 which emphasize that psychiat

ric traits are continuously distributed and organized along inter

acting neurocognitive systems. Future work incorporating multi

ple symptom dimensions will be important for clarifying the 

specificity and generality of the observed effects.

To conclude, our results support the competitive memory sys

tems hypothesis, which emphasizes an antagonistic relationship 

between neurocognitive systems,6,36,37,55 by elucidating a more 

general, individual-difference-dependent dynamic interplay be

tween SL and goal-directed processes, here cognitive flexibility, 

and how their interaction is modulated by the prevalence of OC 

tendencies in a non-clinical population. While lower prevalence 

of OC tendencies may facilitate adaptive neurocognitive interac

tions, higher OC tendencies might represent early neurocogni

tive markers predictive of increased vulnerability to OCD. These 

results underscore the significance of conceptualizing OC ten

dencies as transdiagnostic traits to enhance early identification 

and inform tailored interventions. Importantly, our study high

lights the necessity for cognitive neuroscience to transcend the 

examination of isolated neurocognitive functions and instead pri

oritize the investigation of their interactive dynamics, as the 

integrity of individual processes alone may mask critical dys

functions emerging from their interactions.

Limitations of the study

Some limitations should be noted in the present study. First, the 

relatively high exclusion rate, a common challenge in online 

experimental designs,20,77,87,88 may have affected the generaliz

ability of the findings. Although rigorous data quality checks were 

essential to obtain high-quality data, the inclusion criterion 

requiring the absence of any self-reported psychiatric or neuro

logical history likely limited the representation of individuals with 

more pronounced OC tendencies. As a result, the upper range of 

the OC spectrum may have been underrepresented, potentially 

narrowing the scope of our conclusions. A key limitation of the 

present study is that we did not control for other conditions 
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that are frequently associated with elevated compulsivity and are 

often comorbid with OC tendencies, including anxiety and 

depressive symptomatology.9,89,90 Consequently, the present 

results do not allow us to fully isolate effects specifically related 

to the OC symptom dimension from those potentially driven by 

related affective or psychopathological factors. An additional 

limitation is that some participants exceeded commonly used 

clinical cutoffs on OC measures; however, in the absence of 

diagnostic assessment, it remains unclear whether these individ

uals meet the criteria for a formal OCD diagnosis. Presenting the 

tasks in a fixed order may have introduced potential order or fa

tigue effects. Future studies should therefore consider counter

balancing task order to minimize such influences, as perfor

mance on later tasks may be affected by declining attention or 

cognitive fatigue. Moreover, although cognitive flexibility was as

sessed using a CST, this measure has inherent methodological 

limitations.91,92 Therefore, future research would benefit from 

incorporating multiple measures of cognitive flexibility to obtain 

a more comprehensive assessment of executive functioning. 

Finally, the present study was conducted in a university-based 

adult sample, which may limit the generalizability of the findings 

to the broader population. Accordingly, future studies should 

extend these investigations to more diverse age groups and 

community samples to strengthen external validity.

Furthermore, OC tendencies were assessed using the OCI- 

based questionnaire, a widely used and psychometrically well- 

established measure. However, the OCI-R and its short forms 

consist of unidirectional items and do not include reverse-coded 

items. This feature has recently been identified as a potential 

source of bias in online studies. Sarna et al.93 argue that ques

tionnaires without reverse-coded items are more susceptible 

to acquiescence, that is, a general tendency to agree with items 

regardless of their content. In addition, they show that inattentive 

responding can inflate the endorsement of low base rate symp

toms, which may lead to artificially elevated symptom scores 

and, in turn, to spurious associations with behavioral measures. 

Related concerns have also been raised by Zorowitz et al.,94 who 

demonstrate that in online samples, careless or low effort re

sponding can induce spurious correlations between task perfor

mance and psychiatric symptom measures, particularly when 

symptom distributions are positively skewed. Importantly, their 

findings suggest that standard quality control procedures based 

solely on behavioral task performance are often insufficient, as 

participants who respond inattentively on questionnaires are 

not reliably identified by behavioral exclusion criteria.94 In the 

present study, we applied rigorous behavioral screening proced

ures to ensure high-quality task data. At the same time, we did 

not include questionnaire-level attention checks or infrequency 

items within the OCI measure. The only potential proxy for esti

mating such effects is the Autism Quotient,95 as no additional 

questionnaires containing reverse-coded items were adminis

tered that would have allowed for the computation of an acqui

escence index. Consequently, we cannot fully rule out the influ

ence of acquiescence or inattentive responding on the observed 

associations. It is important to note that this limitation reflects a 

structural characteristic of the OCI instrument rather than a 

design choice specific to the present study. Addressing it more 

fully would likely require the development and validation of 

revised OC symptom measures that incorporate reverse-coded 

items while maintaining strong psychometric properties. Future 

studies should therefore combine well-established clinical in

struments with improved questionnaire design features, 

including reverse-coded items and embedded attention checks, 

in order to more directly assess and control for response biases 

in online data collection contexts.
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(to D.N.); the EKÖP-25 University Excellence Scholarship Program of the Min

istry for Culture and Innovation from the Source of the National Research, 

Development and Innovation Fund (EKÖP-25-3-II-ELTE-1063) (to B.B.); the 
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K., Csigó, K., Németh, D., and Vékony, T. (2025). Individual differences in 

probabilistic learning and updating predictive representations in individ

uals with obsessive-compulsive tendencies. BMC Psychiatry 25, 368. 

https://doi.org/10.1186/s12888-025-06786-4.

21. Zermatten, A., Van der Linden, M., Jermann, F., and Ceschi, G. (2006). 

Validation of a French version of the Obsessive–Compulsive Inventory- 

Revised in a non-clinical sample. Eur. Rev. Appl. Psychol. 56, 151–155. 

https://doi.org/10.1016/j.erap.2005.07.003.

22. Rachman, S., and de Silva, P. (1978). Abnormal and normal obsessions. 

Behav. Res. Ther. 16, 233–248.

23. Gillan, C.M., Kalanthroff, E., Evans, M., Weingarden, H.M., Jacoby, R.J., 

Gershkovich, M., Snorrason, I., Campeas, R., Cervoni, C., Crimarco, 

N.C., et al. (2020). Comparison of the Association Between Goal- 

Directed Planning and Self-reported Compulsivity vs Obsessive- 

Compulsive Disorder Diagnosis. JAMA Psychiatry 77, 77–85. https:// 

doi.org/10.1001/jamapsychiatry.2019.2998.

24. Gillan, C.M., and Rutledge, R.B. (2021). Smartphones and the Neurosci

ence of Mental Health. Annu. Rev. Neurosci. 44, 129–151. https://doi. 

org/10.1146/annurev-neuro-101220-014053.

25. Colzato, L., Zhang, H., Roessner, V., Beste, C., and Hommel, B. (2025). 

Non-bivalent psychopathology: Rethinking mental disorders through 

metacontrol. Neurosci. Biobehav. Rev. 176, 106297. https://doi.org/10. 

1016/j.neubiorev.2025.106297.

10 iScience 29, 116851, August 21, 2026 

iScience
Article

ll
OPEN ACCESS

https://doi.org/10.1016/j.isci.2026.116851
https://doi.org/10.1016/j.isci.2026.116851
https://doi.org/10.1146/annurev-psych-113011-143750
https://doi.org/10.1038/s41386-021-01132-0
https://doi.org/10.1006/cogp.1999.0734
https://doi.org/10.1006/cogp.1999.0734
https://doi.org/10.1016/j.tics.2010.02.001
https://doi.org/10.1016/j.cognition.2010.05.011
https://doi.org/10.1038/s41539-024-00243-9
https://doi.org/10.1038/s41539-024-00243-9
https://doi.org/10.1176/appi.books.9780890425787
https://doi.org/10.3758/s13415-015-0347-6
https://doi.org/10.7554/eLife.11305
https://doi.org/10.7554/eLife.11305
https://doi.org/10.1176/appi.ajp.2011.10071062
https://doi.org/10.1176/appi.ajp.2011.10071062
https://doi.org/10.1176/appi.ajp.2014.14040525
https://doi.org/10.1176/appi.ajp.2014.14040525
https://doi.org/10.1016/j.biopsych.2013.02.002
https://doi.org/10.1016/j.biopsych.2013.02.002
https://doi.org/10.1016/j.ijchp.2024.100531
https://doi.org/10.1016/j.ijchp.2024.100531
https://doi.org/10.1016/j.cpr.2014.01.004
https://doi.org/10.1016/j.brat.2003.08.002
https://doi.org/10.1037/1040-3590.14.4.485
https://doi.org/10.1016/j.jad.2009.11.020
https://doi.org/10.1016/S0006-3223(98)00260-1
https://doi.org/10.1016/S0006-3223(98)00260-1
https://doi.org/10.3389/fpsyt.2022.865896
https://doi.org/10.1186/s12888-025-06786-4
https://doi.org/10.1016/j.erap.2005.07.003
http://refhub.elsevier.com/S2589-0042(26)02229-7/sref22
http://refhub.elsevier.com/S2589-0042(26)02229-7/sref22
https://doi.org/10.1001/jamapsychiatry.2019.2998
https://doi.org/10.1001/jamapsychiatry.2019.2998
https://doi.org/10.1146/annurev-neuro-101220-014053
https://doi.org/10.1146/annurev-neuro-101220-014053
https://doi.org/10.1016/j.neubiorev.2025.106297
https://doi.org/10.1016/j.neubiorev.2025.106297


26. Graybiel, A.M., and Rauch, S.L. (2000). Toward a Neurobiology of 

Obsessive-Compulsive Disorder. Neuron 28, 343–347. https://doi.org/ 

10.1016/S0896-6273(00)00113-6.

27. Banca, P., Voon, V., Vestergaard, M.D., Philipiak, G., Almeida, I., Po

cinho, F., Relvas, J., and Castelo-Branco, M. (2015). Imbalance in 

habitual versus goal directed neural systems during symptom provoca

tion in obsessive-compulsive disorder. Brain 138, 798–811. https://doi. 

org/10.1093/brain/awu379.

28. Banca, P., Herrojo Ruiz, M., Gonzalez-Zalba, M.F., Biria, M., Marzuki, 

A.A., Piercy, T., Sule, A., Fineberg, N.A., and Robbins, T.W. (2024). Action 

sequence learning, habits, and automaticity in obsessive-compulsive 

disorder. eLife 12, 87346. https://doi.org/10.7554/eLife.87346.4.

29. Gillan, C.M., and Robbins, T.W. (2014). Goal-directed learning and 

obsessive–compulsive disorder. Philos. Trans. R. Soc. Lond. B Biol. 

Sci. 369, 20130475. https://doi.org/10.1098/rstb.2013.0475.

30. Zhong, L., Baptista, S., Gattoni, R., Arnold, J., Flickinger, D., Stringer, C., 

and Pachitariu, M. (2025). Unsupervised pretraining in biological neural 

networks. Nature 644, 741–748. https://doi.org/10.1038/s41586-025- 

09180-y.

31. Aslin, R.N. (2017). Statistical learning: a powerful mechanism that oper

ates by mere exposure. WIREs Cognit. Sci. 8, 1373. https://doi.org/10. 

1002/wcs.1373.

32. Conway, C.M. (2020). How does the brain learn environmental structure? 

Ten core principles for understanding the neurocognitive mechanisms of 

statistical learning. Neurosci. Biobehav. Rev. 112, 279–299. https://doi. 

org/10.1016/j.neubiorev.2020.01.032.
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STAR★METHODS

KEY RESOURCES TABLE

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

A total of 568 university students took part in the study through an online experiment in exchange for course credit. The sample shows 

partial participant overlap with those reported in Brezóczki et al.,20 Hann et al.,77 and Nagy et al.96; however, the datasets are not 

identical, as data were collected across multiple studies with different primary research aims and measurement protocols. To 

maintain data integrity, rigorous quality control procedures were implemented, resulting in the exclusion of 164 participants who 

failed to follow the instructions. Our goal was to meet multiple data quality criteria, which are outlined in detail in the ‘quality 

control of the data’ section below. The final sample consisted of 404 participants (285 female, 111 male, and 3 non-specified, 5 un

disclosed MAge = 22.06 years; SDAge = 5.09). This study did not perform analyses based on sex or gender, which could limit the gener

alizability of the findings. Participants provided informed consent, and the studies received approval from the Research Ethics Com

mittee of Eötvös Loránd University, Budapest, Hungary (2021/504), following the principles of the Declaration of Helsinki.

METHOD DETAILS

Alternating Serial Reaction Time task

Statistical learning was measured by the Alternating Serial Reaction Time (ASRT) task.40,41 The task was implemented in JavaScript 

using jsPsych version 6.1.0.97,98 Each trial presented a visual stimulus, an illustration of a dog’s head, in one of four horizontally 

aligned screen positions (Figure 1A). Participants were instructed to respond as quickly and accurately as possible by pressing 

the corresponding keyboard key (‘‘S,’’ ‘‘F,’’ ‘‘J,’’ or ‘‘L’’ from left to right). The stimulus remained visible until a correct response 

was given, followed by a 120 ms response-to-stimulus interval before the next trial. Incorrect responses resulted in the stimulus re

maining on the screen until corrected. Unbeknownst to participants, the stimuli followed a probabilistic eight-element sequence 

alternating between pattern and random elements (e.g., 2–r–4–r–3–r–1–r, where numbers denote fixed positions and ‘‘r’’ indicates 

a random one) (Figure 1B). This alternating structure resulted in some three-element combinations (triplets) occurring more frequently 

than others. High-probability triplets – such as 2–X–4, 4–X–3, 3–X–1, and 1–X–2, where X is the variable middle element – occurred 

more often due to their consistent alignment with the underlying sequence. High-probability triplets emerged either when two pattern 

elements enclosed a random element (50% of trials) or when two random elements enclosed a pattern element (12.5% of trials) 

(Figure 1C). Making up the remaining 37.5% of trials, low-probability triplets included less predictable element combinations based 

on the sequence structure.

The ASRT task consisted of 15 blocks, each containing 10 repetitions of an eight-element sequence, for a total of 80 stimuli per 

block. After each block, participants received feedback on their average accuracy and reaction time, whereas no information was 

provided about their statistical learning performance, as they were unaware that the task involved detecting a hidden regularity.

Card Sorting Task

Cognitive flexibility was assessed using the Card Sorting Task (CST), adapted from the Wisconsin Card Sorting Test (WCST), a well- 

established measure of executive function.42,98,99 The CST evaluates an individual’s ability to shift cognitive strategies in response to 

changing task demands. During the task, four reference cards are displayed simultaneously on the screen. Each card contains visual 

stimuli that differ along three dimensions: color (red, yellow, green, or blue), quantity (one to four items), and shape (triangle, star, 

diamond, or circle). In each trial, a separate target card appears beneath the reference cards (Figure 1D). Participants are instructed 

to match the target card with one of the four reference cards according to a common feature, either color, quantity, or shape, by 

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Raw data This paper, OSF doi: https://doi.org/10.17605/OSF.IO/FWB38

Software and algorithms

Experimental task code This paper, OSF doi: https://doi.org/10.17605/OSF.IO/FWB38

Analysis code This paper, OSF doi: https://doi.org/10.17605/OSF.IO/FWB38

Experimental tasks This Paper, OSF doi: https://doi.org/10.17605/OSF.IO/FWB38
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selecting the corresponding card. Importantly, the correct matching rule is not disclosed to the participant. Instead, participants are 

required to infer the rule based on feedback provided after each response, which indicates whether the selected card was correct or 

incorrect (Figure 1E). The task comprises a total of sixty-four trials. The underlying categorization rule changes after every sequence 

of ten consecutive responses. The order of rule changes follows a fixed sequence: first based on color, then shape, followed by quan

tity, and then repeats in the same order. Cognitive flexibility is measured by the number of perseverative errors, defined as repeated 

use of a previously correct but no longer valid rule. A lower number of perseverative errors indicates greater cognitive flexibility.

Obsessive-compulsive inventory

Obsessive-compulsive tendencies were assessed using the Obsessive-Compulsive Inventory–Revised (OCI-R,47,100), a self-report 

questionnaire measuring the severity of symptoms on a 5-point Likert scale ranging from 0 (not at all) to 4 (extremely). Participants 

reported how much each symptom had bothered them during the previous month. For the present analyses, a 12-item version (OCI- 

12) was computed from the OCI-R by excluding the hoarding and neutralizing items, in line with the DSM-5 reclassification.47 The 

OCI-12 has demonstrated strong psychometric validity, including high internal consistency and test-retest reliability.47 Although it 

represents a relatively recent modification, its Hungarian version, derived from the validated Hungarian OCI-R, has not yet been inde

pendently validated. The Cronbach’s alpha in our sample indicated good internal consistency (α = 0.89). The total score can vary from 

0 to 48. In our final sample, the observed scores ranged from 0 to 43 (M = 12.58; SD = 9.02); see Figure S1. For transparency, the full 

OCI-R analyses are reported in the supplemental information (Tables S7–S10).

Procedures

The experiment was conducted using the Gorilla Experiment Builder platform (https://www.gorilla.sc).101. It began with participants 

reading an informational briefing and providing informed consent. Subsequently, participants completed the ASRT task, which 

started with two practice blocks followed by 15 task blocks. The practice blocks consisted solely of random trials and were excluded 

from analysis. To assess participants’ awareness of any patterns, we administered post-task inquiries asking them to report any reg

ularities they may have noticed during the ASRT task. Specifically, participants were questioned about their detection of hidden se

quences or patterns and asked to elaborate if applicable. None were able to accurately describe the alternating sequence, indicating 

that the task remained implicit, consistent with prior research.33 Following the ASRT task, cognitive flexibility was evaluated using the 

CST, and obsessive-compulsive tendencies were measured with the OCI-12. Additionally, Autism Quotient was administered to 

assess for autistic traits,95 demographic data on socioeconomic status, sleep, health, and handedness were collected. To account 

for potential confounding variables associated with the online setting, participants provided concise details about their testing envi

ronment, which are thoroughly outlined in the ‘quality control of the data’ section.

Quality control of the data

Online data collection is known to present several methodological challenges, as outcomes may be influenced not only by the psy

chological constructs of interest but also by variability in participants’ response styles, engagement levels, and task completion stra

tegies.93 To address these concerns, we implemented data quality control procedures following established recommendations for 

online experimental research.87 From the initial sample, we excluded participants who: 1) reported prior completion of the ASRT task 

(N = 6, 1.06%), 2) restarted or quit the experiment at any point (N = 28, 4.93%); 3) failed the attention test screening for non-compli

ance (N = 26, 4.58%); 4) whose mean raw accuracy on the ASRT task was below 80%, as such low performance was considered 

indicative of insufficient task engagement rather than genuine performance (N = 24, 4.23%); 5) were over 55 years old due to the 

potential influence of age-related cognitive decline on neurocognitive performance measures (N = 1, 0.17%), 6) reported neurological 

impairment or head injury, or reported a diagnosis of any psychiatric condition (N = 58, 10.21%); 7) reported having consumed 

alcohol within 6 hour, recreational drugs or psychoactive medications within 24 hour before the experiment (N = 38, 6.69%); 8) 

took long self-paced breaks between ASRT blocks, as such extended interruptions may indicate reduced task engagement (N = 

4, 0.7%), 9) engaged in random button pressing during ASRT task (N = 3, 0.53%) and 10) participants who scored in the zero category 

on the CST, indicating random clicking during the task or incomplete understanding of it (N = 19, 3.34%). As some participants met 

multiple exclusion criteria, the combined criteria resulted in the exclusion of a total of 164 participants (28.87%).

QUANTIFICATION AND STATISTICAL ANALYSIS

Data preparation and analysis

Data preprocessing, statistical analysis, and visualization were carried out in R version 4.4.2.102 For the ASRT task, each trial was 

categorized according to whether it represented the final element of a high- or low-probability triplet. Only the first response for 

each trial was retained; subsequent responses were excluded to ensure response validity. Trials with reaction times (RTs) below 

150 ms or above 1000 ms, as well as those falling beyond three absolute median deviations from each participant’s median RT, 

were removed to control for outliers.20 Repetition trials (e.g., 2–2–2, 1–1–1) and trills (e.g., 2–1–2, 3–2–3) were excluded due to their 

potential to elicit prepotent motor responses unrelated to statistical learning processes.33,103 The first two trials of each block were 

also removed, as they did not complete a triplet structure. Furthermore, incorrect responses were excluded from RT analyses. 
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Following these procedures, 17.54% of trials were excluded from accuracy analyses and 24.61% from RT analyses. These exclusion 

rates are consistent with those reported in online ASRT studies.20,77,96

We utilized Linear Mixed Models (LMMs) for analyzing RT and accuracy performance. LMMs were fit with the mixed function from 

the afex package.104 Regarding statistical learning and visuomotor performance, we computed the median reaction times and mean 

accuracy of the ASRT task for each participant in every block. These measures were used as outcome variables in linear mixed 

models with the Time (Block 1–15), Triplet Type (last element of a high-vs. low-probability triplet), Cognitive flexibility (Perseverative 

Error), OC tendencies (OCI-12 score), and their higher-order interactions as fixed effects in the model. The Time, OCI-12 score, and 

Perseverative Error factors were treated as mean-centered continuous variables. The models also included participant-specific in

tercepts and correlated slopes for the within-subject variables of Time and Triplet Type, treated as random effects. For RTs, the final 

model achieved convergence using the participants as random intercepts with by-participant correlated slopes for the Time. For ac

curacy, the final model achieved convergence using the participants as random intercepts with by-participant correlated slopes for 

Triplet Type and Time. Additional analyses conducted on further variables (Trials to Complete First Category, Total Number of Correct 

Responses) are reported in the supplemental information (Tables S5–S8).

Post hoc analyses involved the computation of estimated marginal means and marginal trends for simple effects and simple 

slopes, utilizing the emmeans package.105 Significant interactions involving continuous predictors, specifically the OCI-12 score 

and Perseverative errors, were probed at three levels: the mean, as well as at ±1 standard deviation from their means. For the 

Time factor, probing was performed at the end of the 5th, 10th, and 15th blocks. Figures were created with ggplot2.

In reporting the results, the main effects of Time are interpreted as an improvement in visuomotor performance, both on RT and 

accuracy, regardless of probabilistic patterns. Meanwhile, the main effect of Triplet Type is seen as an indicator of the amount of 

implicit probabilistic learning, and the interaction between Time and Triplet Type represents the temporal trajectory of statistical 

learning throughout the task. Please note that although we used the OCI-12 score as a continuous variable for all our analyses, 

for more illustrative data visualization and clarified post hoc analysis, we depicted results at lower OC tendencies (Mean OCI-12 score 

- SD), medium OC tendencies (Mean OCI-12 score), and higher OC tendencies (Mean OCI-12 score + SD), based on standard de

viations from the mean. For the more complex interactions, the same approach was applied to the Number of Perseverative Errors.

Hence, our models were structured according to the following general form in afex syntax:

Reaction time:

Median RT ∼ Time * Triplet Type * OCI-12 score * Perseverative Error + (Time | Participant).

Accuracy:

Mean Accuracy ∼ Time * Triplet Type * OCI-12 score * Perseverative Error + (Time + Triplet Type | Participant).
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6. General discussion 

This dissertation aimed to characterize unsupervised learning mechanisms and their 
interaction with goal-directed control across non-clinical OC tendencies. Prominent 
theories emphasize an imbalance between habitual and goal-directed control processes 
(Gillan, Apergis-Schoute, et al., 2015; Gillan et al., 2011, 2014, 2016, 2020; Gillan & 
Robbins, 2014; Yu et al., 2024) as well as alterations in learning mechanisms, particularly 
implicit learning (Deckersbach et al., 2002; Goldman et al., 2008; Kathmann et al., 2005; 
Kelmendi et al., 2016; Marker et al., 2006; Vloet et al., 2010). However, a critical 
unresolved question concerns how a priori, unsupervised learning mechanisms, operating 
in a fully incidental manner, relate to OCD and non-clinical OC tendencies.  

To address this gap, Study 1 systematically and critically reviewed the existing 
literature on unsupervised learning in OCD. This review revealed that prior studies failed 
to provide a clear and consistent account of pure unsupervised learning mechanisms. 
Specifically, methodological and conceptual limitations prevented the disentanglement 
of unsupervised learning from confounding factors such as task demands, goal-directed 
strategies, or explicit learning components. Building on these limitations, Study 2 focused 
on SL as a candidate pure unsupervised learning mechanism and examined its relationship 
with non-clinical OC tendencies. As adaptive learning involves not only the acquisition 
but also the updating of predictive representations, Study 2 further examined adaptation 
to changing environmental regularities. The findings showed that SL and the updating of 
predictive representations did not systematically vary with OC tendencies.  

Within theoretical accounts that emphasize interactions between automatic 
learning and goal-directed processes in OCD, the presented findings raise an important 
interpretative question: at what cost is SL preserved? Study 3 offered insight into this 
issue by revealing a dynamic relationship between SL and cognitive flexibility, a core EF 
(Diamond, 2013; Friedman & Robbins, 2022; Miyake et al., 2000). In line with prior 
theoretical and empirical work (Ambrus et al., 2020; Nemeth et al., 2013; Pedraza et al., 
2024; Virag et al., 2015), SL and cognitive flexibility were negatively associated, 
consistent with a competitive interplay between automatic learning mechanisms and goal-
directed control functions. Notably, this inverse relationship became attenuated as non-
clinical OC tendencies increased, suggesting that OC tendencies are associated not with 
isolated impairment in either process, but with alterations in their functional relationship. 
Together, these findings support an interactive memory-systems perspective in which 
OC-related neurocognitive variation is understood in terms of interactions among 
multiple systems rather than isolated dysfunctions. 

The following sections integrate these findings and consider their theoretical, 
methodological, and clinical implications, as well as directions for future research. 

 

6.1. Summary of Study 1 

Study 1 reviewed eight studies examining unsupervised sequence learning in 
OCD, revealing mixed findings across distinct components of SRT performance: 
evidence for impaired sequence-specific learning, relatively preserved visuomotor 
learning, and generally slower RTs in individuals with OCD. However, drawing firm 
conclusions from this literature is challenging for several reasons. First, although all 
studies employed variants of the classical SRT task, they differed substantially in task 
design. These differences included the number and length of blocks, the placement 
(beginning of the task, within sequential blocks, etc.), and frequency of (practice) random 
blocks relative to sequence blocks, the number of stimuli, and the use of single versus 
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dual-task paradigms. Additional sources of variability included task instructions, 
response–stimulus interval durations, and, critically, the degree of explicit awareness of 
sequential regularities and individual differences within the OCD population. As a 
consequence of this methodological heterogeneity, findings across studies are difficult to 
compare directly. Moreover, not all task designs allowed for the systematic assessment 
of all relevant learning components. Accordingly, only a small subset of studies reported 
all three components (sequence-specific learning, visuomotor performance improvement, 
and general (baseline) RT) within the same experimental design (Deckersbach et al., 
2002; Goldman et al., 2008). Beyond design limitations, this pattern may partly reflect a 
narrow focus on sequence-specific learning, defined as the acquisition of ordinal 
information, while other learning-related mechanisms have received comparatively less 
attention. 

Beyond differences between studies, interpretation is constrained by the classical 
SRT task itself. The classical SRT task imposes a fundamental limitation on the clear 
dissociation of visuomotor performance improvement and sequence-specific learning 
(Janacsek et al., 2012). Such separation is only achievable under specific task 
configurations, for example, when extended random blocks are introduced either at the 
outset of the task or intermittently during task execution. In many studies, sequence-
specific learning is inferred from RT differences between sequence blocks and random or 
altered-sequence blocks (Nissen & Bullemer, 1987). However, these differences do not 
necessarily reflect the acquisition of sequential structure per se, as they may partially arise 
from motor practice effects instead of the repeated exposure to the sequence. 
Consequently, behavioral performance on the classical SRT task alone provides limited 
leverage for determining whether observed differences reflect a genuine impairment in 
implicit sequence learning or are instead driven by task-related confounds and design 
constraints in OCD. 

A further complication concerns explicit awareness. The simple and repetitive 
structure of deterministic SRT tasks can facilitate explicit knowledge of sequential 
regularities (Remillard, 2003, 2014). Indeed, follow-up assessments in some of the 
reviewed studies confirmed that participants had acquired explicit knowledge of the 
sequence (Goldman et al., 2008; Marker et al., 2006). Supporting this interpretation, 
explicitly informing individuals with OCD about the presence of a hidden sequence 
improved learning relative to standard instructions (Soref et al., 2018), suggesting that 
reducing uncertainty may facilitate strategic engagement with the task. Neuroimaging 
findings further complicate this picture: whereas classical SRT performance in 
neurotypical individuals primarily engages basal-ganglia systems (Janacsek et al., 2020), 
individuals with OCD showed greater recruitment of hippocampal, medial temporal, and 
orbitofrontal regions (Rauch et al., 1997, 2007). These patterns have been interpreted as 
reflecting greater reliance on explicit or declarative learning strategies, potentially 
compensating for altered implicit learning processes (Deckersbach et al., 2002; Soref et 
al., 2018, 2021; Ullman & Pullman, 2015). However, medial temporal and hippocampal 
involvement cannot be straightforwardly equated with explicit learning. More recent 
evidence indicates that these regions also contribute to the incidental extraction and 
consolidation of environmental regularities (Albouy et al., 2013; Schapiro et al., 2014, 
2019). From this perspective, the activation patterns observed during SRT performance 
in OCD need not reflect a compensatory shift from implicit to explicit learning, but may 
instead indicate altered engagement or interaction among multiple learning and memory 
systems. This view is consistent with the interactive memory systems framework, which 
posits that multiple memory systems, including the basal ganglia and medial temporal 
lobe, operate in parallel, engaging in both competitive and cooperative interactions to 
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guide behavior depending on environmental demands (Ambrus et al., 2020; Nemeth et 
al., 2013; Pedraza et al., 2024; Poldrack et al., 2001; Virag et al., 2015). Determining 
whether these interactions are altered in OCD will require studies combining process-
specific behavioral measures with neuroimaging. 

Overall, Study 1 did not support a simple account of impaired implicit sequence 
learning in OCD. Rather, the available evidence suggests that observed differences may 
arise from multiple sources, including sequence-specific learning, general visuomotor 
performance, explicit strategies, and interactions among memory systems. These findings 
highlighted the need for paradigms that better isolate unsupervised learning while 
minimizing visuomotor and strategic confounds, providing the theoretical and 
methodological basis for the subsequent empirical studies. 

6.2.  Summary of Study 2 

The aim of Study 2 was twofold and was addressed through two independent experiments 
(Experiment 1 and Experiment 2). Building on the gaps identified in Study 1, Experiment 
1 examined the acquisition of probabilistic regularities using the ASRT task, whereas 
Experiment 2 extended this approach beyond acquisition to investigate the incidental 
updating of previously acquired predictive representations following changes in 
environmental regularities. Both experiments were conducted in university student 
samples across non-clinical OC tendencies. The results revealed robust SL across the 
spectrum of OC tendencies, as well as preserved updating of predictive representations, 
indicating that both the acquisition and flexible adaptation of probabilistic information 
remain largely intact in non-clinical OC populations. 

6.2.1. Statistical learning – Experiment 1 
Theoretical models addressing the development and maintenance of OCD predominantly 
focused on repetitive, maladaptive behaviors shaped by supervised, that is, reward- and 
feedback-driven learning mechanisms (Exner et al., 2014; Gillan et al., 2011, 2014; 
Hansmeier et al., 2018; Kelmendi et al., 2016; Zetsche et al., 2015). While informative, 
these approaches provided limited access to learning processes that operate independently 
of explicit reinforcement. The strong influence of feedback and outcome evaluation made 
it difficult to isolate core learning mechanisms from effects associated with feedback 
processing. Results from Study 2 showing preserved SL across non-clinical OC 
tendencies suggest that primary learning processes (Zhong et al., 2025) remain intact 
across levels of OC traits and are therefore unlikely, in isolation, to explain the emergence 
and persistence of OC tendencies and OC symptoms. Moreover, Experiment 2 of Study 
2 showed that unsupervised learning can proceed efficiently, as reflected in the faster 
extraction of regularities in the absence of reinforcers. Although previous accounts have 
suggested that reward does not directly influence learning (Voon et al., 2015), it remained 
difficult to disentangle the pure acquisition of stimulus-response associations and 
statistical regularities from the influence of external reinforcement when they are actually 
present. In this respect, SL, where the acquisition of underlying regularities omits 
reinforcement, is clearly unaffected by external influences and highlights a preserved 
unsupervised primary learning process (Zhong et al., 2025). These results uncovered that 
supervision is not necessary for successful learning in individuals with OC tendencies. 
Expanding this conclusion will require the integration of additional unsupervised learning 
paradigms in future research. 

Beyond its independence from supervision, SL provides a closer reflection of real-
life learning compared with previous approaches. Traditional accounts have largely 
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assessed learning in OCD using deterministic patterns with rigid regularities and highly 
predictable associations - conditions that rarely occur in everyday situations (Barzilay et 
al., 2022; Deckersbach et al., 2002; Goldman et al., 2008; Marker et al., 2006; Rauch et 
al., 1997, 2007). Thus, in real-world contexts, relevant regularities are often embedded 
within noisy environments, where they are intermixed with largely irrelevant stimuli. It 
could be anticipated that the acquisition of such probabilistic and not fully predictable 
patterns would be attenuated in individuals with OC tendencies or OCD, given their 
characteristic pervasive doubt and intolerance of uncertainty (Dar, 2004; Fradkin, Adams, 
et al., 2020; Fradkin, Ludwig, et al., 2020; Marton et al., 2019). Contrary to this 
expectation, our findings demonstrated intact probabilistic learning performance, 
potentially as the inherent noise in the task limits uncertainty-driven strategic engagement 
(Soref et al., 2021). This interpretation is further corroborated by evidence from the WPT, 
in which the underlying probabilistic associations are generally acquired successfully 
(Exner et al., 2014; Hansmeier et al., 2018; Zetsche et al., 2015). Collectively, these 
results indicate that, in addition to preserved unsupervised learning mechanisms, the 
capacity to acquire information in noisy environments remains intact across non-clinical 
OC tendencies. To clarify the generality and boundaries of this effect, further research 
employing additional probabilistic paradigms will be necessary. 

A further aspect highlighting the relevance of these results is that SL occurs in an 
implicit and incidental manner, as effectively demonstrated by the ASRT task, which 
preserves its complete implicitness (Horváth et al., 2022; Vékony et al., 2022). This 
finding is particularly relevant to Study 1, which highlighted the possibility that 
deterministic SRT paradigms promote explicit pattern search and strategic engagement 
in OCD. Interestingly, Soref et al. (2018) reported enhanced sequence learning when 
individuals with OCD were explicitly informed about the presence of a hidden regularity. 
Considered together, these findings raise the possibility that uncertainty-driven strategic 
search may be particularly disruptive when regularities are detectable but remain 
ambiguous, whereas learning may proceed efficiently when task structure is either made 
explicit or remains largely inaccessible to conscious strategy. This interpretation remains 
speculative and should be directly tested by systematically varying instructional 
conditions and awareness within the same probabilistic learning paradigm (Horváth et al., 
2022; Howard & Howard, 1997; Vékony et al., 2022).  

6.2.2. Updating of predictive representations – Experiment 2 
Experiment 2 extended the investigation beyond initial acquisition by examining how 
previously learned probabilistic representations adapt to an unexpected change in 
environmental structure. Fine-grained analyses allowed the updating process to be 
decomposed into the persistence of previously acquired knowledge and the acquisition of 
new regularities (Horváth et al., 2022). Representations formed through SL are known to 
remain robust over both short and longer timescales, raising the question of whether such 
representations become excessively persistent across OC tendencies when environmental 
regularities change (Carden & Wood, 2018; Kóbor et al., 2017). The preserved updating 
observed in Experiment 2 is particularly relevant in light of previous findings showing 
altered adaptation to changing environmental information in OCD. Reduced sensitivity 
to outcome devaluation and contingency degradation suggests that previously acquired 
behavior can persist despite changes in outcome value or action–outcome contingencies 
(Gillan et al., 2011, 2014; Vaghi et al., 2019). Similarly, recent findings in volatile 
environments indicate altered confidence and error sensitivity during learning in OCD 
(Hoven et al., 2024), while computational accounts suggest repeated reliance on currently 
available environmental information to minimize uncertainty (Fradkin, Adams, et al., 
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2020; Fradkin, Ludwig, et al., 2020). The present findings add to these accounts by 
showing that, when predictive representations are acquired incidentally through SL, 
previously acquired regularities can be maintained while newly emerging regularities are 
simultaneously acquired across OC tendencies. Thus, the updating of statistical 
representations itself appears to remain preserved despite the behavioral rigidity and 
altered use of prior information described in OCD. 

Importantly, the present findings concern regularities that were both acquired and 
updated incidentally, without explicit instruction about the underlying structure or 
sequence-specific reinforcement. They therefore complement, rather than contradict, 
previous findings obtained in paradigms involving different forms of learning and 
behavioral adaptation. Together, these results suggest that difficulties in adapting 
previously learned behavior in OCD may not originate from the updating of statistical 
representations itself, but may emerge through additional processes involved in the use 
of acquired information to guide behavior. Further studies are needed to determine which 
cognitive processes and task conditions contribute to the altered behavioral adaptation 
observed in OCD. 
 Overall, Study 2 demonstrated that the core learning process, unsupervised SL, 
remains intact across individuals with non-clinical OC tendencies, along with the ability 
to update predictive representations in response to changes in environmental structure. 
These findings indicate robust primary learning and adaptive mechanisms across the OC 
spectrum. However, as suggested by the neurocompetition hypothesis, SL does not 
operate in isolation but interacts with multiple neurocognitive systems (Ambrus et al., 
2020; Nemeth et al., 2013; Pedraza, Farkas, et al., 2024; Vékony et al., 2025). This 
perspective is consistent with theoretical accounts of OCD, including the habit hypothesis 
and compensatory memory systems framework, which emphasize that complex 
neurocognitive processes dynamically interact to support specific behavior. This raises 
the question motivating Study 3: does the balance between SL and goal-directed control 
change as OC tendencies increase? 

6.3. Summary of Study 3 

Study 3 aimed to reveal how non-clinical OC tendencies influence the well-established 
inverse relationship between unsupervised SL and EF, specifically, cognitive flexibility. 
We measured OC tendencies dimensionally in a university sample, trying to cover the 
full spectrum from low to higher non-clinical OC prevalence. SL was measured using the 
ASRT task, while cognitive flexibility was assessed via a Card Sorting Task. Consistent 
with prior theoretical and empirical work, SL and cognitive flexibility exhibited a 
negative association, reflecting a competitive interplay between automatic learning 
mechanisms and executive control function. Crucially, this relationship weakened with 
increasing OC tendencies: poorer cognitive flexibility was associated with enhanced SL 
at lower and medium levels of OC tendencies, whereas this association was no longer 
evident at higher levels. These findings suggest that unsupervised SL can remain intact 
across the OC spectrum, but its typical trade-off with cognitive flexibility changes as OC 
tendencies increase, pointing to an altered balance between automatic learning and goal-
directed control functions. These findings extend theoretical accounts proposing an 
altered balance between automatic and goal-directed processes in OCD (Gillan, 2021; 
Gillan et al., 2011, 2014; Yu et al., 2024).  

Previous work has predominantly examined this balance using outcome-
devaluation and related instrumental paradigms, in which diminished goal-directed 
control is associated with greater habitual responding (Gillan et al., 2011, 2014; Vaghi et 
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al., 2019; Yu et al., 2024). Study 3 approached this question from a different perspective 
by examining SL as a fundamental unsupervised form of learning (Zhong et al., 2025) in 
relation to cognitive flexibility, a prefrontal cortex-dependent EF that underlies goal-
directed behavior, and by assessing how this relationship is modulated by OC tendencies. 
Rather than indicating a straightforward shift toward stronger automatic processing, the 
present findings suggest that increasing OC tendencies are associated with a weakening 
of the typical relationship between these functions. At lower levels of OC tendencies, 
poorer cognitive flexibility was accompanied by enhanced SL, consistent with the 
competitive memory-systems framework (Ambrus et al., 2020; Nemeth et al., 2013; 
Pedraza et al., 2024; Vékony, Brezóczki, et al., 2025; Virag et al., 2015). As OC 
tendencies increased, however, this antagonistic relationship diminished, despite SL itself 
remaining intact. Thus, OC tendencies may be associated less with dysfunction within 
either function in isolation than with altered coordination between them (Banca et al., 
2015; Gillan et al., 2011, 2016, 2020; Natsheh et al., 2019; Yu et al., 2024).  
 Building on this interpretation, we speculate that OC tendencies may modulate 
the functional significance of individual differences in executive functioning within the 
broader neurocognitive architecture, even in the absence of a direct association between 
OC tendencies and cognitive flexibility. At lower levels of OC tendencies, poorer 
cognitive flexibility was associated with better SL, consistent with a complementary 
relationship between these functions (Ambrus et al., 2020; Pedraza et al., 2024). As OC 
tendencies increased, however, this antagonistic relationship diminished, raising the 
possibility that comparable individual differences in EF may have different functional 
consequences across the spectrum of OC tendencies. Rather than reflecting a uniform 
executive deficit, higher OC tendencies may therefore be associated with changes in how 
EFs relate to other neurocognitive functions. Although this interpretation remains 
speculative, it generates a testable hypothesis that similar levels of executive performance 
may be associated with different neurocognitive profiles depending on OC tendencies. 

One potential explanation for the divergence between our findings and earlier 
results lies in methodological differences across studies. Previous investigations have 
predominantly relied on outcome devaluation paradigms (Gillan et al., 2011, 2020; Yu et 
al., 2024), which assess habit and goal-directed control within a single experimental 
framework following extended instrumental training at the process level. In these 
paradigms, goal-directed control is inferred from the ability to flexibly adjust behavior in 
response to changes in contingencies and feedback, a process that additionally recruits 
multiple neurocognitive mechanisms related to reward-driven learning (Gillan et al., 
2011, 2020; Yu et al., 2024). In contrast, the present study employed separate tasks to 
assess SL and cognitive flexibility, thereby targeting relatively stable, trait-like individual 
differences in their cross-task relationship (Horváth et al., 2025). Moreover, only one 
component of executive functioning was measured, raising the possibility that distinct 
executive processes may interact differently with SL as a function of OC tendencies. 
Importantly, the present study also examined this balance through component processes 
rather than habitual and goal-directed behavior directly. Whereas habit-based paradigms 
contrast habitual and goal-directed behavioral control, the present study focused on SL as 
a mechanism contributing to the acquisition of automatic behavior (Horváth et al., 2022; 
Kaufman et al., 2010) and cognitive flexibility as an executive component supporting 
goal-directed control (Friedman & Robbins, 2022). Thus, the present findings do not 
necessarily contradict the habit hypothesis, but may provide insight into processes 
underlying the broader imbalance it proposes and suggest that this balance may depend 
on the level at which the interaction is examined. 
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The present pattern raises the possibility that within-task and cross-task 
interactions capture partly distinct aspects of the balance between automatic and goal-
directed processes. At lower and medium levels of OC tendencies, lower cognitive 
flexibility was associated with enhanced SL, whereas this association was no longer 
evident at higher levels of OC tendencies. Rather than indicating a simple shift toward 
stronger or weaker automatic learning, increasing OC tendencies therefore appear to 
weaken the typical relationship between SL and cognitive flexibility. One possibility is 
that higher OC tendencies constrain the competitive or compensatory interactions through 
which these functions normally influence one another, although the underlying neural 
mechanisms were not directly measured. Future studies integrating SL and executive 
control within the same paradigm will be necessary to determine whether this altered 
cross-task relationship also emerges when both processes compete directly during 
behavior, and ultimately how these process-level interactions relate to the broader balance 
between habitual and goal-directed control in OCD (Gillan, 2021; Gillan, Apergis-
Schoute, et al., 2015; Gillan et al., 2014; Robbins et al., 2019).  

6.4. Overall implications 

Taken together, the findings of the three studies demonstrate that both unsupervised 
learning mechanisms and non-clinical OC tendencies are critical for understanding OCD, 
each offering unique insights, but yielding the most comprehensive account when 
considered in an integrated manner. Addressing limitations of previous approaches 
(Study 1), we found that unsupervised SL remains intact in individuals with non-clinical 
OC tendencies, as does the updating of predictive representations (Study 2). However, 
these preserved learning processes appear to come at the cost of a shift in the balance 
between SL and cognitive flexibility (Study 3). In the following section, I discuss the 
theoretical, methodological, and applied implications of the presented studies. 

6.4.1. Theoretical implications of the presented studies  
A key theoretical implication of the studies presented in this dissertation is that it directs 
attention to a fundamental mechanism of learning, unsupervised learning, specifically SL 
in OCD research (Zhong et al., 2025). Historically, models of OCD have largely 
emphasized supervised, reward-driven learning (Exner et al., 2014; Gillan, 2021; Gillan, 
Apergis-Schoute, et al., 2015; Gillan et al., 2011, 2014; Gillan, Otto, et al., 2015; 
Hansmeier et al., 2018). Besides providing valuable insights, these models make it 
difficult to isolate pure learning processes from reward contingencies and other 
confounding factors. Such processes have been described as secondary learning systems, 
building upon the neuroanatomical foundations provided by unsupervised learning 
(Zhong et al., 2025). Examining this primary mechanism was especially important in 
OCD and in individuals with OC tendencies, given that the disorder also involves 
disruptions in reward processing (Alves-Pinto et al., 2019; Figee et al., 2011; Kaufmann 
et al., 2013), which may have influenced previous interpretations of learning performance 
in this population. By shifting the focus to unsupervised learning, our findings extend 
existing models by demonstrating that this primary mechanism remains intact across the 
spectrum of OC tendencies. The preservation of unsupervised learning suggests that the 
foundational capacity to extract regularities from the environment by mere exposure is 
preserved, potentially supporting the acquisition of subsequent skills, habits, and routines 
(Arciuli, 2018; Bogaerts et al., 2022; Conway, 2020; Horváth et al., 2022). Importantly, 
these findings demonstrate that unsupervised learning remains intact across the spectrum 
of OC tendencies. At the same time, the results clearly indicate that this unsupervised 
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mechanism (SL) alone can not account for the maladaptive symptom manifestations 
observed in compulsivity or OCD, highlighting the need for further research to identify 
the processes underlying the disorder’s characteristics. Future research should also extend 
the present findings with clinically diagnosed OCD populations to determine whether the 
observed subclinical patterns generalize to clinical symptomatology.  

Taken together, these findings allow us to speculate more broadly about learning-
related difficulties across the spectrum of OC tendencies and even in OCD. Previous 
studies of supervised learning have shown that successful learning does not necessarily 
lead to flexible behavioral adaptation in OCD, as acquired action–outcome knowledge 
may remain intact despite persistent responding following changes in outcome value 
(Gillan et al., 2011, 2014; Gruner et al., 2016). Our findings raise the possibility that a 
similar dissociation may also apply to a more fundamental, feedback-free form of 
learning. Across our studies, statistical regularities were successfully acquired, and their 
representations could also be updated when the environmental structure changed. We 
therefore speculate that difficulties associated with OC may not primarily arise from an 
impaired capacity to extract or update environmental regularities, but rather when this 
acquired and updated information needs to be integrated with goal-directed functions to 
support flexible behavioral adaptation (Gruner et al., 2016). This possibility further 
highlights the importance of considering preserved learning functions in relation to other 
neurocognitive functions involved in behavioral adaptation. 

Extending this framework further highlights the importance of examining 
cognitive processes not in isolation but in terms of their dynamic interactions. Traditional 
approaches in cognitive neuroscience have often assessed single processes within specific 
populations, leading to models that characterize OCD in terms of isolated deficits, such 
as impaired executive functioning, particularly cognitive flexibility (Chamberlain et al., 
2007, 2008; Menzies et al., 2007; Tomiyama et al., 2019), or disrupted implicit 
information processing (Goldman et al., 2008; Kathmann et al., 2005; Marker et al., 
2006). A broader perspective suggests that these processes interact systematically 
(Ambrus et al., 2020; Nemeth et al., 2013; Pedraza et al., 2024, 2025; Vékony, Brezóczki, 
et al., 2025). Consistent with frameworks such as the habit hypothesis and the 
compensatory memory system, which emphasize the interplay of multiple cognitive 
processes in OCD, we show that interactions between neurocognitive mechanisms can 
provide a more accurate prediction of an individual’s position along a psychiatric 
continuum than any single process alone (Gillan et al., 2016, 2020). Alternatively, this 
interaction may persist in an exaggerated or nonlinear form, consistent with a U-shaped 
function across the OC spectrum. These findings underscore that future research on OC 
tendencies should not only evaluate single cognitive functions but also systematically 
consider how the performance of a given function may be shaped by its interactions with 
other processes. 

Critically, the relationship may also be reciprocal: if neurocognitive processes can 
predict psychiatric symptoms, then specific symptoms or traits may themselves provide 
insight into the underlying neurocognitive mechanisms (Gillan et al., 2016, 2020; Scholl 
et al., 2022). Recent evidence even suggests that such dimensional phenotypes can be 
more effective than clinical diagnoses alone in identifying neurocognitive alterations 
related to symptoms or traits (Gillan et al., 2016, 2020; Scholl et al., 2022). In line with 
this perspective, our studies were conducted in a non-clinical sample of healthy young 
adults exhibiting a range of OC tendencies. This dimensional approach offers a sensitive 
theoretical framework for capturing meaningful individual differences within 
heterogeneous disorders such as OCD (Abramowitz et al., 2014; Colzato et al., 2025; De 
Bruijn et al., 2010; Fineberg et al., 2013; Gillan & Rutledge, 2021; Hoven et al., 2024). 
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Traditional, binary models of psychopathology have often assumed that brain structure or 
function is intact below a clinical threshold and altered above it, corresponding to the 
presence or absence of a diagnosis. However, there must be a continuous transition 
between these extremes, which can help explain the considerable individual variability in 
behavior and symptom expression (Abramowitz et al., 2014; Buchweitz et al., 2026; 
Gillan et al., 2016, 2020). Our findings emphasize this point and extend the spectrum-
based approach by suggesting that neurocognitive processes should be examined not only 
when an individual’s behavior deviates from the norm, but also across varying traits and 
phenomenological dimensions. Many traits, such as compulsivity, are transdiagnostic, 
appearing across conditions like OCD, addiction, eating disorders, and others, and can 
provide complementary information to enhance our understanding of human brain 
function (Colzato et al., 2025; Gillan et al., 2016, 2020; Robbins et al., 2024; Ruan et al., 
2024). Taken together, these considerations strongly support the need for further 
spectrum-based research to map the relationships between traits, symptoms, and 
neurocognitive processes. 

6.4.2. Methodological implications of the presented studies 
A central methodological contribution of this dissertation is the consistent use of 
probability-based, implicit paradigms that enable a more precise assessment of 
unsupervised learning while addressing key limitations in prior OCD research. Previous 
studies on learning in OCD have been constrained by several methodological issues, 
which the present work tackles from multiple angles. First, such paradigms capture 
unsupervised learning by allowing participants to acquire hidden patterns through 
practice without external reinforcement. In the present studies, the ASRT task served as 
one suitable example of this approach. As shown in Study 1, it helps overcome limitations 
of the classical SRT task by dissociating visuomotor performance from SL while 
preserving implicit processing (Horváth et al., 2022; Janacsek et al., 2012; Vékony et al., 
2022). This separation allows for a more precise assessment of learning mechanisms, with 
reduced confounding from motor execution. Moreover, because these tasks rely on the 
incidental acquisition of probabilistic regularities rather than fixed sequences (Howard & 
Howard, 1997; Janacsek et al., 2012), and do so without explicit instructions or 
reinforcement, they capture an important feature of real-world learning, in which 
regularities are often probabilistic rather than fully deterministic. This makes such 
paradigms particularly well-suited for investigating individual differences in learning in 
OCD, as they directly address several weaknesses identified in earlier research (Howard 
& Howard, 1997; Janacsek et al., 2012; Soref et al., 2018, 2021). Importantly, the ASRT 
represents only one possible implementation of this broader methodological approach. 
Future research on OCD would benefit from incorporating a wider range of unsupervised, 
implicit, probability-based paradigms with similar characteristics to complement and 
extend the present findings. 

A second methodological implication concerns the level at which interactions 
between learning and EF are examined. The present cross-task approach complements 
earlier within-task paradigms by assessing individual differences in the relationship 
between SL and cognitive flexibility across separate tasks (Barzilay et al., 2022; 
Deckersbach et al., 2002; Gillan et al., 2011, 2014; Yu et al., 2024). Such associations 
may capture relatively stable differences in the functional relationship between cognitive 
processes, whereas integrated paradigms allow their interaction to be examined directly 
within a specific behavioral context. Horváth et al. (2025) further highlight additional 
layers of analysis. One involves experimental manipulation, where EFs are transiently 
disrupted or downregulated to assess how reduced top-down control affects SL (Ambrus 
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et al., 2020; Nemeth et al., 2013; Virag et al., 2015). Applying this approach to OCD 
could be particularly informative, given evidence that executive-control capacity 
influences treatment outcomes. By temporarily modulating top-down processes, this 
design enables stronger causal inferences about the interplay between automatic and goal-
directed systems in symptom expression. A third level of analysis considers spontaneous 
fluctuations in EF networks (Simor et al., 2025; Vékony, Brezóczki, et al., 2025; Vékony, 
Farkas, et al., 2025). Even without direct intervention, periods of reduced top-down 
engagement appear to facilitate SL, suggesting that temporary disengagement of control-
related systems may promote adaptive learning mechanisms. In the context of OCD, 
exploring these dynamics over the long term, potentially through mindfulness or mind-
wandering phenomena, could reveal how naturally occurring shifts in cognitive control 
contribute to symptom regulation or resilience (Ahmari et al., 2013; Bourne et al., 2012; 
Jaafari et al., 2012). Finally, integrated paradigms can assess SL and executive control 
within the same task, capturing their moment-to-moment interaction under direct 
competition. Taken together, these complementary levels provide a methodological 
framework for determining when and how automatic learning and executive control 
interact in relation to OC tendencies.  

A further methodological strength of the empirical studies is the use of online 
experimental designs. Online methods have the potential to fundamentally transform 
psychiatric and neuroscience research in the long term, as they enable the recruitment of 
large and demographically diverse samples, increase statistical power, and support 
standardized, precise, and reliable task presentation and data collection, thereby 
facilitating reproducibility (Donegan & Gillan, 2022; Gillan & Rutledge, 2021). In 
addition, online platforms are time-efficient, reduce experimenter-related biases, and 
allow participants to complete tasks in their natural environments. This may enhance the 
ecological validity of measured cognitive processes, such as learning and decision-
making (Donegan & Gillan, 2022; Gillan & Rutledge, 2021). At the same time, online 
data collection introduces challenges, including environmental distractions and 
variability in participants’ devices. Furthermore, some responses may be noisy and may 
not accurately reflect the targeted psychological constructs, but rather factors such as 
inattention or fatigue (Donegan & Gillan, 2022; Gillan et al., 2025; Rodd, 2024; Sarna et 
al., 2026). Appropriate screening procedures, task-specific quality controls, and 
replication across online and laboratory settings are therefore essential. Nevertheless, 
accumulating evidence suggests that well-controlled online cognitive experiments can 
produce reliable findings comparable to laboratory-based research (Gillan et al., 2025; 
Rodd, 2024). Combined with dimensional assessment, large-scale online experimentation 
therefore provides a useful methodological approach for detecting subtle individual 
differences in neurocognitive processes that may remain obscured by group-level 
comparisons. 
 

6.4.3. Applied implications of the presented studies 

The theoretical and methodological approaches outlined above also have important 
practical implications. In particular, the present findings suggest that the characterization 
of OC tendencies may benefit from considering neurocognitive processes in combination 
rather than relying solely on individual functions or symptom severity. Although SL and 
the updating of predictive representations remained largely robust across non-clinical OC 
tendencies, the relationship between SL and cognitive flexibility varied across levels of 
OC tendencies. Thus, potentially relevant neurocognitive information may lie not only in 
the efficiency of individual processes, but also in their functional relationships. If 
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replicated in clinical and longitudinal studies, such interaction-based measures could 
complement symptom-based assessment and contribute to a more fine-grained 
characterization of individual cognitive profiles. Extending this dimensional perspective 
longitudinally could help determine whether individual differences in such 
neurocognitive profiles precede changes in OC symptoms and may therefore serve as 
early indicators of vulnerability to clinically significant OCD (Abramowitz et al., 2014; 
Colzato et al., 2025). In the longer term, identifying reliable neurocognitive indicators of 
vulnerability could support earlier monitoring and preventive intervention, although their 
predictive validity and clinical utility remain to be established. 

Beyond OCD-specific traits, the potential relevance of these neurocognitive 
profiles may extend across psychiatric conditions. Many psychiatric traits and symptoms 
are transdiagnostic, and shared underlying neurocognitive mechanisms may contribute to 
their expression across traditional diagnostic boundaries (Colzato et al., 2025; Cuthbert 
& Insel, 2013; Gillan et al., 2016). Consistent with the dimensional and transdiagnostic 
perspectives of HiTOP and RDoC, this raises an important applied question regarding 
whether the neurocognitive patterns associated with OC tendencies are specific to OCD 
or reflect broader mechanisms shared across psychopathology (Cuthbert & Insel, 2013; 
T. Insel et al., 2010; T. R. Insel, 2014; Kotov et al., 2017, 2021; Mittal & Wakschlag, 
2016). Future research including multiple symptom dimensions and psychiatric 
conditions could help disentangle shared and disorder-specific neurocognitive 
mechanisms. Ultimately, identifying which neurocognitive profiles map onto specific 
symptoms or broader transdiagnostic traits may improve the characterization of 
individual differences beyond diagnostic categories and provide a more precise basis for 
clinical assessment and intervention.  

This perspective may be particularly relevant to psychological treatment, as 
cognitive-behavioral therapy with exposure and response prevention (CBT/ERP) 
fundamentally relies on learning and the adaptive modification of behavior through 
experience. During ERP, patients repeatedly encounter obsession-related cues while 
refraining from compulsive responses, providing opportunities to revise previously 
established expectations about threat and the perceived necessity of compulsive behavior 
(Abramowitz, 2006; Öst et al., 2015). Contemporary inhibitory-learning accounts further 
emphasize the acquisition of new associations that compete with existing threat 
representations rather than the simple elimination of fear responses (Craske et al., 2014). 
From this perspective, individual differences in learning and the updating of previously 
acquired representations may influence how efficiently patients acquire, integrate, and 
generalize corrective information during treatment. The present findings further suggest 
that it may be informative to consider these learning processes in relation to executive 
control, rather than independently, given that the relationship between SL and cognitive 
flexibility varied across OC tendencies. Assessing these neurocognitive processes before 
and during treatment may therefore provide a more fine-grained characterization of 
individual cognitive profiles and could be examined prospectively as potential predictors 
of variability in therapeutic response (Kathmann et al., 2022). Such information could 
ultimately inform treatment stratification and personalization, for example by identifying 
individuals who may benefit from more intensive or differently structured learning 
opportunities or from therapeutic components targeting specific difficulties in learning, 
updating, or behavioral adaptation (Pereira de Souza et al., 2026). More broadly, 
integrating symptom profiles with neurocognitive mechanisms is consistent with RDoC-
informed and precision-psychiatry approaches, shifting the focus from diagnosis and 
symptom severity alone toward the functional processes that may shape individual 
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treatment needs and outcomes (Baek et al., 2026; Hirschtritt et al., 2017; Kathmann et al., 
2022; Starcevic & Brakoulias, 2008). 

An additional implication concerns the scope of conventional cognitive 
assessment. Standardized clinical and neuropsychological batteries predominantly assess 
cognitive functioning under explicit task instructions and deliberate, goal-directed 
conditions. Widely used instruments, such as the Wechsler Adult Intelligence Scale 
(Valentine et al., 2020; Wechsler IV, 2010), as well as neuropsychological measures, 
provide important information about general cognitive ability and EFs, including 
cognitive flexibility, inhibitory control, processing speed, and working memory. 
However, conventional assessment places considerably less emphasis on implicit and 
incidental aspects of cognition, including the acquisition of environmental regularities, 
implicit learning, and the updating of previously acquired representations. Incorporating 
measures of these processes may therefore provide complementary information about 
neurocognitive functioning that is not readily captured by explicitly instructed tasks. 
Importantly, their clinical value may lie not only in their assessment in isolation, but also 
in examining how implicit learning processes interact with established measures of 
executive and general cognitive functioning. Such an integrative approach may reveal 
individual neurocognitive profiles arising from different configurations of implicit and 
explicit cognitive processes that would remain undetected when either is considered 
alone. From an RDoC-informed perspective, broadening cognitive assessment to 
encompass both explicitly controlled and more implicit forms of cognition, and their 
interactions, may provide a more comprehensive functional characterization of individual 
differences relevant to psychopathology and treatment response. 

The applied value of these findings therefore lies in extending conventional 
symptom-based and cognitive assessment to include implicit learning mechanisms and 
their interaction with executive control. Such an approach aligns with a precision 
psychiatry perspective and may ultimately support more individualized assessment and 
intervention. In the longer term, if validated as reliable indicators of vulnerability, 
neurocognitive measures could also contribute to early identification and accessible 
digital screening in community, educational, or workplace settings, thereby extending 
their potential relevance from individualized care to broader preventive and public mental 
health initiatives. 

6.5. Limitations of the presented studies 

Although the present dissertation adopted a dimensional approach by examining 
OC tendencies continuously, its empirical scope remained largely specific to OC 
symptomatology. We did not systematically assess common comorbid dimensions, such 
as anxiety and depression, or extend the analyses to other forms of psychopathology in 
which similar neurocognitive alterations may occur (Basso et al., 2001; Choi et al., 2020; 
Goodwin, 2015; Kim et al., 2019; Lee et al., 2020). Consequently, the present findings 
cannot establish whether the observed associations with learning and executive 
functioning are specific to OC tendencies or reflect broader transdiagnostic processes. In 
particular, an important unresolved question is whether these associations characterize 
OC symptomatology itself or instead reflect an underlying dimension of compulsivity 
that is strongly expressed in OCD but extends across multiple psychiatric conditions 
(Donegan et al., 2025; Gillan et al., 2020; Robbins et al., 2024; Ziegler et al., 2019). 
Addressing this distinction will require future studies to simultaneously assess OC 
symptoms, compulsivity, and a broader range of psychopathological dimensions within 
the same individuals. Such an approach would allow the relative specificity and overlap 
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of their neurocognitive correlates to be directly tested, moving beyond a disorder-centered 
dimensional account toward the cross-diagnostic characterization of neurobehavioral 
mechanisms emphasized by RDoC and the empirically derived dimensional organization 
of psychopathology proposed by HiTOP. Notably, existing evidence already suggests that 
OC tendencies explain unique variance in neurocognitive functioning beyond correlated 
anxiety and depressive symptoms in non-clinical populations (Fradkin, Ludwig, et al., 
2020; Loosen & Hauser, 2020), providing an important starting point for this broader 
investigation. 

Second, the theoretical interpretations advanced here remain tentative, as they 
have not yet been tested in clinical OCD populations, in which OC-related mechanisms 
may manifest differently. Replicating these findings in individuals with diagnosed OCD 
is therefore critical for determining whether the neurocognitive associations observed 
along the non-clinical spectrum generalize to clinically significant symptom levels. 
Importantly, however, clinical OCD should not be treated as a homogeneous endpoint of 
this continuum (Mataix-Cols et al., 2005). The disorder comprises partially distinct 
symptom dimensions, including contamination/washing, checking, symmetry/ordering, 
and unacceptable thoughts, which may differ in their underlying neurocognitive profiles 
(Bragdon et al., 2018; Leckman et al., 2007; Mataix-Cols et al., 2005; van den Heuvel et 
al., 2008). Future studies should therefore examine whether alterations in SL and 
executive functioning are shared across OCD or preferentially associated with specific 
symptom dimensions or clinical subgroups. Such work would help determine whether the 
mechanisms identified here represent general features of OCD or contribute to its marked 
phenotypic heterogeneity. 

Additional limitations pertain to sample characteristics: the exclusive use of 
university students, with a restricted range of OC prevalence, limits both population 
representativeness and variability along the OC spectrum. Moreover, the cross-sectional 
nature of the empirical studies prevents conclusions about the temporal relationship 
between neurocognitive processes and OC tendencies. It therefore remains unknown 
whether alterations in the relationship between SL and cognitive flexibility precede 
changes in OC symptoms, emerge alongside them, or develop as their consequence. 
Longitudinal and developmental studies across more diverse populations will be 
necessary to characterize how these relationships evolve over time and whether they have 
predictive value for symptom trajectories.  

Furthermore, the present dissertation operationalized both SL and EF using a 
limited set of experimental measures. While SL remained intact across OC tendencies in 
the ASRT task used in the present dissertation, learning performance may vary across 
paradigms and stimulus modalities, and previous studies using classical SRT tasks have 
yielded mixed findings in OCD. Future research should therefore examine whether the 
present results generalize across complementary SL paradigms, including temporal, 
visual, and auditory regularities. Similarly, cognitive flexibility was examined as an EF 
supporting goal-directed behavioral control, but other complementary EFs, such as 
inhibition, working-memory updating, and planning, were not systematically assessed 
(Diamond, 2013; Friedman & Robbins, 2022). Importantly, the present measures capture 
specific components of these broader functional systems: SL reflects a fundamental 
mechanism supporting automatized behavior (Horváth et al., 2022; Kaufman et al., 2010), 
whereas cognitive flexibility represents one executive component contributing to goal-
directed control (Friedman & Robbins, 2022). This distinction is theoretically important 
because goal-directed behavior depends on the coordinated contribution of multiple 
executive processes, which are partially dissociable and may rely on distinct neural 
circuits (Vaghi et al., 2017). Consequently, an apparent alteration in goal-directed 
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functioning may arise from disruption of different underlying cognitive mechanisms 
across individuals. Future studies should therefore combine multiple measures of SL with 
a broader battery of EFs and, where possible, more direct measures of goal-directed and 
habitual control. Such a multimethod approach would help determine whether the present 
findings reflect task-specific effects or more general neurocognitive alterations, while 
allowing the specific mechanisms contributing to impaired adaptive control in OC 
tendencies to be more precisely identified.  

Another important limitation concerns the scope of learning-related processes 
investigated. While Study 1 highlighted the importance of disentangling learning 
components and the ASRT task enabled such separation, the present studies primarily 
focused on SL. Although improvements in visuomotor performance were observed across 
RT and accuracy indices, these effects did not show consistent associations with OC 
tendencies, limiting the strength of theoretical inferences. Baseline performance measures 
also yielded inconsistent results: RT was stable, whereas accuracy varied across 
experiments, showing higher, lower, or no differences. Thus, although the present 
findings provide a relatively consistent picture of SL, they do not allow similarly clear 
conclusions regarding more general aspects of task performance. The factors driving 
these inconsistencies could not be resolved within the present dissertation, underscoring 
the need for further research. Finally, in the absence of neuroimaging data, inferences 
regarding the underlying neural mechanisms remain necessarily indirect, based solely on 
behavioral performance. Given that neurobiological alterations in OCD may not be fully 
reflected in behavior (Deckersbach et al., 2002; Hansmeier et al., 2018; Rauch et al., 1997, 
2007), future studies should integrate behavioral and neurobiological measures to achieve 
a more comprehensive understanding of OC-related cognitive processes. 

7. Conclusion 

This dissertation aimed to elucidate the role of SL in OC phenomena, with a particular 
focus on non-clinical OC tendencies and its relationship with goal-directed control. 
Prevailing theoretical models have emphasized imbalances between habitual and goal-
directed control, as well as alterations in learning processes. However, the role of a priori, 
fully incidental unsupervised learning mechanisms has remained uncovered. The present 
findings demonstrate that SL, as a fundamental, unsupervised process, remains intact 
across varying levels of OC tendencies, together with the ability to update predictive 
representations in response to changing environmental regularities. Thus, the absence of 
associations between OC tendencies and either the acquisition or updating of statistical 
information argues against a primary role of these learning processes alone in explaining 
its behavioral manifestations. Critically, variability along the OC spectrum is not 
explained by impairments in learning per se, but by systematic changes in the association 
between SL and cognitive flexibility. These results support interactive memory systems 
frameworks by showing that the interplay between neurocognitive functions, rather than 
isolated dysfunctions, better characterizes the behavioral profiles of OC tendencies. 
Accordingly, the present findings extend existing learning-based models of OCD by 
suggesting that OC-related differences may lie not in a fundamental learning mechanism 
itself, but in how this mechanism operates in relation to executive control. 
Methodologically, they also advance the field by examining learning within a novel 
framework that treats OCD not as a homogeneous clinical disorder but as a continuum, 
capturing individual differences. Taken together, these findings suggest that the role of 
SL in OC phenomena may lie not in an impairment of this fundamental learning 
mechanism itself, but in its altered relationship with executive control. In the long term, 



 

80 
 

these insights may inform the refinement of clinical approaches to OCD and contribute 
to the development of integrative interventions that target interacting cognitive processes 
rather than isolated functions. 
 

8. References 

 
Abramovitch, A., Short, T., & Schweiger, A. (2021). The C Factor: Cognitive dysfunction as a 

transdiagnostic dimension in psychopathology. Clinical Psychology Review, 86, 102007. 
https://doi.org/10.1016/j.cpr.2021.102007 

Abramowitz, J. S. (2006). The Psychological Treatment of Obsessive—Compulsive Disorder. The 
Canadian Journal of Psychiatry, 51(7), 407–416. 
https://doi.org/10.1177/070674370605100702 

Abramowitz, J. S., Fabricant, L. E., Taylor, S., Deacon, B. J., McKay, D., & Storch, E. A. (2014). 
The relevance of analogue studies for understanding obsessions and compulsions. Clinical 
Psychology Review, 34(3), 206–217. https://doi.org/10.1016/j.cpr.2014.01.004 

Ahmari, S. E., & Rauch, S. L. (2022). The prefrontal cortex and OCD. Neuropsychopharmacology, 
47(1), 211–224. https://doi.org/10.1038/s41386-021-01130-2 

Ahmari, S. E., Spellman, T., Douglass, N. L., Kheirbek, M. A., Simpson, H. B., Deisseroth, K., 
Gordon, J. A., & Hen, R. (2013). Repeated Cortico-Striatal Stimulation Generates Persistent 
OCD-Like Behavior. Science, 340(6137), 1234–1239. 
https://doi.org/10.1126/science.1234733 

Albouy, G., King, B. R., Maquet, P., & Doyon, J. (2013). Hippocampus and striatum: Dynamics and 
interaction during acquisition and sleep-related motor sequence memory consolidation. 
Hippocampus, 23(11), 985–1004. https://doi.org/10.1002/hipo.22183 

Alvarenga, P. G., Hounie, A. G., Mercadante, M. T., Miguel, E. C., & Conceicao, M. (2007). 
Obsessive-compulsive disorder: A historical overview. Handbook of Child and Adolescent 
Obsessive-Compulsive Disorder, 1–15. 

Alves-Pinto, A., Rus, O. G., Reess, T. J., Wohlschläger, A., Wagner, G., Berberich, G., & Koch, K. 
(2019). Altered reward-related effective connectivity in obsessive-compulsive disorder: an 
fMRI study. Journal of Psychiatry and Neuroscience, 44(6), 395–406. 
https://doi.org/10.1503/jpn.180195 

Ambrus, G. G., Vékony, T., Janacsek, K., Trimborn, A. B. C., Kovács, G., & Nemeth, D. (2020). 
When less is more: Enhanced statistical learning of non-adjacent dependencies after disruption 
of bilateral DLPFC. Journal of Memory and Language, 114, 104144. 
https://doi.org/10.1016/j.jml.2020.104144 

American Psychiatric Association. (1952). Diagnostic and Statistical Manual of Mental Disorders. 
American Psychiatric Association. 

American Psychiatric Association. (1980). Diagnostic and Statistical Manual of Mental Disorders 
(3rd ed.). American Psychiatric Association. 

American Psychiatric Association. (2013). Diagnostic and Statistical Manual of Mental Disorders. 
American Psychiatric Association. https://doi.org/10.1176/appi.books.9780890425596 

American Psychiatric Association. (2022). Diagnostic and Statistical Manual of Mental Disorders, 
Fifth Edition, Text Revision (DSM-5-TR). American Psychiatric Association Publishing. 
https://doi.org/10.1176/appi.books.9780890425787 

Arciuli, J. (2018). Reading as statistical learning. Language, Speech, and Hearing Services in 
Schools, 49(3S), 634–643. https://doi.org/10.1044/2018_LSHSS-STLT1-17-0135 

Ashby, F. G., Turner, B. O., & Horvitz, J. C. (2010). Cortical and basal ganglia contributions to habit 
learning and automaticity. Trends in Cognitive Sciences, 14(5), 208–215. 
https://doi.org/10.1016/j.tics.2010.02.001 

Aslin, R. N. (2017). Statistical learning: a powerful mechanism that operates by mere exposure. 
WIREs Cognitive Science, 8(1–2). https://doi.org/10.1002/wcs.1373 

Baek, S. Y., Kim, H., Wheaton, M. G., Tyler, J., Foa, E., & Simpson, H. B. (2026). Changes in 
obsessive‐compulsive symptom profiles in response to exposure and response prevention. 
British Journal of Clinical Psychology. https://doi.org/10.1111/bjc.70059 

Balleine, B. W., & O’Doherty, J. P. (2010). Human and Rodent Homologies in Action Control: 
Corticostriatal Determinants of Goal-Directed and Habitual Action. 
Neuropsychopharmacology, 35(1), 48–69. https://doi.org/10.1038/npp.2009.131 



 

81 
 

Banca, P., Herrojo Ruiz, M., Gonzalez-Zalba, M. F., Biria, M., Marzuki, A. A., Piercy, T., Sule, A., 
Fineberg, N. A., & Robbins, T. W. (2024). Action sequence learning, habits, and automaticity 
in obsessive-compulsive disorder. ELife, 12. https://doi.org/10.7554/eLife.87346.4 

Bandelow, B., Allgulander, C., Baldwin, D. S., Costa, D. L. da C., Denys, D., Dilbaz, N., Domschke, 
K., Hollander, E., Kasper, S., Möller, H.-J., Eriksson, E., Fineberg, N. A., Hättenschwiler, J., 
Kaiya, H., Karavaeva, T., Katzman, M. A., Kim, Y.-K., Inoue, T., Lim, L., … Zohar, J. (2023). 
World Federation of Societies of Biological Psychiatry (WFSBP) guidelines for treatment of 
anxiety, obsessive-compulsive and posttraumatic stress disorders – Version 3. Part II: OCD and 
PTSD. The World Journal of Biological Psychiatry, 24(2), 118–134. 
https://doi.org/10.1080/15622975.2022.2086296 

Barceló, F. (1999). Electrophysiological evidence of two different types of error in the Wisconsin 
Card Sorting Test. NeuroReport, 10(6). https://doi.org/10.1097/00001756-199904260-00027 

Bari, A., & Robbins, T. W. (2013). Inhibition and impulsivity: Behavioral and neural basis of 
response control. Progress in Neurobiology, 108, 44–79. 
https://doi.org/10.1016/j.pneurobio.2013.06.005 

Barzilay, S., Fradkin, I., & Huppert, J. D. (2022). Habitual or hyper-controlled behavior: OCD 
symptoms and explicit sequence learning. Journal of Behavior Therapy and Experimental 
Psychiatry, 75, 101723. https://doi.org/10.1016/j.jbtep.2022.101723 

Basso, M. R., Bornstein, R. A., Carona, F., & Morton, R. (2001). Depression Accounts for Executive 
Function Deficits in Obsessive-Compulsive Disorder. Cognitive and Behavioral Neurology, 
14(4). 

Boedhoe, P. S. W., Schmaal, L., Abe, Y., Ameis, S. H., Arnold, P. D., Batistuzzo, M. C., Benedetti, 
F., Beucke, J. C., Bollettini, I., & Bose, A. (2017). Distinct subcortical volume alterations in 
pediatric and adult OCD: a worldwide meta-and mega-analysis. American Journal of 
Psychiatry, 174(1), 60–69. https://doi.org/10.1176/appi.ajp.2016.16020201. 

Bogaerts, L., Siegelman, N., Christiansen, M. H., & Frost, R. (2022). Is there such a thing as a ‘good 
statistical learner’? In Trends in Cognitive Sciences (Vol. 26, Number 1, pp. 25–37). Elsevier 
Ltd. https://doi.org/10.1016/j.tics.2021.10.012 

Bogaerts, L., Siegelman, N., & Frost, R. (2021). Statistical Learning and Language Impairments: 
Toward More Precise Theoretical Accounts. Perspectives on Psychological Science, 16(2), 
319–337. https://doi.org/10.1177/1745691620953082 

Bourne, S. K., Eckhardt, C. A., Sheth, S. A., & Eskandar, E. N. (2012). Mechanisms of deep brain 
stimulation for obsessive compulsive disorder: effects upon cells and circuits. Frontiers in 
Integrative Neuroscience, Volume 6-2012. /https://doi.org/10.3389/fnint.2012.00029 

Bourque, V.-R., Poulain, C., Proulx, C., Moreau, C. A., Joober, R., Forgeot d’Arc, B., Huguet, G., & 
Jacquemont, S. (2024). Genetic and phenotypic similarity across major psychiatric disorders: a 
systematic review and quantitative assessment. Translational Psychiatry, 14(1), 171. 
https://doi.org/10.1038/s41398-024-02866-3 

Bragdon, L. B., Gibb, B. E., & Coles, M. E. (2018). Does neuropsychological performance in OCD 
relate to different symptoms? A meta-analysis comparing the symmetry and obsessing 
dimensions. Depression and Anxiety, 35(8), 761–774. https://doi.org/10.1002/da.22785 

Brander, G., Perez-Vigil, A., Larsson, H., & Mataix-Cols, D. (2016). Systematic review of 
environmental risk factors for obsessive-compulsive disorder: a proposed roadmap from 
association to causation. Neuroscience & Biobehavioral Reviews, 65, 36–62. 
https://doi.org/10.1016/j.neubiorev.2016.03.011 

Buchweitz, C., Viduani, A., Herrman, H., Kohrt, B. A., McGorry, P., Salum, G., Sartor, C., Saxena, 
S., & Kieling, C. (2026). Transdiagnostic stage-based monitoring of public mental health. 
Nature Reviews Psychology, 5(2), 120–135. https://doi.org/10.1038/s44159-025-00527-w 

Burguière, E., Monteiro, P., Mallet, L., Feng, G., & Graybiel, A. M. (2015). Striatal circuits, habits, 
and implications for obsessive–compulsive disorder. Current Opinion in Neurobiology, 30, 59–
65. https://doi.org/10.1016/j.conb.2014.08.008 

Carden, L., & Wood, W. (2018). Habit formation and change. Current Opinion in Behavioral 
Sciences, 20, 117–122. https://doi.org/10.1016/j.cobeha.2017.12.009 

Castro, L., Wasserman, E. A., & Lauffer, M. (2018). Unsupervised learning of complex associations 
in an animal model. Cognition, 173, 28–33. https://doi.org/10.1016/j.cognition.2017.12.015 

Chamberlain, S. R., Fineberg, N. A., Menzies, L. A., Blackwell, A. D., Bullmore, E. T., Robbins, T. 
W., & Sahakian, B. J. (2007). Impaired Cognitive Flexibility and Motor Inhibition in 
Unaffected First-Degree Relatives of Patients With Obsessive-Compulsive Disorder. American 
Journal of Psychiatry, 164(2), 335–338. https://doi.org/10.1176/ajp.2007.164.2.335 



 

82 
 

Chamberlain, S. R., Menzies, L., Hampshire, A., Suckling, J., Fineberg, N. A., Del Campo, N., 
Aitken, M., Craig, K., Owen, A. M., & Bullmore, E. T. (2008). Orbitofrontal dysfunction in 
patients with obsessive-compulsive disorder and their unaffected relatives. Science, 321(5887), 
421–422. https://doi.org/10.1126/science.1154433 

Choi, J. S., Kim, S. H., Yoo, S. Y., Kang, D. H., Kim, C. W., Lee, J. M., Kim, I. Y., Kim, S. I., Kim, 
Y. Y., & Kwon, J. S. (2007). Shape deformity of the corpus striatum in obsessive-compulsive 
disorder. Psychiatry Research - Neuroimaging, 155(3), 257–264. 
https://doi.org/10.1016/j.pscychresns.2007.02.004 

Choi, K. W., Kim, Y.-K., & Jeon, H. J. (2020). Comorbid Anxiety and Depression: Clinical and 
Conceptual Consideration and Transdiagnostic Treatment (pp. 219–235). 
https://doi.org/10.1007/978-981-32-9705-0_14 

Colzato, L., Zhang, H., Roessner, V., Beste, C., & Hommel, B. (2025). Non-bivalent 
psychopathology: Rethinking mental disorders through metacontrol. Neuroscience & 
Biobehavioral Reviews, 176, 106297. https://doi.org/10.1016/j.neubiorev.2025.106297 

Conway, C. M. (2020). How does the brain learn environmental structure? Ten core principles for 
understanding the neurocognitive mechanisms of statistical learning. Neuroscience & 
Biobehavioral Reviews, 112, 279–299. https://doi.org/10.1016/j.neubiorev.2020.01.032 

Craske, M. G., Treanor, M., Conway, C. C., Zbozinek, T., & Vervliet, B. (2014). Maximizing 
exposure therapy: An inhibitory learning approach. Behaviour Research and Therapy, 58, 10–
23. https://doi.org/10.1016/j.brat.2014.04.006 

Cuthbert, B. N., & Insel, T. R. (2013). Toward the future of psychiatric diagnosis: the seven pillars 
of RDoC. BMC Medicine, 11(1), 126. https://doi.org/10.1186/1741-7015-11-126 

Dar, R. (2004). Elucidating the mechanism of uncertainty and doubt in obsessive-compulsive 
checkers. Journal of Behavior Therapy and Experimental Psychiatry, 35(2), 153–163. 
https://doi.org/10.1016/j.jbtep.2004.04.006 

De Bruijn, C., Beun, S., De Graaf, R., Ten Have, M., & Denys, D. (2010). Subthreshold symptoms 
and obsessive–compulsive disorder: evaluating the diagnostic threshold. Psychological 
Medicine, 40(6), 989–997. 

de Wit, S., Kindt, M., Knot, S. L., Verhoeven, A. A. C., Robbins, T. W., Gasull-Camos, J., Evans, 
M., Mirza, H., & Gillan, C. M. (2018). Shifting the balance between goals and habits: Five 
failures in experimental habit induction. Journal of Experimental Psychology: General, 147(7), 
1043. https://doi.org/10.1037/xge0000402 

Deckersbach, T., Savage, C. R., Curran, T., Bohne, A., Wilhelm, S., Baer, L., Jenike, M. A., & Rauch, 
S. L. (2002). A Study of Parallel Implicit and Explicit Information Processing in Patients With 
Obsessive-Compulsive Disorder. American Journal of Psychiatry, 159(10), 1780–1782. 
https://doi.org/10.1176/appi.ajp.159.10.1780 

Deroost, N., & Soetens, E. (2006). Spatial processing and perceptual sequence learning in SRT tasks. 
Experimental Psychology, 53(1), 16–30. https://doi.org/https://doi.org/10.1027/1618-
3169.53.1.16 

Diamond, A. (2013). Executive Functions. Annual Review of Psychology, 64(1), 135–168. 
https://doi.org/10.1146/annurev-psych-113011-143750 

Dickinson, A. (1985). Actions and habits: the development of behavioural autonomy. Philosophical 
Transactions of the Royal Society of London. B, Biological Sciences, 308(1135), 67–78. 
https://doi.org/10.1098/rstb.1985.0010 

Diwadkar, V. A., Burgess, A., Hong, E., Rix, C., Arnold, P. D., Hanna, G. L., & Rosenberg, D. R. 
(2015). Dysfunctional activation and brain network profiles in youth with obsessive-
compulsive disorder: a focus on the dorsal anterior cingulate during working memory. 
Frontiers in Human Neuroscience, 9, 149. https://doi.org/10.3389/fnhum.2015.00149 

Donegan, K. R., & Gillan, C. M. (2022). New principles and new paths needed for online research in 
mental health: Commentary on Burnette et al. (2021). International Journal of Eating 
Disorders, 55(2), 278–281. https://doi.org/10.1002/eat.23670 

Donegan, K. R., Suddell, S., De Forest, S., Sun, J., Gallagher, E., Hanlon, A., Buabang, E. K., 
Conelea, C., Mackay, C., & Gillan, C. M. (2025). Compulsivity is associated with accelerated 
stimulus- response habit learning. https://doi.org/10.31234/osf.io/xwtsu_v1 

Du, W., & Kelly, S. W. (2013). Implicit sequence learning in dyslexia: a within-sequence comparison 
of first- and higher-order information. Annals of Dyslexia, 63(2), 154–170. 
https://doi.org/10.1007/s11881-012-0077-1 

Exner, C., Zetsche, U., Lincoln, T. M., & Rief, W. (2014). Imminent Danger? Probabilistic 
Classification Learning of Threat-Related Information in Obsessive-Compulsive Disorder. 
Behavior Therapy, 45(2), 157–167. https://doi.org/10.1016/j.beth.2013.09.006 



 

83 
 

Farkas, B. C., Krajcsi, A., Janacsek, K., & Nemeth, D. (2023). The complexity of measuring 
reliability in learning tasks: An illustration using the Alternating Serial Reaction Time Task. 
Behavior Research Methods, 56(1), 301–317. https://doi.org/10.3758/s13428-022-02038-5 

Figee, M., Vink, M., de Geus, F., Vulink, N., Veltman, D. J., Westenberg, H., & Denys, D. (2011). 
Dysfunctional Reward Circuitry in Obsessive-Compulsive Disorder. Biological Psychiatry, 
69(9), 867–874. https://doi.org/10.1016/j.biopsych.2010.12.003 

Fineberg, N. A., & Gale, T. M. (2005). Evidence-based pharmacotherapy of obsessive–compulsive 
disorder. The International Journal of Neuropsychopharmacology, 8(1), 107–129. 
https://doi.org/10.1017/S1461145704004675 

Fineberg, N. A., Hengartner, M. P., Bergbaum, C., Gale, T., Rössler, W., & Angst, J. (2013). Lifetime 
comorbidity of obsessive-compulsive disorder and sub-threshold obsessive-compulsive 
symptomatology in the community: impact, prevalence, socio-demographic and clinical 
characteristics. International Journal of Psychiatry in Clinical Practice, 17(3), 188–196. 
https://doi.org/10.3109/13651501.2013.777745 

Fineberg, N. A., Hollander, E., Pallanti, S., Walitza, S., Grünblatt, E., Dell’Osso, B. M., Albert, U., 
Geller, D. A., Brakoulias, V., Janardhan Reddy, Y. C., Arumugham, S. S., Shavitt, R. G., 
Drummond, L., Grancini, B., De Carlo, V., Cinosi, E., Chamberlain, S. R., Ioannidis, K., 
Rodriguez, C. I., … Menchon, J. M. (2020). Clinical advances in obsessive-compulsive 
disorder: a position statement by the International College of Obsessive-Compulsive Spectrum 
Disorders. International Clinical Psychopharmacology, 35(4), 173–193. 
https://doi.org/10.1097/YIC.0000000000000314 

Fineberg, N. A., Reghunandanan, S., Simpson, H. B., Phillips, K. A., Richter, M. A., Matthews, K., 
Stein, D. J., Sareen, J., Brown, A., & Sookman, D. (2015). Obsessive–compulsive disorder 
(OCD): Practical strategies for pharmacological and somatic treatment in adults. Psychiatry 
Research, 227(1), 114–125. https://doi.org/10.1016/j.psychres.2014.12.003 

Fiser, J., & Aslin, R. N. (2005). Encoding Multielement Scenes: Statistical Learning of Visual Feature 
Hierarchies. Journal of Experimental Psychology: General, 134(4), 521–537. 
https://doi.org/10.1037/0096-3445.134.4.521 

Fitzgerald, K. D., Welsh, R. C., Gehring, W. J., Abelson, J. L., Himle, J. A., Liberzon, I., & Taylor, 
S. F. (2005). Error-related hyperactivity of the anterior cingulate cortex in obsessive-
compulsive disorder. Biological Psychiatry, 57(3), 287–294. 
https://doi.org/10.1016/j.biopsych.2004.10.038 

Foerde, K. (2018). What are habits and do they depend on the striatum? A view from the study of 
neuropsychological populations. Current Opinion in Behavioral Sciences, 20, 17–24. 
https://doi.org/10.1016/j.cobeha.2017.08.011 

Fox, C. J., Mueller, S. T., Gray, H. M., Raber, J., & Piper, B. J. (2013). Evaluation of a Short-Form 
of the Berg Card Sorting Test. PLoS ONE, 8(5), e63885. 
https://doi.org/10.1371/journal.pone.0063885 

Fradkin, I., Adams, R. A., Parr, T., Roiser, J. P., & Huppert, J. D. (2020). Searching for an anchor in 
an unpredictable world: A computational model of obsessive compulsive disorder. 
Psychological Review, 127(5), 672–699. https://doi.org/10.1037/rev0000188 

Fradkin, I., Ludwig, C., Eldar, E., & Huppert, J. D. (2020). Doubting what you already know: 
Uncertainty regarding state transitions is associated with obsessive compulsive symptoms. 
PLOS Computational Biology, 16(2), e1007634. https://doi.org/10.1371/journal.pcbi.1007634 

Friedman, N. P., & Robbins, T. W. (2022). The role of prefrontal cortex in cognitive control and 
executive function. Neuropsychopharmacology, 47(1), 72–89. https://doi.org/10.1038/s41386-
021-01132-0 

Fullana, M. A., Vilagut, G., Rojas-Farreras, S., Mataix-Cols, D., de Graaf, R., Demyttenaere, K., 
Haro, J. M., de Girolamo, G., Lépine, J. P., Matschinger, H., & Alonso, J. (2010). Obsessive–
compulsive symptom dimensions in the general population: Results from an epidemiological 
study in six European countries. Journal of Affective Disorders, 124(3), 291–299. 
https://doi.org/10.1016/j.jad.2009.11.020 

Gera, R., Or, M. B., Tavor, I., Roll, D., Cockburn, J., Barak, S., Tricomi, E., O’Doherty, J. P., & 
Schonberg, T. (2023). Characterizing habit learning in the human brain at the individual and 
group levels: A multi-modal MRI study. NeuroImage, 272, 120002. 
https://doi.org/10.1016/j.neuroimage.2023.120002 

Gillan, C. M. (2021). Recent developments in the habit hypothesis of OCD and compulsive disorders. 
The Neurobiology and Treatment of OCD: Accelerating Progress, 147–167. 
https://doi.org/10.1007/7854_2020_199 



 

84 
 

Gillan, C. M., Apergis-Schoute, A. M., Morein-Zamir, S., Urcelay, G. P., Sule, A., Fineberg, N. A., 
Sahakian, B. J., & Robbins, T. W. (2015). Functional Neuroimaging of Avoidance Habits in 
Obsessive-Compulsive Disorder. American Journal of Psychiatry, 172(3), 284–293. 
https://doi.org/10.1176/appi.ajp.2014.14040525 

Gillan, C. M., Fleming, S. M., Rouault, M., Xing, T., & Seow, F. (2025). Metacognitive biases in 
mental health are not explained away by acquiescence and inattention. 
https://doi.org/10.31234/osf.io/k5ab6_v1 

Gillan, C. M., Kalanthroff, E., Evans, M., Weingarden, H. M., Jacoby, R. J., Gershkovich, M., 
Snorrason, I., Campeas, R., Cervoni, C., Crimarco, N. C., Sokol, Y., Garnaat, S. L., 
McLaughlin, N. C. R., Phelps, E. A., Pinto, A., Boisseau, C. L., Wilhelm, S., Daw, N. D., & 
Simpson, H. B. (2020). Comparison of the Association Between Goal-Directed Planning and 
Self-reported Compulsivity vs Obsessive-Compulsive Disorder Diagnosis. JAMA Psychiatry, 
77(1), 77. https://doi.org/10.1001/jamapsychiatry.2019.2998 

Gillan, C. M., Kosinski, M., Whelan, R., Phelps, E. A., & Daw, N. D. (2016). Characterizing a 
psychiatric symptom dimension related to deficits in goal-directed control. ELife, 5. 
https://doi.org/10.7554/eLife.11305 

Gillan, C. M., Morein-Zamir, S., Urcelay, G. P., Sule, A., Voon, V., Apergis-Schoute, A. M., 
Fineberg, N. A., Sahakian, B. J., & Robbins, T. W. (2014). Enhanced Avoidance Habits in 
Obsessive-Compulsive Disorder. Biological Psychiatry, 75(8), 631–638. 
https://doi.org/10.1016/j.biopsych.2013.02.002 

Gillan, C. M., Otto, A. R., Phelps, E. A., & Daw, N. D. (2015). Model-based learning protects against 
forming habits. Cognitive, Affective, & Behavioral Neuroscience, 15(3), 523–536. 
https://doi.org/10.3758/s13415-015-0347-6 

Gillan, C. M., Papmeyer, M., Morein-Zamir, S., Sahakian, B. J., Fineberg, N. A., Robbins, T. W., & 
de Wit, S. (2011). Disruption in the Balance Between Goal-Directed Behavior and Habit 
Learning in Obsessive-Compulsive Disorder. American Journal of Psychiatry, 168(7), 718–
726. https://doi.org/10.1176/appi.ajp.2011.10071062 

Gillan, C. M., & Robbins, T. W. (2014). Goal-directed learning and obsessive–compulsive disorder. 
Philosophical Transactions of the Royal Society B: Biological Sciences, 369(1655), 20130475. 
https://doi.org/10.1098/rstb.2013.0475 

Gillan, C. M., & Rutledge, R. B. (2021). Smartphones and the Neuroscience of Mental Health. Annual 
Review of Neuroscience, 44(1), 129–151. https://doi.org/10.1146/annurev-neuro-101220-
014053 

Goldman, B. L., Martin, E. D., Calamari, J. E., Woodard, J. L., Chik, H. M., Messina, M. G., 
Pontarelli, N. K., Marker, C. D., Riemann, B. C., & Wiegartz, P. S. (2008). Implicit learning, 
thought-focused attention and obsessive-compulsive disorder: A replication and extension. 
Behaviour Research and Therapy, 46(1), 48–61. https://doi.org/10.1016/j.brat.2007.10.004 

Goodwin, G. M. (2015). The overlap between anxiety, depression, and obsessive-compulsive 
disorder. Dialogues in Clinical Neuroscience, 17(3), 249–260. 
https://doi.org/10.31887/DCNS.2015.17.3/ggoodwin 

Graybiel, A. M., & Rauch, S. L. (2000). Toward a Neurobiology of Obsessive-Compulsive Disorder. 
Neuron, 28(2), 343–347. https://doi.org/10.1016/S0896-6273(00)00113-6 

Grotzinger, A. D. (2021). Shared genetic architecture across psychiatric disorders. Psychological 
Medicine, 51(13), 2210–2216. https://doi.org/10.1017/S0033291721000829 

Gruner, P., Anticevic, A., Lee, D., & Pittenger, C. (2016). Arbitration between Action Strategies in 
Obsessive-Compulsive Disorder. The Neuroscientist, 22(2), 188–198. 
https://doi.org/10.1177/1073858414568317 

Hansmeier, J., Exner, C., Zetsche, U., & Jansen, A. (2018). The Neural Correlates of Probabilistic 
Classification Learning in Obsessive-Compulsive Disorder: A Pilot Study. Frontiers in 
Psychiatry, 9. https://doi.org/10.3389/fpsyt.2018.00058 

Harrison, B. J., Pujol, J., Cardoner, N., Deus, J., Alonso, P., López-Solà, M., Contreras-Rodríguez, 
O., Real, E., Segalàs, C., Blanco-Hinojo, L., Menchon, J. M., & Soriano-Mas, C. (2013). Brain 
corticostriatal systems and the major clinical symptom dimensions of obsessive-compulsive 
disorder. Biological Psychiatry, 73(4), 321–328. 
https://doi.org/10.1016/j.biopsych.2012.10.006 

Hirschtritt, M. E., Bloch, M. H., & Mathews, C. A. (2017). Obsessive-Compulsive Disorder. JAMA, 
317(13), 1358. https://doi.org/10.1001/jama.2017.2200 

Horváth, K., Nemeth, D., & Janacsek, K. (2022). Inhibitory control hinders habit change. Scientific 
Reports, 12(1), 8338. https://doi.org/10.1038/s41598-022-11971-6 



 

85 
 

Horváth, K., Nemeth, D., Janacsek, K., & Kóbor, A. (2025). Cooperative interaction between 
statistical learning and inhibitory control. https://doi.org/10.31234/osf.io/ptdkr_v2 

Hou, J.-M., Zhao, M., Zhang, W., Song, L.-H., Wu, W.-J., Wang, J., Zhou, D.-Q., Xie, B., He, M., & 
Guo, J.-W. (2014). Resting-state functional connectivity abnormalities in patients with 
obsessive–compulsive disorder and their healthy first-degree relatives. Journal of Psychiatry 
and Neuroscience, 39(5), 304–311. https://doi.org/https://doi.org/10.1503/jpn.130220 

Hoven, M., Mulder, T., Denys, D., van Holst, R. J., & Luigjes, J. (2024). Lower confidence and 
increased error sensitivity in OCD patients while learning under volatility. Translational 
Psychiatry, 14(1), 370. https://doi.org/10.1038/s41398-024-03042-3 

Howard, J. H., & Howard, D. V. (1997). Age differences in implicit learning of higher order 
dependencies in serial patterns. Psychology and Aging, 12(4), 634–656. 
https://doi.org/10.1037/0882-7974.12.4.634 

Insel, T. R. (2014). The NIMH research domain criteria (RDoC) project: precision medicine for 
psychiatry. American Journal of Psychiatry, 171(4), 395–397. 
https://doi.org/10.1176/appi.ajp.2014.14020138 

Insel, T. R., Cuthbert, B., Garvey, M., Heinssen, R., Pine, D. S., Quinn, K., Sanislow, C., & Wang, 
P. (2010). Research domain criteria (RDoC): toward a new classification framework for 
research on mental disorders. In American Journal of psychiatry (Vol. 167, Number 7, pp. 748–
751). American Psychiatric Association. https://doi.org/10.1176/appi.ajp.2010.09091379. 

Jaafari, N., Rachid, F., Rotge, J. Y., Polosan, M., El-Hage, W., Belin, D., Vibert, N., & Pelissolo, A. 
(2012). Safety and efficacy of repetitive transcranial magnetic stimulation in the treatment of 
obsessive-compulsive disorder: A review. In World Journal of Biological Psychiatry (Vol. 13, 
Number 3, pp. 164–177). https://doi.org/10.3109/15622975.2011.575177 

Janacsek, K., Fiser, J., & Nemeth, D. (2012). The best time to acquire new skills: age‐related 
differences in implicit sequence learning across the human lifespan. Developmental Science, 
15(4), 496–505. https://doi.org/10.1111/j.1467-7687.2012.01150.x 

Janacsek, K., Shattuck, K. F., Tagarelli, K. M., Lum, J. A. G., Turkeltaub, P. E., & Ullman, M. T. 
(2020). Sequence learning in the human brain: A functional neuroanatomical meta-analysis of 
serial reaction time studies. NeuroImage, 207. 
https://doi.org/10.1016/j.neuroimage.2019.116387 

Karno, M., Golding, J. M., Sorenson, S. B., & Burnam, M. A. (1988). The epidemiology of obsessive-
compulsive disorder in five US communities. Archives of General Psychiatry, 45(12), 1094–
1099. https://doi.org/10.1001/archpsyc.1988.01800360042006 

Kathmann, N., Jacobi, T., Elsner, B., & Reuter, B. (2022). Effectiveness of Individual Cognitive-
Behavioral Therapy and Predictors of Outcome in Adult Patients with Obsessive-Compulsive 
Disorder. Psychotherapy and Psychosomatics, 91(2), 123–135. 
https://doi.org/10.1159/000520454 

Kathmann, N., Rupertseder, C., Hauke, W., & Zaudig, M. (2005). Implicit Sequence Learning in 
Obsessive-Compulsive Disorder: Further Support for the Fronto-Striatal Dysfunction Model. 
Biological Psychiatry, 58(3), 239–244. https://doi.org/10.1016/j.biopsych.2005.03.045 

Kaufman, S. B., DeYoung, C. G., Gray, J. R., Jiménez, L., Brown, J., & Mackintosh, N. (2010). 
Implicit learning as an ability. Cognition, 116(3), 321–340. 
https://doi.org/10.1016/j.cognition.2010.05.011 

Kaufmann, C., Beucke, J. C., Preuße, F., Endrass, T., Schlagenhauf, F., Heinz, A., Juckel, G., & 
Kathmann, N. (2013). Medial prefrontal brain activation to anticipated reward and loss in 
obsessive–compulsive disorder. NeuroImage: Clinical, 2, 212–220. 
https://doi.org/10.1016/j.nicl.2013.01.005 

Kelmendi, B., Adams, T., Jakubovski, E., Hawkins, K. A., Coric, V., & Pittenger, C. (2016). Probing 
implicit learning in obsessive-compulsive disorder: Moderating role of medication on the 
weather prediction task. Journal of Obsessive-Compulsive and Related Disorders, 9, 90–95. 
https://doi.org/10.1016/j.jocrd.2016.03.003 

Kempke, S., & Luyten, P. (2007). Psychodynamic and cognitive–behavioral approaches of 
obsessive–compulsive disorder: Is it time to work through our ambivalence? Bulletin of the 
Menninger Clinic, 71(4), 291–311. https://doi.org/10.1521/bumc.2007.71.4.291 

Kim, K. L., Christensen, R. E., Ruggieri, A., Schettini, E., Freeman, J. B., Garcia, A. M., Flessner, 
C., Stewart, E., Conelea, C., & Dickstein, D. P. (2019). Cognitive performance of youth with 
primary generalized anxiety disorder versus primary obsessive-compulsive disorder. 
Depression and Anxiety, 36(2), 130–140. https://doi.org/10.1002/da.22848 

Knowlton, B. J., Squire, L. R., & Gluck, M. A. (1994). Probabilistic classification learning in 
amnesia. Learning & Memory, 1(2), 106–120. https://doi.org/10.1101/lm.1.2.106 



 

86 
 

Kóbor, A., Janacsek, K., Takács, Á., & Nemeth, D. (2017). Statistical learning leads to persistent 
memory: Evidence for one-year consolidation. Scientific Reports, 7(1), 760. 
https://doi.org/10.1038/s41598-017-00807-3 

Kotov, R., Cicero, D. C., Conway, C. C., DeYoung, C. G., Dombrovski, A., Eaton, N. R., First, M. 
B., Forbes, M. K., Hyman, S. E., & Jonas, K. G. (2022). The Hierarchical Taxonomy of 
Psychopathology (HiTOP) in psychiatric practice and research. Psychological Medicine, 52(9), 
1666–1678. https://doi.org/10.1017/S0033291722001301 

Kotov, R., Krueger, R. F., Watson, D., Achenbach, T. M., Althoff, R. R., Bagby, R. M., Brown, T. 
A., Carpenter, W. T., Caspi, A., & Clark, L. A. (2017). The Hierarchical Taxonomy of 
Psychopathology (HiTOP): A dimensional alternative to traditional nosologies. Journal of 
Abnormal Psychology, 126(4), 454. https://doi.org/https://doi.org/10.1037/abn0000258 

Kotov, R., Krueger, R. F., Watson, D., Cicero, D. C., Conway, C. C., DeYoung, C. G., Eaton, N. R., 
Forbes, M. K., Hallquist, M. N., & Latzman, R. D. (2021). The Hierarchical Taxonomy of 
Psychopathology (HiTOP): A quantitative nosology based on consensus of evidence. Annual 
Review of Clinical Psychology, 17(1), 83–108. https://doi.org/10.1146/annurev-clinpsy-
081219-093304 

Krueger, R. F., Kotov, R., Watson, D., Forbes, M. K., Eaton, N. R., Ruggero, C. J., Simms, L. J., 
Widiger, T. A., Achenbach, T. M., Bach, B., Bagby, R. M., Bornovalova, M. A., Carpenter, W. 
T., Chmielewski, M., Cicero, D. C., Clark, L. A., Conway, C., DeClercq, B., DeYoung, C. G., 
… Zimmermann, J. (2018). Progress in achieving quantitative classification of 
psychopathology. World Psychiatry, 17(3), 282–293. https://doi.org/10.1002/wps.20566 

Kühn, S., Kaufmann, C., Simon, D., Endrass, T., Gallinat, J., & Kathmann, N. (2013). Reduced 
thickness of anterior cingulate cortex in obsessive-compulsive disorder. Cortex, 49(8), 2178–
2185. https://doi.org/10.1016/j.cortex.2012.09.001 

Leckman, J. F., Rauch, S. L., & Mataix-Cols, D. (2007). Symptom Dimensions in Obsessive-
Compulsive Disorder: Implications for the DSM-V. CNS Spectrums, 12(5), 376–387. 
https://doi.org/10.1017/S1092852900021179 

Lee, K. F. A., Fox, A. M., & Notebaert, L. (2020). The effects of anxiety, depressive, and obsessive-
compulsive subclinical symptoms on performance monitoring. International Journal of 
Psychophysiology, 158, 362–369. https://doi.org/10.1016/j.ijpsycho.2020.09.009 

Li, K., Zhang, H., Yang, Y., Zhu, J., Wang, B., Shi, Y., Li, X., Meng, Z., Lv, L., & Zhang, H. (2019). 
Abnormal functional network of the thalamic subregions in adult patients with obsessive-
compulsive disorder. Behavioural Brain Research, 371, 111982. 
https://doi.org/10.1016/j.bbr.2019.111982 

Loosen, A. M., & Hauser, T. U. (2020). Towards a computational psychiatry of juvenile obsessive-
compulsive disorder. Neuroscience & Biobehavioral Reviews, 118, 631–642. 
https://doi.org/10.1016/j.neubiorev.2020.07.021 

Love, B. C. (2002). Comparing supervised and unsupervised category learning. Psychonomic Bulletin 
& Review, 9(4), 829–835. https://doi.org/10.3758/BF03196342 

Mahjani, B., Bey, K., Boberg, J., & Burton, C. (2021). Genetics of obsessive-compulsive disorder. 
Psychological Medicine, 51(13), 2247–2259. https://doi.org/10.1017/S0033291721001744 

Marker, C. D., Calamari, J. E., Woodard, J. L., & Riemann, B. C. (2006). Cognitive self-
consciousness, implicit learning and obsessive–compulsive disorder. Journal of Anxiety 
Disorders, 20(4), 389–407. https://doi.org/10.1016/j.janxdis.2005.03.003 

Marsh, R., Horga, G., Parashar, N., Wang, Z., Peterson, B. S., & Simpson, H. B. (2014). Altered 
activation in fronto-striatal circuits during sequential processing of conflict in unmedicated 
adults with obsessive-compulsive disorder. Biological Psychiatry, 75(8), 615–622. 
https://doi.org/10.1016/j.biopsych.2013.02.004 

Marsh, R., Tau, G. Z., Wang, Z., Huo, Y., Liu, G., Hao, X., Packard, M. G., Peterson, B. S., & 
Simpson, H. B. (2015). Reward-Based Spatial Learning in Unmedicated Adults With 
Obsessive-Compulsive Disorder. American Journal of Psychiatry, 172(4), 383–392. 
https://doi.org/10.1176/appi.ajp.2014.13121700 

Marton, T., Samuels, J., Nestadt, P., Krasnow, J., Wang, Y., Shuler, M., Kamath, V., Chib, V. S., 
Bakker, A., & Nestadt, G. (2019). Validating a dimension of doubt in decision-making: A 
proposed endophenotype for obsessive-compulsive disorder. PLOS ONE, 14(6), e0218182. 
https://doi.org/10.1371/journal.pone.0218182 

Mataix-Cols, D., do Rosario-Campos, M. C., & Leckman, J. F. (2005). A Multidimensional Model 
of Obsessive-Compulsive Disorder. American Journal of Psychiatry, 162(2), 228–238. 
https://doi.org/10.1176/appi.ajp.162.2.228 



 

87 
 

Menzies, L., Achard, S., Chamberlain, S. R., Fineberg, N., Chen, C.-H., del Campo, N., Sahakian, B. 
J., Robbins, T. W., & Bullmore, E. (2007). Neurocognitive endophenotypes of obsessive-
compulsive disorder. Brain, 130(12), 3223–3236. https://doi.org/10.1093/brain/awm205 

Miles, S., Howlett, C. A., Berryman, C., Nedeljkovic, M., Moseley, G. L., & Phillipou, A. (2021). 
Considerations for using the Wisconsin Card Sorting Test to assess cognitive flexibility. 
Behavior Research Methods, 53(5), 2083–2091. https://doi.org/10.3758/s13428-021-01551-3 

Mittal, V. A., & Wakschlag, L. S. (2016). Research domain criteria (RDoC) grows up: Strengthening 
neurodevelopmental investigation within the RDoC framework. Journal of Affective Disorders, 
216, 30. https://doi.org/10.1016/j.jad.2016.12.011 

Miyake, A., Friedman, N. P., Emerson, M. J., Witzki, A. H., Howerter, A., & Wager, T. D. (2000). 
The Unity and Diversity of Executive Functions and Their Contributions to Complex “Frontal 
Lobe” Tasks: A Latent Variable Analysis. Cognitive Psychology, 41(1), 49–100. 
https://doi.org/10.1006/cogp.1999.0734 

Monzani, B., Rijsdijk, F., Harris, J., & Mataix-Cols, D. (2014). The structure of genetic and 
environmental risk factors for dimensional representations of DSM-5 obsessive-compulsive 
spectrum disorders. JAMA Psychiatry, 71(2). 
https://doi.org/10.1001/jamapsychiatry.2013.3524 

Narayanaswamy, J. C., Jose, D., Kalmady, S. V., Agarwal, S. M., Venkatasubramanian, G., & 
Janardhan Reddy, Y. C. (2016). Cerebellar volume deficits in medication-naïve obsessive 
compulsive disorder. Psychiatry Research: Neuroimaging, 254, 164–168. 
https://doi.org/10.1016/j.pscychresns.2016.07.005 

Naze, S., Hearne, L. J., Roberts, J. A., Sanz-Leon, P., Burgher, B., Hall, C., Sonkusare, S., Nott, Z., 
Marcus, L., & Savage, E. (2023). Mechanisms of imbalanced frontostriatal functional 
connectivity in obsessive-compulsive disorder. Brain, 146(4), 1322–1327. 
/https://doi.org/10.1093/brain/awac425 

Nemeth, D., Janacsek, K., Polner, B., & Kovacs, Z. A. (2013). Boosting Human Learning by 
Hypnosis. Cerebral Cortex, 23(4), 801–805. https://doi.org/10.1093/cercor/bhs068 

Nemeth, D., & Tóth-Fáber, E. (2026). Resolving Fundamental Debates in Statistical Learning: The 
Power of Process Dissociation. https://doi.org/10.31234/osf.io/uwa35_v1 

Nissen, M. J., & Bullemer, P. (1987). Attentional requirements of learning: Evidence from 
performance measures. Cognitive Psychology, 19(1), 1–32. https://doi.org/10.1016/0010-
0285(87)90002-8 

Nyhus, E., & Barceló, F. (2009). The Wisconsin Card Sorting Test and the cognitive assessment of 
prefrontal executive functions: A critical update. Brain and Cognition, 71(3), 437–451. 
https://doi.org/10.1016/j.bandc.2009.03.005 

Öst, L.-G., Havnen, A., Hansen, B., & Kvale, G. (2015). Cognitive behavioral treatments of 
obsessive–compulsive disorder. A systematic review and meta-analysis of studies published 
1993–2014. Clinical Psychology Review, 40, 156–169. 
https://doi.org/10.1016/j.cpr.2015.06.003. 

Pauls, D. L. (2010). The genetics of obsessive-compulsive disorder: a review. Dialogues in Clinical 
Neuroscience, 12(2), 149–163. https://doi.org/10.31887/DCNS.2010.12.2/dpauls 

Pedraza, F., Farkas, B. C., Vékony, T., Haesebaert, F., Phelipon, R., Mihalecz, I., Janacsek, K., 
Anders, R., Tillmann, B., Plancher, G., & Németh, D. (2024). Evidence for a competitive 
relationship between executive functions and statistical learning. Npj Science of Learning, 9(1), 
30. https://doi.org/10.1038/s41539-024-00243-9 

Pedraza, F., Vékony, T., Farkas, B. C., Haesebaert, F., Phelipon, R., Mihalecz, I., Janacsek, K., 
Tillmann, B., Anders, R., Plancher, G., & Nemeth, D. (2025). The interplay between executive 
functions and updating predictive representations. Scientific Reports, 15(1), 30555. 
https://doi.org/10.1038/s41598-025-14876-2 

Pereira de Souza, A. M. F. L., Mpavaenda, D., Banca, P., Wellsted, D., Hopkins, J., Marzuki, A. A., 
Lee, M., Karafylli, E., Bardsley, O., Mazoruk, S., Skalecki, S., Boodhun, S., Mendoza-
Wolfson, H., Crispin, C., Aloneftis, R., Monji-Patel, D., Cinosi, E., Pellegrini, L., Enara, A., 
… Fineberg, N. A. (2026). Habit as a therapeutic component in psychological treatment for 
obsessive-compulsive disorder: A randomised controlled feasibility study. Comprehensive 
Psychiatry, 146, 152666. https://doi.org/10.1016/j.comppsych.2026.152666 

Pesthy, Z. V., Berta, K., Vékony, T., Nemeth, D., & Kun, B. (2024). Intact Habit Learning in Work 
Addiction. https://doi.org/10.31219/osf.io/d9qyf 

Phillips, K. A., Stein, D. J., Rauch, S. L., Hollander, E., Fallon, B. A., Barsky, A., Fineberg, N., 
Mataix-Cols, D., Ferrão, Y. A., Saxena, S., Wilhelm, S., Kelly, M. M., Clark, L. A., Pinto, A., 
Bienvenu, O. J., Farrow, J., & Leckman, J. (2010). Should an obsessive-compulsive spectrum 



 

88 
 

grouping of disorders be included in DSM-V? Depression and Anxiety, 27(6), 528–555. 
https://doi.org/10.1002/da.20705 

Pittenger, C., Brennan, B. P., Koran, L., Mathews, C. A., Nestadt, G., Pato, M., Phillips, K. A., 
Rodriguez, C. I., Simpson, H. B., Skapinakis, P., Stein, D. J., & Storch, E. A. (2021). Specialty 
knowledge and competency standards for pharmacotherapy for adult obsessive-compulsive 
disorder. Psychiatry Research, 300, 113853. https://doi.org/10.1016/j.psychres.2021.113853 

Poldrack, R. A., Clark, J., Paré-Blagoev, E. J., Shohamy, D., Creso Moyano, J., Myers, C., & Gluck, 
M. A. (2001). Interactive memory systems in the human brain. Nature, 414(6863), 546–550. 
https://doi.org/10.1038/35107080 

Rachman, S., & de Silva, P. (1978). Abnormal and normal obsessions. Behaviour Research and 
Therapy, 16(4), 233–248. https://doi.org/10.1016/0005-7967(78)90022-0 

Raposo-Lima, C., & Morgado, P. (2020). The role of stress in obsessive-compulsive disorder: A 
narrative review. Harvard Review of Psychiatry, 28(6), 356–370. 
https://doi.org/10.1097/HRP.0000000000000274 

Rauch, S. L., Savage, C. R., Alpert, N. M., Dougherty, D., Kendrick, A., Curran, T., Brown, H. D., 
Manzo, P., Fischman, A., & Jenike, M. A. (1997). Probing striatal function in obsessive-
compulsive disorder: a PET study of implicit sequence learning. Journal of Neuropsychiatry 
and Clinical Neurosciences, 9(4), 568–573. https://doi.org/https://doi.org/10.1176/jnp.9.4.568 

Rauch, S. L., Wedig, M. M., Wright, C. I., Martis, B., McMullin, K. G., Shin, L. M., Cannistraro, P. 
A., & Wilhelm, S. (2007). Functional Magnetic Resonance Imaging Study of Regional Brain 
Activation During Implicit Sequence Learning in Obsessive–Compulsive Disorder. Biological 
Psychiatry, 61(3), 330–336. https://doi.org/10.1016/j.biopsych.2005.12.012 

Remillard, G. (2003). Pure perceptual-based sequence learning. Journal of Experimental Psychology: 
Learning, Memory, and Cognition, 29(4), 581. https://doi.org/10.1037/0278-7393.29.4.581 

Remillard, G. (2014). The study of sequence learning in individuals with schizophrenia: A critical 
review of the literature. Journal of Neuropsychology, 8(2), 231–245. 
https://doi.org/10.1111/jnp.12022 

Robbins, T. W., Banca, P., & Belin, D. (2024). From compulsivity to compulsion: the neural basis of 
compulsive disorders. Nature Reviews Neuroscience, 25(5), 313–333. 
https://doi.org/10.1038/s41583-024-00807-z 

Robbins, T. W., Vaghi, M. M., & Banca, P. (2019). Obsessive-Compulsive Disorder: Puzzles and 
Prospects. Neuron, 102(1), 27–47. https://doi.org/10.1016/j.neuron.2019.01.046 

Rodd, J. M. (2024). Moving experimental psychology online: How to obtain high quality data when 
we can’t see our participants. Journal of Memory and Language, 134, 104472. 
https://doi.org/10.1016/j.jml.2023.104472 

Rosenberg, D. R., Dick, E. L., O’Hearn, K. M., & Sweeney, J. A. (1997). Response-inhibition deficits 
in obsessive-compulsive disorder: an indicator of dysfunction in frontostriatal circuits. Journal 
of Psychiatry and Neuroscience, 22(1), 29. 

Ruan, Z., Liu, S., Liu, Y. an, Yang, Q., & Peng, Z. (2024). Disorders of compulsivity: Deficits in 
arbitrating learning strategies. Addiction Biology, 29(8). https://doi.org/10.1111/adb.13433 

Salkovskis, P. M. (1999). Understanding and treating obsessive-compulsive disorder. Behaviour 
Research and Therapy, 37 Suppl 1, S29-52. https://doi.org/10.1016/S0005-7967(99)00049-2 

Sarna, N., Dar, R., & Mazor, M. (2026). Biased and Inattentive Responding Drive Apparent 
Metacognitive Biases in Mental Health. https://doi.org/10.1073/pnas.2520832123 

Schapiro, A. C., Gregory, E., Landau, B., McCloskey, M., & Turk-Browne, N. B. (2014). The 
Necessity of the Medial Temporal Lobe for Statistical Learning. Journal of Cognitive 
Neuroscience, 26(8), 1736–1747. https://doi.org/10.1162/jocn_a_00578 

Schapiro, A. C., Reid, A. G., Morgan, A., Manoach, D. S., Verfaellie, M., & Stickgold, R. (2019). 
The hippocampus is necessary for the consolidation of a task that does not require the 
hippocampus for initial learning. Hippocampus, 29(11), 1091–1100. 
https://doi.org/10.1002/hipo.23101 

Scholl, J., Trier, H. A., Rushworth, M. F. S., & Kolling, N. (2022). The effect of apathy and 
compulsivity on planning and stopping in sequential decision-making. PLOS Biology, 20(3), 
e3001566. https://doi.org/10.1371/journal.pbio.3001566 

Seger, C. A., & Miller, E. K. (2010). Category Learning in the Brain. Annual Review of Neuroscience, 
33(1), 203–219. https://doi.org/10.1146/annurev.neuro.051508.135546 

Shaqiri, A., Anderson, B., & Danckert, J. (2013). Statistical learning as a tool for rehabilitation in 
spatial neglect. Frontiers in Human Neuroscience, 7, 224. 
https://doi.org/10.3389/fnhum.2013.00224 



 

89 
 

Shobeiri, P., Hosseini Shabanan, S., Haghshomar, M., Khanmohammadi, S., Fazeli, S., Sotoudeh, H., 
& Kamali, A. (2023). Cerebellar Microstructural Abnormalities in Obsessive–Compulsive 
Disorder (OCD): a Systematic Review of Diffusion Tensor Imaging Studies. The Cerebellum. 
https://doi.org/10.1007/s12311-023-01573-x 

Simor, P., Vékony, T., Farkas, B. C., Szalárdy, O., Bogdány, T., Brezóczki, B., Csifcsák, G., & 
Németh, D. (2025). Mind Wandering during Implicit Learning Is Associated with Increased 
Periodic EEG Activity and Improved Extraction of Hidden Probabilistic Patterns. The Journal 
of Neuroscience, 45(19), e1421242025. https://doi.org/10.1523/JNEUROSCI.1421-24.2025 

Skapinakis, P., Caldwell, D. M., Hollingworth, W., Bryden, P., Fineberg, N. A., Salkovskis, P., 
Welton, N. J., Baxter, H., Kessler, D., Churchill, R., & Lewis, G. (2016). Pharmacological and 
psychotherapeutic interventions for management of obsessive-compulsive disorder in adults: a 
systematic review and network meta-analysis. The Lancet Psychiatry, 3(8), 730–739. 
https://doi.org/10.1016/S2215-0366(16)30069-4 

Soref, A., Dar, R., Argov, G., & Meiran, N. (2008). Obsessive–compulsive tendencies are associated 
with a focused information processing strategy. Behaviour Research and Therapy, 46(12), 
1295–1299. https://doi.org/10.1016/j.brat.2008.09.001 

Soref, A., Liberman, N., Abramovitch, A., & Dar, R. (2018). Explicit instructions facilitate 
performance of OCD participants but impair performance of non-OCD participants on a serial 
reaction time task. Journal of Anxiety Disorders, 55, 56–62. 
https://doi.org/10.1016/j.janxdis.2018.02.003 

Soref, A., Liberman, N., Abramovitch, A., Poznanski, Y., & Dar, R. (2021). Intact capacity for 
implicit learning in obsessive-compulsive disorder. Journal of Behavior Therapy and 
Experimental Psychiatry, 73, 101667. https://doi.org/10.1016/j.jbtep.2021.101667 

Starcevic, V., & Brakoulias, V. (2008). Symptom Subtypes of Obsessive–Compulsive Disorder: Are 
they Relevant for Treatment? Australian & New Zealand Journal of Psychiatry, 42(8), 651–
661. https://doi.org/10.1080/00048670802203442 

Stein, D. J., Fineberg, N. A., Bienvenu, O. J., Denys, D., Lochner, C., Nestadt, G., Leckman, J. F., 
Rauch, S. L., & Phillips, K. A. (2010). Should OCD be classified as an anxiety disorder in 
DSM-V? Depression and Anxiety, 27(6), 495–506. https://doi.org/10.1002/da.20699 

Stein, D. J., Ruscio, A. M., Altwaijri, Y., Chiu, W. T., Sampson, N. A., Aguilar-Gaxiola, S., Al-
Hamzawi, A., Alonso, J., Chardoul, S., & Gureje, O. (2025). Obsessive-compulsive disorder in 
the World Mental Health surveys. BMC Medicine, 23(1), 416. https://doi.org/10.1186/s12916-
025-04209-5 

Strom, N. I., Soda, T., Mathews, C. A., & Davis, L. K. (2021). A dimensional perspective on the 
genetics of obsessive-compulsive disorder. Translational Psychiatry, 11(1), 401. 
https://doi.org/10.1038/s41398-021-01519-z 

Suzuki, S., Zhang, X., Dezfouli, A., Braganza, L., Fulcher, B. D., Parkes, L., Fontenelle, L. F., 
Harrison, B. J., Murawski, C., Yücel, M., & Suo, C. (2023). Individuals with problem gambling 
and obsessive-compulsive disorder learn through distinct reinforcement mechanisms. PLOS 
Biology, 21(3), e3002031. https://doi.org/10.1371/journal.pbio.3002031 

Szegedi-Hallgató, E., Janacsek, K., & Nemeth, D. (2019). Different levels of statistical learning - 
Hidden potentials of sequence learning tasks. PLOS ONE, 14(9), e0221966. 
https://doi.org/10.1371/journal.pone.0221966 

Szeszko, P. R., MacMillan, S., McMeniman, M., Chen, S., Baribault, K., Lim, K. O., Ivey, J., Rose, 
M., Banerjee, S. P., Bhandari, R., Moore, G. J., & Rosenberg, D. R. (2004). Brain Structural 
Abnormalities in Psychotropic Drug-Naive Pediatric Patients With Obsessive-Compulsive 
Disorder. American Journal of Psychiatry, 161(6), 1049–1056. 
https://doi.org/10.1176/appi.ajp.161.6.1049 

Tang, W., Zhu, Q., Gong, X., Zhu, C., Wang, Y., & Chen, S. (2016). Cortico-striato-thalamo-cortical 
circuit abnormalities in obsessive-compulsive disorder: A voxel-based morphometric and fMRI 
study of the whole brain. Behavioural Brain Research, 313, 17–22. 
https://doi.org/10.1016/j.bbr.2016.07.004 

Tao, Q., Dang, J., Niu, X., Gao, X., Zhang, M., Yang, Z., Xu, Y., Yu, M., Cheng, J., Han, S., & 
Zhang, Y. (2023). White matter microstructural abnormalities and gray matter volume 
alterations in obsessive-compulsive disorder: A coordinate-based meta-analysis. Journal of 
Affective Disorders, 320, 751–761. https://doi.org/10.1016/j.jad.2022.09.035 

Theeuwes, J., Bogaerts, L., & van Moorselaar, D. (2022). What to expect where and when: how 
statistical learning drives visual selection. Trends in Cognitive Sciences, 26(10), 860–872. 
https://doi.org/10.1016/j.tics.2022.06.001 



 

90 
 

Thorsen, A. L., Brecke, V., Alnæs, D., Mataix-Cols, D., Kwon, J. S., Menchon, J. M., Abe, Y., Sakai, 
Y., Phillips, M. L., & Hansen, B. (2026). Altered frontal and occipital cortical microstructure 
in obsessive-compulsive disorder-a multisite mega-analysis. Molecular Psychiatry, 1–9. 
https://doi.org/10.1038/s41380-026-03500-y. 

Tomiyama, H., Nakao, T., Murayama, K., Nemoto, K., Ikari, K., Yamada, S., Kuwano, M., 
Hasuzawa, S., Togao, O., Hiwatashi, A., & Kanba, S. (2019). Dysfunction between dorsal 
caudate and salience network associated with impaired cognitive flexibility in obsessive-
compulsive disorder: A resting-state fMRI study. NeuroImage: Clinical, 24, 102004. 
https://doi.org/10.1016/j.nicl.2019.102004 

Ullman, M. T. (2004). Contributions of memory circuits to language: the declarative/procedural 
model. Cognition, 92(1–2), 231–270. https://doi.org/10.1016/j.cognition.2003.10.008 

Ullman, M. T., & Pullman, M. Y. (2015). A compensatory role for declarative memory in 
neurodevelopmental disorders. Neuroscience & Biobehavioral Reviews, 51, 205–222. 
https://doi.org/10.1016/j.neubiorev.2015.01.008 

Vaghi, M. M., Cardinal, R. N., Apergis-Schoute, A. M., Fineberg, N. A., Sule, A., & Robbins, T. W. 
(2019). Action-Outcome Knowledge Dissociates From Behavior in Obsessive-Compulsive 
Disorder Following Contingency Degradation. Biological Psychiatry: Cognitive Neuroscience 
and Neuroimaging, 4(2), 200–209. https://doi.org/10.1016/j.bpsc.2018.09.014 

Vaghi, M. M., Vértes, P. E., Kitzbichler, M. G., Apergis-Schoute, A. M., van der Flier, F. E., 
Fineberg, N. A., Sule, A., Zaman, R., Voon, V., Kundu, P., Bullmore, E. T., & Robbins, T. W. 
(2017). Specific Frontostriatal Circuits for Impaired Cognitive Flexibility and Goal-Directed 
Planning in Obsessive-Compulsive Disorder: Evidence From Resting-State Functional 
Connectivity. Biological Psychiatry, 81(8), 708–717. 
https://doi.org/10.1016/j.biopsych.2016.08.009 

Valentine, T., Block, C., Eversole, K., Boxley, L., & Dawson, E. (2020). Wechsler Adult Intelligence 
Scale‐IV (WAIS‐IV). In The Wiley Encyclopedia of Personality and Individual Differences 
(pp. 457–463). Wiley. https://doi.org/10.1002/9781118970843.ch146 

Van den Heuvel, O. A., Boedhoe, P. S. W., Bertolin, S., Bruin, W. B., Francks, C., Ivanov, I., 
Jahanshad, N., Kong, X., Kwon, J. S., & O’Neill, J. (2022). An overview of the first 5 years of 
the ENIGMA obsessive–compulsive disorder working group: The power of worldwide 
collaboration. Human Brain Mapping, 43(1), 23–36. https://doi.org/10.1002/hbm.24972 

van den Heuvel, O. A., Remijnse, P. L., Mataix-Cols, D., Vrenken, H., Groenewegen, H. J., Uylings, 
H. B. M., van Balkom, A. J. L. M., & Veltman, D. J. (2008). The major symptom dimensions 
of obsessive-compulsive disorder are mediated by partially distinct neural systems. Brain, 
132(4), 853–868. https://doi.org/10.1093/brain/awn267 

Vékony, T., Ambrus, G. G., Janacsek, K., & Nemeth, D. (2022). Cautious or causal? Key implicit 
sequence learning paradigms should not be overlooked when assessing the role of DLPFC 
(Commentary on Prutean et al.). Cortex, 148, 222–226. 
https://doi.org/10.1016/j.cortex.2021.10.001 

Vékony, T., Brezóczki, B., Csifcsák, G., Németh, D., & Simor, P. (2025). A functional trade-off 
between executive control and implicit statistical learning is dynamically gated by mind 
wandering. https://doi.org/10.1101/2025.08.05.668618 

Vékony, T., Farkas, B. C., Brezóczki, B., Mittner, M., Csifcsák, G., Simor, P., & Németh, D. (2025). 
Mind wandering enhances statistical learning. IScience, 28(2), 111703. 
https://doi.org/10.1016/j.isci.2024.111703 

Virag, M., Janacsek, K., Horvath, A., Bujdoso, Z., Fabo, D., & Nemeth, D. (2015). Competition 
between frontal lobe functions and implicit sequence learning: evidence from the long-term 
effects of alcohol. Experimental Brain Research, 233(7), 2081–2089. 
https://doi.org/10.1007/s00221-015-4279-8 

Vloet, T. D., Marx, I., Kahraman-Lanzerath, B., Zepf, F. D., Herpertz-Dahlmann, B., & Konrad, K. 
(2010). Neurocognitive Performance in Children with ADHD and OCD. Journal of Abnormal 
Child Psychology, 38(7), 961–969. https://doi.org/10.1007/s10802-010-9422-1 

Voon, V., Baek, K., Enander, J., Worbe, Y., Morris, L. S., Harrison, N. A., Robbins, T. W., Rück, 
C., & Daw, N. (2015). Motivation and value influences in the relative balance of goal-directed 
and habitual behaviours in obsessive-compulsive disorder. Translational Psychiatry, 5(11), 
e670–e670. https://doi.org/10.1038/tp.2015.165. 

Wechsler IV, D. (2010). Wais-iv administration and scoring manual (wechsler adult intelligence 
scale—fourth edition). London: NCS Pearson. 

World Health Organization. (1948). Manual of the International Statistical Classification of 
Diseases, Injuries, and Causes of Death (Sixth revision). World Health Organization. 



 

91 
 

World Health Organization. (2024). Clinical descriptions and diagnostic requirements for ICD-11 
mental, behavioural and neurodevelopmental disorders. World Health Organization. 

Xu, T., Zhao, Q., Wang, P., Fan, Q., Chen, J., Zhang, H., Yang, Z., Stein, D. J., & Wang, Z. (2019). 
Altered resting-state cerebellar-cerebral functional connectivity in obsessive-compulsive 
disorder. Psychological Medicine, 49(07), 1156–1165. 
https://doi.org/10.1017/S0033291718001915 

Yu, Q., Gao, F., Li, C., Xia, J., Cao, Y., Wang, X., Xiao, C., Lu, J., Liu, Q., Fan, J., & Zhu, X. (2024). 
Compulsion is associated with impaired goal-directed and habitual learning and responding in 
obsessive-compulsive disorder. International Journal of Clinical and Health Psychology, 
24(4), 100531. https://doi.org/10.1016/j.ijchp.2024.100531 

Zarei, M., Mataix-Cols, D., Heyman, I., Hough, M., Doherty, J., Burge, L., Winmill, L., Nijhawan, 
S., Matthews, P. M., & James, A. (2011). Changes in Gray Matter Volume and White Matter 
Microstructure in Adolescents with Obsessive-Compulsive Disorder. Biological Psychiatry, 
70(11), 1083–1090. https://doi.org/10.1016/j.biopsych.2011.06.032 

Zetsche, U., Rief, W., Westermann, S., & Exner, C. (2015). Cognitive deficits are a matter of 
emotional context: Inflexible strategy use mediates context-specific learning impairments in 
OCD. Cognition and Emotion, 29(2), 360–371. 
https://doi.org/10.1080/02699931.2014.911144 

Zhang, H., Wang, B., Li, K., Wang, X., Li, X., Zhu, J., Zhao, Q., Yang, Y., Lv, L., Zhang, M., & 
Zhang, H. (2019). Altered Functional Connectivity Between the Cerebellum and the Cortico-
Striato-Thalamo-Cortical Circuit in Obsessive-Compulsive Disorder. Frontiers in Psychiatry, 
10. https://doi.org/10.3389/fpsyt.2019.00522 

Zhong, L., Baptista, S., Gattoni, R., Arnold, J., Flickinger, D., Stringer, C., & Pachitariu, M. (2025). 
Unsupervised pretraining in biological neural networks. Nature. 
https://doi.org/10.1038/s41586-025-09180-y 

Ziegler, G., Hauser, T. U., Moutoussis, M., Bullmore, E. T., Goodyer, I. M., Fonagy, P., Jones, P. B., 
Consortium, N., Lindenberger, U., & Dolan, R. J. (2019). Compulsivity and impulsivity traits 
linked to attenuated developmental frontostriatal myelination trajectories. Nature 
Neuroscience, 22(6), 992–999. https://doi.org/10.1038/s41593-019-0394-3 

  
  



 

92 
 

9. Supplementary Materials 

9.1. Supplementary Materials of Study 2 

 
Supplementary Materials 

Individual differences in probabilistic learning and updating 
predictive representations in individuals with obsessive-

compulsive tendencies 
 

Bianka Brezóczki 1,2,3, Bence Csaba Farkas 4,5,6, Flóra Hann1,2,7, Orsolya Pesthy 2,3, Eszter 
Tóth-Fáber 2,3, Kinga Farkas 8, Katalin Csigó 9,10, Dezső Németh 11,12,13*, Teodóra 
Vékony12,13* 

1 Doctoral School of Psychology, ELTE Eötvös Loránd University, Budapest, Hungary 

2 Institute of Psychology, ELTE Eötvös Loránd University, Budapest, Hungary 

3 Brain, Memory and Language Research Group, Institute of Cognitive Neuroscience and Psychology, 

HUN-REN Research Centre for Natural Sciences, Budapest, Hungary 

4 Institut du Psychotraumatisme de l’Enfant et de l’Adolescent, Conseil Départemental Yvelines et Hauts-

de-Seine et Centre Hospitalier des Versailles, Versailles, France 

5 UVSQ, Inserm, Centre de Recherche en Epidémiologie et Santé des Populations, Université Paris-Saclay, 

Versailles, France 

6 LNC2, Département d’études Cognitives, École Normale Supérieure, INSERM, PSL Research University, 

Paris, France 

 7 Institute of Experimental Medicine, HUN-REN Research Centre for Natural Sciences, Budapest, Hungary 

 8 Department of Psychiatry and Psychotherapy, Semmelweis University, Budapest, Hungary 

9 Nyírő Gyula National Institute of Psychiatry and Addictology 

10 Pázmány Péter Catholic University, Institute of Psychology, Budapest, Hungary 

11 BML-NAP Research Group, Institute of Psychology, Eötvös Loránd University and Institute of Cognitive 

Neuroscience and Psychology, HUN-REN Research Centre for Natural Sciences, Budapest, Hungary 

12 Lyon Neuroscience Research Center (CRNL), INSERM U1028, CNRS UMR5292, Université Claude 

Bernard Lyon 1, Lyon, France 

13 Department of Education and Psychology, Faculty of Social Sciences, University of Atlántico Medio, 

Las Palmas de Gran Canaria, Spain 

* These authors contributed equally to this work. 



 

93 
 

  

Supplementary Figure S1. Flow chart of quality control of the data. Since some participants met 
multiple exclusion criteria, a total of 60 participants were excluded from Study 1, resulting in a final sample 
comprising 73.21% of the initial participants. In Study 2, 87 participants were excluded, leaving 74.7% of 
the participants in the final sample.  
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*Based on self-reported neurological impairment, Epilepsy or head injury, or reported diagnosis of Autism 
Spectrum Disorder, Attention Deficit Hyperactivity Disorder, Obsessive-Compulsive Disorder, 
Schizophrenia or Psychotic Disorder, any type of Depressive Disorder, Anxiety Disorder, and/or Eating 
Disorder, as well as any Personality Disorder, and Post-Traumatic Stress Disorder were excluded from the 
analysis.  

Supplementary Table S2. Results of the linear mixed model on log-transformed RT 
regarding probabilistic learning in Study 1.  

  Prediction of RT  

Terms b SE 95% CI t df p 

(Intercept) 362.403 2.483 357.534 – 367.339 860.194 161.990 <0.001 

Block 1-5 [1] 1.035 0.002 1.030 – 1.040 14.301 168.514 <0.001 

Block 6-10 [2] 1.024 0.002 1.020 – 1.028 11.527 169.789 <0.001 

Block 11-15 [3] 1.001 0.002 0.998 – 1.005 0.779 174.609 0.437 

Block 16-20 [4] 0.979 0.002 0.975 – 0.982 -11.537 174.930 <0.001 

Triplet Type [High] 0.990 0.001 0.988 – 0.991 -17.513 159.694 <0.001 

OCI-R score 0.999 0.001 0.998 – 1.001 -0.976 161.987 0.330 

Block 1-5  [1] x— Triplet Type [High] 1.006 0.001 1.004 – 1.007 7.169 243491.238 <0.001 

Block 6-10  [2] x— Triplet Type 
[High] 

1.002 0.001 1.001 – 1.004 3.061 243497.789 0.002 

Block 11-15  [3] x— Triplet Type 
[High] 

0.999 0.001 0.998 – 1.001 -0.886 243491.490 0.376 

Block 16-20  [4] x— Triplet Type 
[High] 

0.996 0.001 0.995 – 0.998 -4.652 243500.591 <0.001 

Block 1-5 [1] x— OCI-R score 1.000 0.000 1.000 – 1.000 0.140 168.494 0.889 

Block 6-10 [2] x— OCI-R score 1.000 0.000 0.999 – 1.000 -1.142 169.508 0.255 

Block 11-15 [3] x— OCI-R score 1.000 0.000 1.000 – 1.000 -1.070 174.532 0.286 

Block 16-20 [4] x— OCI-R score 1.000 0.000 1.000 – 1.001 2.053 174.787 0.042 

Triplet Type [High] x OCI-R score  1.000 0.000 1.000 – 1.000 -0.338 159.451 0.736 

(Block 1-5 [1] x— Triplet Type 
[High] 
x — OCI-R score 

1.000 0.000 1.000 – 1.000 -1.822 243478.403 0.068 

(Block 6-10 [2] x— Triplet Type 
[High] 
x — OCI-R score 

1.000 0.000 1.000 – 1.000 2.010 243500.616 0.044 

(Block 11-15 [3] x— Triplet Type 
[High] 
x — OCI-R score 

1.000 0.000 1.000 – 1.000 0.648 243484.789 0.517 

(Block 16-20 [4] x— Triplet Type 
[High] 
x — OCI-R score 

1.000 0.000 1.000 – 1.000 -0.679 243494.478 0.497 
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Random Effects 

σ2 0.032 

τ00 Participant 0.008 

τ11 Participant.Block 1-5 0.001 

τ11 Participant.Block 6-10 0.001 

τ11 Participant.Block 11-15 0.000 

τ11 Participant.Block 15-20 0.000 

τ11 Participant. Triplet Type [High] 0.000 

ρ01 0.209 

 0.203 

 -0.133 

 -0.150 

 0.393 

ICC 0.210 

N Participant 164 

Observations 244258 

Marginal R2 / Conditional R2 0.023 / 0.228 

 

Note. The marginal R-squared considers only the variance of the fixed effects, while the conditional R-
squared takes both the fixed and random effects into account. Degrees of freedom are based on 
Satterthwaite’s approximation. Statistically significant terms are highlighted in bold. Terms in brackets 
indicate the level of factor that is contrasted against the reference level.  

Supplementary Table S3. Results of the binomial generalized mixed model on accuracy 
regarding probabilistic learning in Study 1.  

  Prediction of Accuracy 

Terms 
Log-
Odds 

SE 95% CI z df p 

(Intercept) 2.314 0.036 2.243 – 2.385 63.864 Inf <0.001 

Block 1-5 [1] 0.137 0.025 0.089 – 0.186 5.544 Inf <0.001 

Block 6-10 [2] 0.018 0.021 -0.024 – 0.060 0.843 Inf 0.399 

Block 11-15 [3] 0.017 0.020 -0.022 – 0.056 0.855 Inf 0.393 

Block 16-20 [4] -0.052 0.019 -0.090 – -0.014 -2.687 Inf 0.007 

Triplet Type [High] 0.163 0.011 0.141 – 0.185 14.418 Inf <0.001 

OCI-R score 0.007 0.003 0.001 – 0.014 2.272 Inf 0.023 

Block 1-5  [1] x— Triplet Type [High] -0.061 0.015 -0.090 – -0.032 -4.106 Inf <0.001 

Block 6-10  [2] x— Triplet Type [High] -0.002 0.014 -0.030 – 0.026 -0.167 Inf 0.867 

Block 11-15  [3] x— Triplet Type [High] -0.002 0.014 -0.030 – 0.026 -0.150 Inf 0.881 

Block 16-20  [4] x— Triplet Type [High] 0.031 0.014 0.004 – 0.059 2.230 Inf 0.026 
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Block 1-5 [1] x— OCI-R score -0.003 0.002 -0.007 – 0.002 -1.170 Inf 0.242 

Block 6-10 [2] x— OCI-R score 0.000 0.002 -0.003 – 0.004 0.078 Inf 0.938 

Block 11-15 [3] x— OCI-R score 0.000 0.002 -0.003 – 0.004 0.165 Inf 0.869 

Block 16-20 [4] x— OCI-R score 0.001 0.002 -0.002 – 0.005 0.738 Inf 0.461 

Triplet Type [High] x OCI-R score  0.001 0.001 -0.001 – 0.002 0.518 Inf 0.605 

(Block 1-5 [1] x— Triplet Type [High] 
x — OCI-R score 

0.001 0.001 -0.001 – 0.004 1.102 Inf 0.271 

(Block 6-10 [2] x— Triplet Type [High] 
x — OCI-R score 

-0.002 0.001 -0.004 – 0.001 -1.356 Inf 0.175 

(Block 11-15 [3] x— Triplet Type [High] 
x — OCI-R score 

-0.001 0.001 -0.003 – 0.002 -0.638 Inf 0.524 

(Block 16 -20 [4] x— Triplet Type [High] 
x — OCI-R score 

-0.001 0.001 -0.004 – 0.001 -0.928 Inf 0.353 

Random Effects 

σ2 3.290 

τ00 Participant 0.208 

τ11 Participant.Block 1-5 0.059 

τ11 Participant.Block 6-10 0.036 

τ11 Participant.Block 11-15 0.027 

τ11 Participant.Block 15-20 0.025 

τ11 Participant. Triplet Type [High] 0.011 

ρ01 0.116 

 0.185 

 -0.079 

 -0.255 

 0.034 

ICC 0.073 

N Participant 164 

Observations 269363 

Marginal R2 / Conditional R2 0.010 / 0.082 

Note.  The table shows regression coefficients of fixed effects and summary information about the random 
effects. Coefficients are log odds, thus positive values indicate that the given independent variable is 
associated with an increased likelihood of correct responses, and negative values are the opposite. P values 
for coefficients are from z tests, making the degrees of freedom infinite. The marginal R-squared considers 
only the variance of the fixed effects, while the conditional R-squared takes both the fixed and random 
effects into account. Statistically significant terms are highlighted in bold. Terms in brackets indicate the 
level of factor that is contrasted against the reference level. 
 

Supplementary Table S4. Results of the linear mixed model on log-transformed RT 
regarding probabilistic learning in Study 2.  

  Prediction of RT 

Terms b SE 95% CI t df p 
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(Intercept) 381.301 2.026 377.332 – 385.313 1118.456 254.905 <0.001 

Block 1-5 [1] 1.008 0.002 1.005 – 1.011 5.199 268.151 <0.001 

Block 6-10 [2] 1.006 0.001 1.004 – 1.008 5.502 279.135 <0.001 

Triplet Type [High] 0.993 0.001 0.992 – 0.994 -13.534 250.990 <0.001 

OCI-R score 1.000 0.000 0.999 – 1.000 -0.882 254.944 0.379 

Block 1-5 [1] x — Triplet Type 
[High] 

1.002 0.001 1.001 – 1.003 3.508 227191.022 <0.001 

Block 6-10 [1] x — Triplet Type 
[High] 

1.001 0.001 0.999 – 1.002 1.090 227215.145 0.276 

Block 1-5 [1] x— OCI-R score 1.000 0.000 1.000 – 1.000 -1.026 268.791 0.306 

Block 6-10 [2] x— OCI-R score 1.000 0.000 1.000 – 1.000 0.764 280.900 0.446 

Triplet Type [High] x— OCI-R 
score 

1.000 0.000 1.000 – 1.000 0.453 253.339 0.651 

(Block 1-5 [1] x— Triplet 
Type [High]) x— OCI-R 

1.000 0.000 1.000 – 1.000 1.310 227196.061 0.190 

(Block 6-10 [2] x— Triplet 
Type [High]) x— OCI-R 

1.000 0.000 1.000 – 1.000 -0.813 227176.306 0.416 

Random Effects 

σ2 0.033 

τ00 Participant 0.007 

τ11 Participant. Block 1-5 0.001 

τ11 Participant. Block 6-10 0.000 

τ11 Participant.Triplet_Type[High] 0.000 

ρ01 0.144 

 0.001 

 0.110 

ICC 0.191 

N Participant 257 

Observations 227889 

Marginal R2 / Conditional R2 0.005 / 0.195 

  

Note. The marginal R-squared considers only the variance of the fixed effects, while the conditional R-
squared takes both the fixed and random effects into account. Degrees of freedom are based on 
Satterthwaite’s approximation. Statistically significant terms are highlighted in bold. Terms in brackets 
indicate the level of factor that is contrasted against the reference level. 

 

Supplementary Table S5. Results of the linear mixed model on log-transformed RT 
regarding ’Old knowledge’ in Study 2. 

  Prediction of RT 

Terms b SE 95% CI t df p 
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  Prediction of RT 

(Intercept) 358.244 1.887 354.547 – 361.979 1116.469 255.225 <0.001 

Block 16-20 [1] 0.978 0.002 0.975 – 0.981 -14.373 298.397 <0.001 

Block 21-25 [2] 1.009 0.001 1.006 – 1.011 6.500 259.212 <0.001 

Triplet Type [H L] 0.989 0.001 0.987 – 0.990 -15.801 270.983 <0.001 

OCI-R score 1.000 0.000 0.999 – 1.000 -0.898 255.254 0.370 

Block 16-20 [1] x— Triplet Type [H 
L] 

1.001 0.001 1.000 – 1.003 1.570 156792.988 0.116 

Block 21-25 [2] x— Triplet Type [H 
L] 

1.000 0.001 0.998 – 1.002 0.018 156791.687 0.986 

Block 16-20 [1] x— OCI-R score 1.000 0.000 0.999 – 1.000 -1.793 299.581 0.074 

Block 21-25 [2] x— OCI-R score 1.000 0.000 1.000 – 1.000 1.987 260.105 0.048 

Triplet Type [H L] x— OCI-R score 1.000 0.000 1.000 – 1.000 1.359 272.087 0.175 

(Block 16-20 [1] x— Triplet Type 
[H L] x— 
OCI-R score 

1.000 0.000 1.000 – 1.000 -0.534 156914.412 0.593 

(Block 21-25 [2] x— Triplet Type 
[H L] x— 
OCI-R score 

1.000 0.000 1.000 – 1.000 -1.000 156723.370 0.317 

Random Effects 

σ2 0.030 

τ00 Participant 0.007 

τ11 Participant Block 16-20 [1] 0.000 

τ11 Participant Block 21-25 [2]  0.000 

τ11 Participant. Triplet Type [H L] 0.000 

ρ01 0.107 

 -0.046 

 0.162 

ICC 0.205 

N Participant 257 

Observations 157503 

Marginal R2 / Conditional R2 0.011 / 0.214 

Note. The marginal R-squared considers only the variance of the fixed effects, while the conditional R-
squared takes both the fixed and random effects into account. Degrees of freedom are based on 
Satterthwaite’s approximation. Statistically significant terms are highlighted in bold. Terms in brackets 
indicate the level of factor that is contrasted against the reference level. 

Supplementary Table S6. Results of the binomial generalized mixed model on accuracy 
regarding probabilistic learning in Study 2.  

  Prediction of Accuracy 

Terms 
Log-
Odds 

SE 95% CI z df p 
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(Intercept) 2.417 0.029 2.361 – 2.474 83.993 Inf <0.001 

Block 1-5 [1] 0.145 0.019 0.108 – 0.182 7.652 Inf <0.001 

Block 6-10 [2] -0.052 0.014 -0.080 – -0.024 -3.668 Inf <0.001 

Triplet Type [High] 0.143 0.010 0.124 – 0.161 14.997 Inf <0.001 

OCI-R score -0.006 0.002 -0.011 – -0.001 -2.555 Inf 0.011 

Block 1-5 [1] x — Triplet Type [High] -0.042 0.011 -0.064 – -0.019 -3.672 Inf <0.001 

Block 6-10 [1] x — Triplet Type [High] -0.008 0.011 -0.029 – 0.014 -0.703 Inf 0.482 

Block 1-5 [1] x— OCI-R score 0.000 0.002 -0.003 – 0.003 0.024 Inf 0.981 

Block 6-10 [2] x— OCI-R score 0.001 0.001 -0.001 – 0.003 0.683 Inf 0.495 

Triplet Type [High] x— OCI-R score -0.000 0.001 -0.002 – 0.001 -0.467 Inf 0.640 

(Block 1-5 [1] x— Triplet 
Type [High]) x— OCI-R 

-0.000 0.001 -0.002 – 0.001 -0.371 Inf 0.710 

(Block 6-10 [2] x— Triplet 
Type [High]) x— OCI-R 

0.002 0.001 0.000 – 0.004 2.445 Inf 0.014 

Random Effects 

σ2 3.290 

τ00 Participant 0.194 

τ11 Participant. Block 1-5 0.053 

τ11 Participant. Block 6-10 0.017 

τ11 Participant.Triplet_Type[High] 0.006 

ρ01 0.351 

 -0.161 

 0.448 

ICC 0.070 

N Participant 257 

Observations 249134 

Marginal R2 / Conditional R2 0.009 / 0.079 

Note. The table shows regression coefficients of fixed effects and summary information about the random 
effects. Coefficients are log odds, thus positive values indicate that the given independent variable is 
associated with an increased likelihood of correct responses, and negative values are the opposite. P values 
for coefficients are from z tests, making the degrees of freedom infinite. The marginal R-squared considers 
only the variance of the fixed effects, while the conditional R-squared takes both the fixed and random 
effects into account. Statistically significant terms are highlighted in bold. Terms in brackets indicate the 
level of factor that is contrasted against the reference level. 
 

Supplementary Table S7. Results of the binomial mixed model on accuracy regarding 
’Old knowledge’ in Study 2.  

  Prediction of Accuracy 

Terms 
Log-
Odds 

SE 95% CI z df p 

(Intercept) 2.389 0.026 2.339 – 2.440 93.505 Inf <0.001 
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Block 16-20 [1] 0.062 0.018 0.026 – 0.098 3.414 Inf 0.001 

Block 21-25 [2] -0.026 0.019 -0.064 – 0.012 -1.349 Inf 0.177 

Triplet Type [H L] 0.166 0.014 0.138 – 0.193 11.774 Inf <0.001 

OCI-R score -0.002 0.002 -0.006 – 0.002 -0.938 Inf 0.348 

Block 16-20 [1] x— Triplet Type [H L] 0.054 0.015 0.026 – 0.083 3.687 Inf <0.001 

Block 21-25 [2] x— Triplet Type [H L] -0.078 0.017 -0.112 – -0.044 -4.538 Inf <0.001 

Block 16-20 [1] x— OCI-R score -0.002 0.002 -0.005 – 0.001 -1.384 Inf 0.166 

Block 21-25 [2] x— OCI-R score 0.002 0.002 -0.001 – 0.005 1.036 Inf 0.300 

Triplet Type [H L] x— OCI-R score -0.000 0.001 -0.003 – 0.002 -0.423 Inf 0.672 

(Block 16-20 [1] x— Triplet Type [H L] x—OCI-R 
score 

0.001 0.001 -0.002 – 0.003 0.481 Inf 0.630 

(Block 21-25 [2] x— Triplet Type [H L] x—OCI-R 
score 

0.001 0.001 -0.002 – 0.004 0.589 Inf 0.556 

Random Effects 

σ2 3.290 

τ00 Participant 0.133 

τ11 Participant Block 16-20 [1] 0.024 

τ11 Participant Block 21-25 [2]  0.012 

τ11 Participant. Triplet Type [H L] 0.017 

ρ01 0.159 

 -0.101 

 0.108 

ICC 0.052 

N Participant.Public.ID 257 

Observations 171403 

Marginal R2 / Conditional R2 0.008 / 0.060 

Note. The table shows regression coefficients of fixed effects and summary information about the random 
effects. Coefficients are log odds, thus positive values indicate that the given independent variable is 
associated with an increased likelihood of correct responses, and negative values are the opposite. P values 
for coefficients are from z tests, making the degrees of freedom infinite. The marginal R-squared considers 
only the variance of the fixed effects, while the conditional R-squared takes both the fixed and random 
effects into account. Statistically significant terms are highlighted in bold. Terms in brackets indicate the 
level of factor that is contrasted against the reference level. 
 

 

Supplementary Table S8. Results of the linear mixed model on log-transformed RT 
regarding ’New knowledge’ in Study 2. 

  Prediction of RT 

Terms b SE 95% CI t df p 

(Intercept) 361.404 1.893 357.695 – 365.152 1124.232 255.210 <0.001 
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Block 16-20 [1] 0.979 0.001 0.976 – 0.982 -14.016 256.985 <0.001 

Block 21-25 [2] 1.007 0.001 1.005 – 1.009 6.003 289.047 <0.001 

Triplet Type [L H] 0.997 0.001 0.996 – 0.999 -3.501 274.785 0.001 

OCI-R score 1.000 0.000 0.999 – 1.000 -0.881 255.281 0.379 

Block 16-20 [1] x—Triplet Type [L 
H] 

1.002 0.001 1.000 – 1.004 2.493 110434.011 0.013 

Block 21-25 [2] x—Triplet Type [L 
H] 

0.998 0.001 0.997 – 1.000 -2.063 110274.701 0.039 

Block 16-20 [1] x— OCI-R score 1.000 0.000 1.000 – 1.000 -1.676 258.715 0.095 

Block 21-25 [2] x— OCI-R score 1.000 0.000 1.000 – 1.000 2.228 291.538 0.027 

Triplet Type [L H] x— OCI-R score 1.000 0.000 1.000 – 1.000 1.345 277.633 0.180 

(Block 16-20 [1] x—Triplet Type [L 
H]) x— 
OCI-R score 

1.000 0.000 1.000 – 1.000 -0.218 110426.496 0.827 

(Block 21-25 [2] x—Triplet Type [L 
H] x— 
OCI-R score 

1.000 0.000 1.000 – 1.000 -1.284 110286.125 0.199 

Random Effects 

σ2 0.030 

τ00 Participant 0.007 

τ11 Participant Block 16-20 [1] 0.000 

τ11 Participant Block 21-25 [2] 0.000 

τ11 Participant Trplet Type [L H] 0.000 

ρ01 0.151 

 -0.008 

 0.085 

ICC 0.196 

N Participant 257 

Observations 110862 

Marginal R2 / Conditional R2 0.004 / 0.200 

 

Note. The marginal R-squared considers only the variance of the fixed effects, while the conditional R-
squared takes both the fixed and random effects into account. Degrees of freedom are based on 
Satterthwaite’s approximation. Statistically significant terms are highlighted in bold. Terms in brackets 
indicate the level of factor that is contrasted against the reference level 

 

Supplementary Table S9. Results of the binomial mixed model on accuracy regarding 
’New knowledge’ in Study 2. 

  Prediction of accuracy 

Terms 
Log-
Odds 

SE 95% CI z df p 
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(Intercept) 2.263 0.025 2.213 – 2.313 89.472 Inf <0.001 

Block 16-20 [1] 0.008 0.022 -0.035 – 0.051 0.376 Inf 0.707 

Block 21-25 [2] 0.100 0.018 0.064 – 0.135 5.457 Inf <0.001 

Triplet Type [L H] 0.035 0.013 0.009 – 0.061 2.664 Inf 0.008 

OCI-R score -0.003 0.002 -0.007 – 0.001 -1.290 Inf 0.197 

Block 16-20 [1] x—Triplet Type [L H] -0.005 0.017 -0.038 – 0.029 -0.271 Inf 0.787 

Block 21-25 [2] x—Triplet Type [L H] 0.040 0.015 0.011 – 0.070 2.656 Inf 0.008 

Block 16-20 [1] x— OCI-R score -0.001 0.002 -0.005 – 0.002 -0.736 Inf 0.461 

Block 21-25 [2] x— OCI-R score 0.001 0.002 -0.002 – 0.004 0.597 Inf 0.551 

Triplet Type [L H] x— OCI-R score -0.001 0.001 -0.003 – 0.001 -1.141 Inf 0.254 

(Block 16-20 [1] x—Triplet Type [L H]) x— 
OCI-R score 

0.001 0.001 -0.002 – 0.004 0.766 Inf 0.444 

(Block 21-25 [2] x—Triplet Type [L H] x— 
OCI-R score 

0.000 0.001 -0.002 – 0.003 0.230 Inf 0.818 

Random Effects 

σ2 3.290 

τ00 Participant 0.126 

τ11 Participant Block 16-20 [1] 0.041 

τ11 Participant Block 21-25 [2] 0.021 

τ11 Participant Trplet Type [L H] 0.008 

ρ01 0.235 

 -0.161 

 -0.142 

ICC 0.043 

N Participant.Public.ID 257 

Observations 122349 

Marginal R2 / Conditional R2 0.004 / 0.047 

Note. The table shows regression coefficients of fixed effects and summary information about the random 
effects. Coefficients are log odds, thus positive values indicate that the given independent variable is 
associated with an increased likelihood of correct responses, and negative values are the opposite. P values 
for coefficients are from z tests, making the degrees of freedom infinite. The marginal R-squared considers 
only the variance of the fixed effects, while the conditional R-squared takes both the fixed and random 
effects into account. Statistically significant terms are highlighted in bold. Terms in brackets indicate the 
level of factor that is contrasted against the reference level. 
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9.2. Supplementary Materials of Study 3 

 

Supplemental Information 

Obsessive-Compulsive Tendencies Shift the Balance Between 
Competitive Neurocognitive Functions 

Bianka Brezóczki, Teodóra Vékony, Bence Csaba Farkas, Flóra Hann, Dezső 
Németh  
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Supplementary Figures 

 
Figure S1. The distribution of the participants' OC tendencies as measured by the OCI-12 total score in the 
sample. The x-axis indicates the total OCI-12 score, while the y-axis indicates the number of participants. 
The color gradient transitions from yellow, through pink, to purple, reflecting increasing levels of OC 
tendencies. 
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Supplementary Tables 

Table S1. LMM predicting blockwise median RT, Related to Results 

  Reaction Time 

Terms b SE b 95% CI t df p 

(Intercept) 378.23 2.08 374.13 – 382.32 181.69 400.01 <0.001 

Time -1.10 0.10 -1.29 – -0.90 -11.18 399.98 <0.001 

Triplet Type [High] -2.94 0.23 -3.38 – -2.49 -13.01 11297.07 <0.001 

OCI-12 score -0.42 0.23 -0.88 – 0.04 -1.77 400.01 0.077 

Perseverative error 1.44 0.53 0.39 – 2.49 2.70 400.02 0.007 

Time × Triplet Type [High] -0.17 0.05 -0.27 – -0.07 -3.23 11297.10 0.001 

Time × OCI-12 score 0.00 0.01 -0.02 – 0.03 0.39 399.88 0.699 

Triplet Type [High] × OCI-12 score -0.00 0.03 -0.05 – 0.05 -0.09 11297.11 0.926 

Time × Perseverative error -0.04 0.03 -0.09 – 0.00 -1.77 400.07 0.078 

Triplet Type [High] × Perseverative 
error 

-0.04 0.06 -0.15 – 0.08 -0.66 11297.07 0.508 

OCI-12 score × Perseverative error -0.03 0.06 -0.14 – 0.08 -0.52 400.01 0.600 

(Time × Triplet Type [High]) 
× OCI-12 score 

0.00 0.01 -0.01 – 0.01 0.30 11297.18 0.763 

(Time × Triplet Type [High]) 
× Perseverative error 

0.01 0.01 -0.01 – 0.04 0.96 11297.10 0.338 

(Time × OCI-12 score) × 
Perseverative error 

0.00 0.00 -0.00 – 0.01 1.90 400.00 0.058 

(Triplet Type [High] × OCI-12 
score) × 
Perseverative error 

0.01 0.01 -0.00 – 0.02 1.13 11297.09 0.257 

(Time × Triplet Type [High] 
× OCI-12 score) × Perseverative 
error 

-0.00 0.00 -0.00 – 0.00 -0.82 11297.15 0.412 

Random Effects 

σ2 608.04 

τ00 Participant 1703.21 

τ11 Participant.Time 2.73 

ρ01 Participant -0.30 

ICC 0.74 

N Participant 404 

Observations 12113 
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Marginal R2 / Conditional R2 0.030 / 0.750 

 
Note. Statistical learning was evidenced by faster RTs for high-probability triplets compared to low-
probability ones (main effect of Triplet Type). Reaction times improved throughout the task (main effect 
of Time). The interaction between Triplet Type and Block indicated that statistical learning (the difference 
between high- and low-probability triplets) became more pronounced as the task progressed.There was a 
statistically significant main effect of Perseverative Errors, indicating that more perseverative errors were 
associated with significantly slower reaction times. The absence of a significant interaction between Triplet 
Type and Perseverative Errors suggests that there is no antagonistic relationship between these factors. 

 
Table S2. LMM predicting blockwise mean accuracy, Related to Results 

  Accuracy 

Terms b SE b 95% CI t df p 

(Intercept) 90.90 0.17 90.56 – 91.24 525.51 400.00 <0.001 

Time -0.15 0.02 -0.18 – -0.11 -7.67 400.22 <0.001 

Triplet Type [High] 1.11 0.06 0.99 – 1.24 17.40 400.14 <0.001 

OCI-12 score -0.00 0.02 -0.04 – 0.04 -0.03 399.97 0.976 

Perseverative error -0.11 0.04 -0.20 – -0.02 -2.49 400.06 0.013 

Time  × Triplet Type [High] 0.08 0.01 0.05 – 0.11 5.76 10898.51 <0.001 

Time  × OCI-12 score -0.00 0.00 -0.00 – 0.00 -0.08 400.05 0.935 

Triplet Type [High]  × OCI-12 score 0.01 0.01 -0.01 – 0.02 0.94 399.91 0.347 

Time  × Perseverative error -0.01 0.00 -0.02 – -0.00 -2.10 400.39 0.036 

Triplet Type [High]  × Perseverative 
error 

0.03 0.02 0.00 – 0.07 2.12 400.52 0.035 

OCI-12 score  × Perseverative error -0.00 0.00 -0.01 – 0.00 -0.95 400.03 0.341 

(Time  × Triplet Type [High]) 
 × OCI-12 score 

-0.00 0.00 -0.00 – 0.00 -0.99 10898.03 0.321 

(Time  × Triplet Type [High]) 
 × Perseverative error 

-0.00 0.00 -0.01 – 0.01 -0.20 10899.01 0.845 

(Time  × OCI-12 score)  × Perseverative 
error 

0.00 0.00 -0.00 – 0.00 1.52 400.26 0.130 

(Triplet Type [High]  × OCI-12 score)  
×  
Perseverative error 

-0.00 0.00 -0.01 – -0.00 -2.49 400.30 0.013 

(Time  × Triplet Type [High] 
 × OCI-12 score)  × Perseverative error 

-0.00 0.00 -0.00 – 0.00 -1.35 10898.65 0.178 

Random Effects 

σ2 41.20 

τ00 Participant 10.53 
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τ11 Participant.Time 0.07 

τ11 Participant.Triplet Type [High] 0.25 

ρ01 -0.05 
 

-0.69 

ICC 0.23 

N Participant 404 

Observations 12113 

Marginal R2 / Conditional R2 0.036 / 0.255 

Note. Statistical learning was evidenced by higher accuracy for high-probability triplets compared to low-
probability ones (main effect of Triplet Type). Accuracy declined over the course of the task (main effect 
of Block). The interaction between Triplet Type and Block indicated increasing statistical learning (the 
difference between high- and low-probability triplets) as the task progressed. A statistically significant main 
effect of Perseverative Errors suggested that higher perseverative error rates were associated with lower 
response accuracy, accompanied by a decline in visuomotor performance as the task progressed (Time × 
Perseverative error interaction). A significant interaction between Triplet Type and Perseverative Errors 
indicated an antagonistic relationship between statistical learning and cognitive flexibility. The significant 
Triplet Type × Perseverative Errors × OCI-R score interaction revealed that OC tendencies modulate this 
antagonistic relationship. 
 

Table S3. LMM predicting blockwise median RT, Related to Results 

Effect df F p 

Time 1, 399.99 120.03 < .001 

Triplet Type 1, 11297.08 168.31 < .001 

OCI-12 score 1, 400.00 2.44 .119 

Trials to complete first category 1, 400.00 1.26 .263 

Time × Triplet Type 1, 11297.13 11.08 < .001 

Time × OCI-12 score 1, 399.88 0.28 .595 

Triplet Type × OCI-12 score 1, 11297.1 0.02 .904 

Time × Trials to complete first category 1, 399.83 0.23 .635 

Triplet Type × Trials to complete first category 1, 11297.04 0.20 .652 

OCI-12 score × Trials to complete first category 1, 400.00 0.02 .887 

Time × Triplet Type × OCI-12 score 1, 11297.15 0.07 .790 

Time × Triplet Type × Trials to complete first category 1, 11297.05 0.56 .454 

Time × OCI-12 score × Trials to complete first category 1, 399.80 0.06 .801 

Triplet Type × OCI-12 score × Trials to complete first category 1, 11297.04 0.23 .632 
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Effect df F p 

Time × Triplet Type × OCI-12 score × Trials to complete first 
category 

1, 11297.05 0.11 .738 

Note. The table summarizes all main effects and interactions. Degrees of freedom (df) correspond to 
Satterthwaite approximations. F = F-statistic; p = significance value. Statistically significant results (p < 
.05) are shown in bold. Significant main effects were followed up with post hoc comparisons: The main 
effect of Triplet Type (High vs. Low) was significant (b = -5.82, SE = 0.449, z = -12.973, p < .0001), 
indicating faster responses to high- than to low-probability triplets. Time was also significant (b = -1.07, 
SE = 0.0981, z = -10.956, p < .0001, 95% CI [-1.27, -0.882]), indicating that RT decreased as the task 
progressed. The Time × Triplet Type interaction was also significant (b = -0.346, SE = 0.104, z = -3.329, 
p = .0009), indicating a stronger decrease in RT for high-probability triplets over time. To depict the 
interaction, time was divided into three blocks (Block 5, Block 10, Block 15). Pairwise comparisons showed 
significant High–Low differences at Block5 (b = -4.79, SE = 0.547, 95% CI [-5.86, -3.71]), Block10 (b = -
6.52, SE = 0.495, 95% CI [-7.48, -5.55]), and Block15 (b = -8.24, SE = 0.855, 95% CI [-9.92, -6.57]). Sidak-
adjusted comparisons indicated that the High–Low difference increased significantly across time: Block5–
Block10 (b = 1.73, SE = 0.52, z = 3.329, p = .0026), Block5–Block15 (b = 3.46, SE = 1.04, z = 3.329, p = 
.0026), and Block10–Block15 (b = 1.73, SE = 0.52, z = 3.329, p = .0026). These results indicate a gradual 
increase in statistical learning across the task. 
 
 Table S4. LMM predicting blockwise mean accuracy, Related to Results 

Effect df F p

Time 1, 400.25 55.48 < .001

Triplet Type 1, 399.97 288.22 < .001

OCI-12 score 1, 399.96 0.57 .450

Trials to complete first category 1, 399.94 0.22 .639

Time × Triplet Type 1, 10898.42 31.05 < .001

Time × OCI-12 score 1, 400.08 0.05 .824

Triplet Type × OCI-12 score 1, 399.77 1.10 .295

Time × Trials to complete first category 1, 399.98 1.55 .214

Triplet Type × Trials to complete first category 1, 399.66 0.17 .680

OCI-12 score × Trials to complete first category 1, 399.94 2.18 .141

Time × Triplet Type × OCI-12 score 1, 10897.91 1.3 .255

Time × Triplet Type × Trials to complete first category 1, 10897.59 0.58 .446

Time × OCI-12 score × Trials to complete first 
category 

1, 399.94 0.52 .470

Triplet Type × OCI-12 score × Trials to complete first 
category 

1, 399.62 4.58 .033

Time × Triplet Type × OCI-12 score × Trials to 
complete first category 

1, 10897.47 0.77 .379

 Note. The table summarizes all main effects and interactions. Degrees of freedom (df) correspond to 
Satterthwaite approximations. F = F-statistic; p = significance value. Statistically significant results (p < 
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.05) are shown in bold. Significant main effects were followed up with post hoc comparisons:. The main 
effect of Triplet Type (High vs. Low) was significant (b = 2.17, SE = 0.128, z = 16.977, p < .0001), 
indicating higher accuracy for high- than for low-probability triplets. The linear trend of Time was also 
significant (b = -0.141, SE = 0.0189, z = -7.448, p < .0001, 95% CI [-0.178, -0.104]), indicating that 
accuracy decreased as the task progressed. To depict the Time × Triplet Type interaction, time was 
segmented into three blocks (Block5, Block10, Block15). Pairwise comparisons showed significant High–
Low differences at Block5 (b = 1.72, SE = 0.151, 95% CI [1.42, 2.01]), Block10 (b = 2.47, SE = 0.139, 95% 
CI [2.20, 2.74]), and Block15 (b = 3.22, SE = 0.228, 95% CI [2.78, 3.67]). Sidak-adjusted comparisons 
indicated that the High–Low difference increased significantly across time: Block5–Block10 (b = -0.754, SE 
= 0.135, z = -5.572, p < .0001), Block5–Block15 (b = -1.507, SE = 0.270, z = -5.572, p < .0001), and 
Block10–Block15 (b = -0.754, SE = 0.135, z = -5.572, p < .0001), indicating increasing statistical learning 
over time. The significant three-way interaction, we examined the simple effect of triplet type (high- vs. 
low-probability triplets) at −1 SD, mean, and +1 SD levels of Trials to complete the first category and OCI-
12 scores. Please note that, we used the OCI-12 score and the Trials to complete the first category as a 
continuous variable for all our analyses; we only depicted results for post-hoc analysis. Among individuals 
with low OC tendencies, the SL performance decreased as the number of trials to complete the first category 
increased. When participants completed the first category quickly, the statistical learning was largest, b = 
2.42, SE = 0.26, z = 9.17, 95% CI [1.90, 2.94], p < .001. At the mean level of trials, the effect was smaller, 
b = 2.03, SE = 0.18, z = 11.16, 95% CI [1.68, 2.39], p < .001, and it was smallest at later trials, b = 1.65, 
SE = 0.30, z = 5.48, 95% CI [1.06, 2.24], p < .001. At a medium OC tendencies, statistical remained 
relatively stable across levels of trials (bearlier trials = 2.22; bmean trials = 2.17;: blater trials = 2.11; all ps < .001), 
suggesting little modulation of statistical learning by cognitive flexibility. In contrast, among individuals 
with higher OC tendencies, the pattern reversed. The triplet effect increased as trials to complete the first 
category increased. At earlier trials, the effect was b = 2.02, SE = 0.26, z = 7.86, 95% CI [1.52, 2.53], p < 
.001; at mean trials, b = 2.30, SE = 0.18, z = 12.75, 95% CI [1.95, 2.66], p < .001; and at later trials, the 
effect was strongest, b = 2.58, SE = 0.26, z = 9.84, 95% CI [2.07, 3.10], p < .001. This indicates that among 
individuals with higher OC tendencies, poorer CST performance was associated with enhanced statistical 
learning.  

 

 Table S5. LMM predicting blockwise median RT, Related to Results 

Effect df F p

Time 1, 399.95 127.73 < .001

Triplet Type 1, 11297.06 170.45 < .001

OCI-12 score 1, 400.00 4.66 .032

Total correct  1, 400.01 12.55 < .001

Time × Triplet Type 1, 11297.08 9.73 .002

Time × OCI-12 score 1, 399.87 0.25 .615

Triplet Type × OCI-12 score 1, 11297.0917 0.00 .960

Time × Total correct  1, 400.01 2.21 .138

Triplet Type × Total correct  1, 11297.10 0.27 .607

OCI-12 score × Total correct  1, 400.00 0.10 .750

Time × Triplet Type × OCI-12 score 1, 11297.15 0.15 .698

Time × Triplet Type × Total correct  1, 11297.17 0.00 .952

Time × OCI-12 score × Total correct  1, 399.96 6.02 .015
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Effect df F p

Triplet Type × OCI-12 score × Total correct  1, 11297.14 2.55 .110

Time × Triplet Type × OCI-12 score × Total correct  1, 11297.23 1.36 .244

Note.The table summarizes all main effects and interactions. Degrees of freedom (df) correspond to 
Satterthwaite approximations. F = F-statistic; p = significance value. Statistically significant results (p < 
.05) are shown in bold. Significant main effects were followed up with post hoc comparisons:  The main 
effect of Triplet Type (High vs. Low) was significant (b = -5.93, SE = 0.454, z = -13.056, p < .0001), 
indicating faster responses to high- than to low-probability triplets. The linear trend of Time was also 
significant (b = -1.11, SE = 0.0984, z = -11.302, p < .0001, 95% CI [-1.31, -0.92]), showing that RT 
decreased as the task progressed. The Time × Triplet Type interaction was significant (b = -0.328, SE = 
0.105, z = -3.120, p = .0018), indicating a stronger decrease in RT for high-probability triplets over time. 
To illustrate this interaction, time was depicted at three blocks (Block5, Block10, Block15).Pairwise 
comparisons showed significant High–Low differences at Block5 (b = -4.95, SE = 0.553, 95% CI [-6.03, -
3.86]), Block10 (b = -6.59, SE = 0.501, 95% CI [-7.57, -5.60]), and Block15 (b = -8.23, SE = 0.865, 95% CI 
[-9.92, -6.53]). Sidak-adjusted comparisons indicated that the High–Low difference increased significantly 
across time: Block5–Block10 (b = 1.64, SE = 0.526, z = 3.120, p = .0054), Block5–Block15 (b = 3.28, SE = 
1.050, z = 3.120, p = .0054), and Block10–Block15 (b = 1.64, SE = 0.526, z = 3.120, p = .0054), suggesting 
a gradual increase in statistical learning during the task.  Furthermore, there was a significant negative main 
effect of OCI-12 on median RT, b = −0.498, SE = 0.231, 95% CI [−0.95, −0.046], indicating that higher 
OCI-12 scores were associated with faster reaction times. Over time, the number of correct responses, and 
the leve lof OCI tendencies, RT decreased with later blocks (learning effect; bs ~380 ms in early blocks vs. 
~376 ms in late blocks), were slightly faster for correct responses (~2 ms difference), and were faster for 
participants with higher OCI-12 scores (~2–3 ms faster from low to high OCI-12), with minimal evidence 
for a strong three-way interaction (p < .001). 

Table S6.  LMM predicting blockwise mean accuracy, Related to Results 

Effect df F p

Time 1, 400.20 60.15 < .001

Triplet Type 1, 400.09 294.22 < .001

OCI-12 score 1, 399.97 0.01 .906

Total correct  1, 400.02 4.01 .046

Time × Triplet Type 1, 10,898.40 34.78 < .001

Time × OCI-12 score 1, 400.05 0.00 .988

Triplet Type × OCI-12 score 1, 399.90 0.30 .582

Time × Total correct  1, 400.30 2.62 .106

Triplet Type × Total correct  1, 400.20 4.58 .033

OCI-12 score × Total correct  1, 400.00 0.79 .375

Time × Triplet Type × OCI-12 score 1, 10897.99 1.19 .275

Time × Triplet Type × Total correct  1, 10898.73 0.04 .847

Time × OCI-12 score × Total correct  1, 400.22 3.88 .050

Triplet Type × OCI-12 score × Total correct  1, 400.11 2.07 .151
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Effect df F p

Time × Triplet Type × OCI-12 score × Total correct  1, 10898.51 4.31 .038

Note. The table summarizes all main effects and interactions. Degrees of freedom (df) correspond to 
Satterthwaite approximations. F = F-statistic; p = significance value. Statistically significant results (p < 
.05) are shown in bold. Significant main effects were followed up with post hoc comparisons: The main 
effect of Triplet Type (High vs. Low) was significant (b = 2.21, SE = 0.129, z = 17.153, p < .0001), 
indicating higher accuracy for high- than for low-probability triplets. The linear trend of Time was also 
significant (b = −0.148, SE = 0.019, z = −7.755, p < .0001, 95% CI [−0.185, −0.110]), showing that accuracy 
decreased as the task progressed. The Time × Triplet Type interaction indicated that the High–Low 
difference increased across time. To illustrate this interaction, time was depicted at three blocks (Block5, 
Block10, Block15). Pairwise comparisons at three representative blocks showed significant High–Low 
differences at Block 5 (b = 1.73, SE = 0.153, 95% CI [1.43, 2.03]), Block 10 (b = 2.54, SE = 0.140, 95% CI 
[2.26, 2.81]), and Block 15 (b = 3.34, SE = 0.231, 95% CI [2.89, 3.80]). Šidák-adjusted comparisons 
confirmed that the High–Low difference increased significantly across blocks: Block5–Block10 (b = 0.807, 
SE = 0.137, z = −5.898, p < .0001), Block5–Block15 (b = 1.614, SE = 0.274, z = −5.898, p < .0001), and 
Block10–Block15 (b = 0.807, SE = 0.137, z = −5.898, p < .0001). The overall linear trend for correct 
performance was significant (b = 0.0371, SE = 0.0185, z = 2.002, 95% CI [0.0008, 0.0735], p = 0.045), 
indicating that higher numbers of correct responses were associated with more accurate responses.  The 
Triplet Type x Correct responses interaction revealed decreasing statistical learning with increased rate of 
correct responses (b Less correct = 2.24%, 95% CI [1.99, 2.50]), mean (b Mean correct = 2.21%, 95% CI [1.96, 
2.47]), and (b More correct = 2.19%, 95% CI [1.93, 2.44]) (all p < .0001). The four-way interaction indicated 
that the block-related accuracy decline was driven exclusively by low-probability (L) triplets, whereas high-
probability (H) triplets remained stable across blocks. This pattern was consistent across OCI-12 and 
correctness levels, suggesting limited moderation of temporal learning dynamics by OC tendencies or 
response accuracy. 
 
Table S7. LMM predicting blockwise median RT, Related to Results 

Effect df F p 

Time 399.9713 124.248 < .001 

Triplet Type 11,297.0703 169.367 < .001 

OCI-R score 400.0016 6.314 .012 

Perseverative error 400.0107 7.197 .008 

Time × Triplet Type 11,297.1001 10.343 .001 

Time × OCI-R score 399.9023 1.047 .307 

Triplet Type × OCI-R score 11,297.1190 0.003 .959 

Time × Perseverative error 400.0583 3.242 .073 

Triplet Type × Perseverative error 11,297.0705 0.497 .481 

OCI-R score × Perseverative error 400.0054 0.036 .851 

Time × Triplet Type × OCI-R score 11,297.1940 0.000 .985 

Time × Triplet Type × Perseverative error 11,297.1004 0.990 .320 

Time × OCI-R score × Perseverative error 399.9603 2.503 .114 

Triplet Type × OCI-R score × Perseverative error 11,297.1020 1.491 .222 
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Effect df F p 

Time × Triplet Type × OCI-R score × Perseverative 
error 

11,297.1611 0.653 .419 

Note. The table summarizes all main effects and interactions. Degrees of freedom (df) correspond to 
Satterthwaite approximations. F = F-statistic; p = significance value. Statistically significant results (p < 
.05) are shown in bold. Significant main effects were followed up with post hoc comparisons: The main 
effect of Triplet Type (High vs. Low) was significant (b = −5.89, SE = 0.452, z = −13.014, p < .0001), 
indicating faster responses to high-probability triplets. The main effect of Time indicated a decrease in RTs 
throughout the task, demonstrating changes in visuomotor performance over time (b = -1.09, 95% CI =[-
1.29, -.90). The Time x Triplet Type interaction was examined at three representative blocks (Block 5, Block 
10, Block 15). Pairwise comparisons showed significant statistical learning Block5 (b = −4.88, SE = 0.551, 
95% CI [−5.95, −3.80]), Block10 (b = −6.56, SE = 0.498, 95% CI [−7.54, −5.58]), and Block15 (b = −8.24, 
SE = 0.861, 95% CI [−9.93, −6.55]), indicating that the High–Low RT advantage increased across time. 
Šidák-adjusted interaction contrasts confirmed that the statistical increased significantly over blocks: 
Block5–Block10 (b = 1.68, SE = 0.523, z = 3.216, p = .0039), Block5–Block15 (b = 3.37, SE = 1.050, z = 
3.216, p = .0039), and Block10–Block15 (b = 1.68, SE = 0.523, z = .0039), suggesting a gradual strengthening 
of learning-related performance improvement over time.main effect of Perseverative error indicating that 
weaker cognitive flexibility (more perseverative errors) was associated with significantly slower reaction 
times (b = 1.31, 95% CI =[0.38, 2.24]). ). Furthermore, the main effect of OCI-R score was statistically 
significant indicating faster reaction times with higher levels of OC tendencies (b = -0.44, 95% CI =[-0.74, 
-0.12]).   
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Table S8. LMM predicting blockwise median RT, Related to Results 

  Reaction Time 

Terms b SE b 95% CI t df p 

(Intercept) 378.04 2.08 373.95 – 382.12 181.93 400.01 <0.001 

Time -1.09 0.10 -1.29 – -0.90 -11.15 399.97 <0.001 

Triplet Type [High] -2.94 0.23 -3.39 – -2.50 -13.01 11297.07 <0.001 

OCI-R score -0.45 0.18 -0.80 – -0.10 -2.51 400.00 0.012 

Perseverative error 1.43 0.53 0.38 – 2.48 2.68 400.01 0.008 

Time × Triplet Type [High] -0.17 0.05 -0.27 – -0.07 -3.22 11297.10 0.001 

Time × OCI-R score 0.01 0.01 -0.01 – 0.03 1.02 399.90 0.307 

Triplet Type [High] × OCI-R score 0.00 0.02 -0.04 – 0.04 0.05 11297.12 0.959 

Time × Perseverative error -0.05 0.03 -0.09 – 0.00 -1.80 400.06 0.073 

Triplet Type [High] × Perseverative error -0.04 0.06 -0.15 – 0.07 -0.71 11297.07 0.481 

OCI-R score × Perseverative error 0.01 0.04 -0.07 – 0.09 0.19 400.01 0.851 

(Time × Triplet Type [High]) 
× OCI-R score 

0.00 0.00 -0.01 – 0.01 0.02 11297.19 0.985 

(Time × Triplet Type [High]) 
× Perseverative error 

0.01 0.01 -0.01 – 0.04 1.00 11297.10 0.320 

(Time × OCI-R score) × Perseverative 
error 

0.00 0.00 -0.00 – 0.01 1.58 399.96 0.114 

(Triplet Type [High] × OCI-R score) × 
Perseverative error 

0.01 0.00 -0.00 – 0.01 1.22 11297.10 0.222 

(Time × Triplet Type [High] 
× OCI-R score) × Perseverative error 

-0.00 0.00 -0.00 – 0.00 -0.81 11297.16 0.419 

Random Effects 

σ2 608.03 

τ00 Participant 1692.42 

τ11 Participant.Time 2.73 

ρ01 Participant -0.30 

ICC 0.74 

N Participant 404 

Observations 12113 

Marginal R2 / Conditional R2 0.034 / 0.750 

Note. Statistical learning was evidenced by faster RTs for high-probability triplets compared to low-
probability ones (main effect of Triplet Type). Reaction times improved throughout the task (main effect 
of Time). The interaction between Triplet Type and Block indicated that statistical learning (the difference 
between high- and low-probability triplets) became more pronounced as the task progressed.There was a 
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statistically significant main effect of Perseverative Errors, indicating that more perseverative errors were 
associated with significantly slower reaction times. The absence of a significant interaction between Triplet 
Type and Perseverative Errors suggests that there is no antagonistic relationship between these factors. 

Table S9. LMM predicting blockwise mean accuracy, Related to Results 

Effect df F p 

Time 1, 400.22 56.95 < .001 

Triplet Type 1, 400.12 300.37 < .001 

OCI-R score 1, 399.97 0.17 .685 

Perseverative error 1, 400.06 5.89 .016 

Time × Triplet Type 1, 10898.47 33.1 < .001 

Time × OCI-R score 1, 400.10 0.25 .616 

Triplet Type × OCI-R score 1, 399.92 0.32 .571 

Time × Perseverative error 1, 400.38 3.99 .046 

Triplet Type × Perseverative error 1, 400.47 4.42 .036 

OCI-R score × Perseverative error 1, 400.01 0.88 .349 

Time × Triplet Type × OCI-R score 1, 10898.15 0.72 .395 

Time × Triplet Type × Perseverative error 1, 10898.93 0.05 .829 

Time × OCI-R score × Perseverative error 1, 400.21 0.45 .502 

Triplet Type × OCI-R score × Perseverative error 1, 400.15 4.92 .027 

Time × Triplet Type × OCI-R score × Perseverative 
error 

1, 10898.44 1.6 .207 

Note. The table summarizes all main effects and interactions. Degrees of freedom (df) correspond to 
Satterthwaite approximations. F = F-statistic; p = significance value. Statistically significant results (p < 
.05) are shown in bold. Significant main effects were followed up with post hoc comparisons: The main 
effect of Triplet Type was significant (b = 2.22, SE = 0.128, z = 17.331, p < .0001), indicating higher 
accuracy for high- than for low-probability triplets. Pairwise comparisons showed a significant High–Low 
difference (b = −5.89, SE = 0.452, z = −13.014, p < .0001). The High–Low accuracy difference increased 
across time blocks, with significant differences at Block5 (b = 1.75, SE = 0.152, 95% CI [1.45, 2.05]), 
Block10 (b = 2.54, SE = 0.139, 95% CI [2.26, 2.81]), and Block15 (b = 3.32, SE = 0.230, 95% CI [2.87, 
3.77]). Šidák-adjusted interaction contrasts indicated that the High–Low difference increased significantly 
across blocks (Block5–Block10: b = 0.784, SE = 0.136, z = −5.753, p < .0001; Block5–Block15: b = 1.568, 
SE = 0.273, z = −5.753, p < .0001; Block10–Block15: b = 0.784, SE = 0.136, z = −5.753, p < .0001). 
Perseverative error tendency showed a significant negative association with accuracy (trend estimate = 
−0.108, SE = 0.044, asymp. 95% CI [−0.195, −0.021]).Triplet Type * Perseverative error interaction 
demonstrated an antagonistic relationship between statistical learning and cognitive flexibility, with greater 
statistical learning linked to reduced cognitive flexibility (higher number of perseverative errors). (bLow 

Perseverative errors = 1.95, 95% CI =[1.59, 2.30]; bMean Perseverative errors  = 2.22, 95% CI =[1.97, 2.47]; bHigh Perseverative 

errors  = 2.50, 95% CI =[2.13, 2.86]).Triplet Type * Perseverative error * OCI-R score  (F(1, 400.15) = 4.92, 
p = .027) highlighted the modulating role of OC tendencies in the antagonistic relationship between 
statistical learning and cognitive flexibility (Figure. 4). The typical antagonistic relationship between 
cognitive flexibility and statistical learning, where poorer flexibility is associated with enhanced statistical 
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learning, was observed in individuals with lower and medium OC tendencies. Please note that, we used the 
OCI-R score as a continuous variable for all our analyses, for post-hoc analysis, we depicted results at lower 
OC tendencies (Mean OCI-R score - SD), medium OC tendencies (Mean OCI-R score) and higher OC 
tendencies (Mean OCI-R score + SD), based on standard deviations from the mean. For lower OC 
tendencies, statistical learning (High – Low difference) was smallest at a low number of perseverative errors 
(blow perseverative errors = 1.60, 95% CI [1.10, 2.11]), increased at mean perseverative errors (b Mean Perseverative errors 
= 2.15, 95% CI [1.79, 2.50]), and was largest at high perseverative errors (b High Perseverative errors = 2.69, 95% 
CI [2.16, 3.22]). For medium OC tendencies, the corresponding differences were bLow Perseverative errors = 1.95, 
95% CI [1.59, 2.30]; b Mean Perseverative errors = 2.22, 95% CI [1.97, 2.47]; and bHigh Perseverative errors = 2.50, 95% CI 
[2.13, 2.86]. However, this relationship weakened in individuals with high OC tendencies: b Low Perseverative 

errors = 2.29, 95% CI [1.76, 2.82]; bMean Perseverative errors = 2.30, 95% CI [1.93, 2.66]; and bHigh Perseverative errors = 
2.30, 95% CI [1.88, 2.73]. Overall, the difference between high and low triplet conditions increased with 
higher perseverative errors under lower OC tendencies but remained relatively stable when OC tendencies 
were high. With higher OC tendencies, statistical learning was not enhanced in individuals with poor 
cognitive flexibility; instead, learning remained at a modest level, regardless of their cognitive flexibility 
performance. 
 
 
Table S10. LMM predicting blockwise mean accuracy, Related to Results 

  Accuracy 

Terms b SE b 95% CI t df p 

(Intercept) 90.90 0.17 90.56 – 91.24 524.99 400.01 <0.001 

Time -0.14 0.02 -0.18 – -0.12 -7.57 400.22 <0.001 

Triplet Type [High] 1.11 0.06 0.99 – 1.2 17.33 400.12 <0.001 

OCI-R score -0.01 0.01 -0.04 – 0.02 -0.41 399.97 0.685 

Perseverative error -0.11 0.04 -0.2 – -0.02 -2.43 400.06 0.016 

Time × Triplet Type [High] 0.08 0.01 0.05 – 0.11 5.75 10898.47 <0.001 

Time × OCI-R score 0.00 0.00 -0.00 – 0.00 0.50 400.10 0.616 

Triplet Type [High] × OCI-R score 0.00 0.01 -0.01 – 0.01 0.57 399.92 0.571 

Time × Perseverative error -0.01 0.00 -0.02 – -0.00 -1.99 400.38 0.046 

Triplet Type [High] × Perseverative error 0.03 0.02 0.00 – 0.07 2.10 400.47 0.036 

OCI-R score × Perseverative error -0.00 0.00 -0.01 – 0.00 -0.94 400.01 0.349 

(Time × Triplet Type [High]) 
× OCI-R score 

-0.00 0.00 -0.00 – 0.00 -0.85 10898.15 0.395 

(Time × Triplet Type [High]) 
× Perseverative error 

-0.00 0.00 -0.01 – 0.01 -0.22 10898.93 0.829 

(Time × OCI-R score) × Perseverative error 0.00 0.00 -0.00 – 0.00 0.67 400.21 0.502 

(Triplet Type [High] × OCI-R score) × 
Perseverative error 

-0.00 0.00 -0.01 – -0.00 -2.22 400.15 0.027 

(Time × Triplet Type [High] 
× OCI-R score) × Perseverative error 

-0.00 0.00 -0.00 – 0.00 -1.26 10898.44 0.207 

Random Effects 

σ2 41.21 

τ00 Participant 10.52 
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τ11 Participant.Time 0.07 

τ11 Participant.Time.Triplet Type 0.26 

ρ01 -0.05 
 

-0.68 

ICC 0.23 

N Participant 404 

Observations 12113 

Marginal R2 / Conditional R2 0.036 / 0.255 

Note. Statistical learning was evidenced by higher accuracy for high-probability triplets compared to low-probability 
ones (main effect of Triplet Type). Accuracy declined over the course of the task (main effect of Time). The interaction 
between Triplet Type and Time indicated increasing statistical learning (the difference between high- and low-
probability triplets) as the task progressed.A statistically significant main effect of Perseverative Errors suggested that 
higher perseverative error rates were associated with lower response accuracy, accompanied by a decline in visuomotor 
performance as the task progressed. A significant Triplet Type and Perseverative Errors interaction indicated an 
antagonistic relationship between statistical learning and cognitive flexibility. The significant Triplet Type × 
Perseverative Errors × OCI-R score interaction revealed that OC tendencies modulate this antagonistic relationship. 
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