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Abstract 

In the field of cognitive neuroscience, key discoveries that form the foundation of introductory 

textbooks—such as the idea of brain localization—initially stemmed from N-of-1 studies. Notable 

examples include Phineas Gage, whose accident offered insights into brain function; H.M., who 

highlighted the important role of the hippocampus in memory; and the discovery of Broca's Area's 

involvement in language. As the field grew, neuroimaging techniques became essential for most studies 

that used experimental paradigms and statistical methods that averaged data across individuals. 

Although this approach has helped develop general theories about which brain regions or systems are 

involved in specific cognitive functions, it assumes that all humans process information in the same 

way—an assumption that may overlook the rich variety of human cognitive differences. 

Therefore, one of the primary challenges in modern cognitive neuroscience is to understand 

how brain mechanisms contribute to individual differences in human behavior. Evidence consistently 

shows significant variability between individuals in functional brain pathways, reflecting stable and 

meaningful neural fingerprints that are linked to behavior, personality traits, and vulnerability to 

psychiatric disorders. Building on this foundation, the current work employs multiple experimental 

and statistical methods, combining task-based and resting-state fMRI with machine learning, to 

investigate individual differences in memory (Study 1) and reward processing (Study 2). 

In the first study, I focused on interindividual variability in cortico-thalamic engagement 

impacting learning and memory in healthy individuals. I hypothesized that differences in thalamic 

recruitment within the frontoparietal networks influence memory performance and that thalamic 

activity could alter cortical configurations during resting states, aiding learning. I analyzed two 

independent groups of healthy adults (N1 = 29, N2 = 108) who underwent a multi-scan fMRI 

protocol, comprising a resting-state scan and an associative memory task. Through personalized 

mapping, structural equation modeling, and clustering of brain responses, I found that associative 

memory encoding relies on specific corticothalamic pathways, involving the recruitment of the medial 

thalamic subdivision and the suppression of the anterior one, to facilitate the successful encoding of 

new memories. 

Once this methodology was validated, I used a clustering algorithm in the second Study to 

translate the preclinical model of Sign-Tracker/Goal-Tracker (ST/GT) to humans, as it evidenced 

individual differences in cue- versus outcome-driven responses. I collected fMRI data from 1,203 

individuals across four cohorts of participants performing a monetary reward task (N1 = 890, N2 = 
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245, N3 = 34, N4 = 34). Clustering of reward-related BOLD activity consistently identified ST- and 

GT-like profiles, replicated across healthy cohorts with over 78% accuracy. I examined their 

relationship with responses to antipsychotics and psychopathology, finding that D₂ antagonists 

selectively reduced anticipatory striatal responses in ST but not GT. Finally, in a clinical cohort of 

schizophrenia patients, I observed that GT-like patients exhibited greater severity of negative 

symptoms, supporting a link between reduced ventral striatal activity and negative symptoms, and a 

positive correlation between D₂ receptor affinity and negative symptom severity. 

Together, these studies show that significant interindividual variability exists in brain function 

associated with behavior, thereby providing a potential translational framework for clinical 

applications and patient stratification. The methodological and conceptual framework created in this 

thesis provides the foundation for fMRI-based clinical predictions and more tailored treatments.
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Chapter 1 

1.1. General Introduction 

Individuals exhibit a variety of behaviors in response to environmental stimuli, thereby solving 

cognitive challenges in everyday life. For example,  fleeing from a building on fire is an adaptive 

behavior that sustains survival. A less tragic example may be found in the cognitive processes involved 

in the reading of the current thesis, including visual processing, lexical decoding, grammatical and 

semantic comprehension, working memory, long-term memory, meaning building, attention, and 

critical thinking evaluation. Indeed, behaviors have neural correlates, meaning that every action, 

thought, or emotion people experience has a physical and biological basis in the brain, reflecting the 

varying engagement of diverse brain circuits that often interact with each other. Neuroscience, 

particularly the cognitive branch, examines this relationship, analyzing how the different areas of the 

brain and their interactions influence the way we act, think, and feel. 

Previous research relying on group-average neuroimaging analyses in neuroscience has 

significantly advanced our understanding of core brain regions and canonical functional networks in 

different cognitive and affective domains (Cole et al., 2016; Biswal et al., 1995; Biswal et al., 2010; Fox 

et al., 2005; Yeo et al., 2011; Smith et al., 2009; Ranganath et al., 2003; Eichenbaum, Yonelinas & 

Ranganath, 2007; Knutson & Greer, 2008; Dolcos, Iordan & Dolcos, 2011; Crossley et al., 2013; 

Dosenbach et al., 2007). However, these approaches inherently assume homogeneity across 

individuals, potentially obscuring meaningful interindividual differences in neural organization and 

behavior (Seghier & Price, 2018; Gordon et al., 2017; Hermosillo et al., 2024; Du et al., 2024; Mattoni 

et al., 2025). By averaging brain patterns across subjects, group-level methods can mask idiosyncratic 

activation patterns, variable network configurations, and subject-specific strategies used during 

cognitive tasks. This limitation is particularly relevant when investigating complex cognitive and 
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affective processes that vary significantly between individuals, especially when considering the impact 

of potential impairments in these domains in clinical populations. 

1.1. Beyond average group brain: interindividual variability 

in neuroscience 

Over the past four decades, cognitive and affective neuroscience have witnessed significant 

advancements, thanks in part to neuroimaging, particularly functional magnetic resonance imaging 

(fMRI). This technique offers high spatial resolution and has become one of the preferred methods, 

alongside electroencephalography, for conducting in vivo neuroscience studies in humans. These 

studies are based on the blood-oxygen-level-dependent (BOLD) signal, which arises from increases in 

cerebral blood flow and local hemoglobin oxygenation in response to neuronal activity (Logothetis & 

Wandell, 2004), first studied by Seiji Ogawa (Ogawa et al., 1990). This method has widely been used 

in cognitive neuroscience to map brain activity associated with sensory, motor, language, memory, 

and emotional processing through task-based paradigms, providing insight into the neural substrates 

of these functions, with subsequent studies incorporating resting-state fMRI (rs-fMRI; Biswal et al., 

1995; Fox et al., 2014; Rosazza & Minati, 2011). During the resting state, the participant refrains from 

performing specific tasks and is instructed to stay still, with eyes either closed or open and fixating on 

a cross. This setup allows recording of spontaneous brain blood flow fluctuations that indirectly 

indicate neuronal activity (Logothetis et al., 2001). In fact, it is well known that the brain under normal 

physiological conditions—such as when at rest—is never idle but always remains neuro-electrically 

and metabolically active. Functional connectivity (FC) refers to the temporal coherence in activation 

patterns of anatomically separated brain regions, i.e., their synchronized activity over time (Friston et 

al., 1993; Friston, 1994; Van den Heuvel and Hulshoff Pol, 2010), and it can be studied during both 

the performance of active tasks, such as finger tapping or visual stimulation, as well as during resting 

state. The rs-fMRI approach has revolutionized the study of neural architecture, as it allows us to 
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study functional interaction between distributed brain regions independent of neurocognitive tasks, 

overcoming the task-based limitation of studying one process at a time (Cole et al. 2016, Passiatore et 

al., 2021), with experimental tasks that sometimes may be very simple and with little ecological validity. 

Recordings of spontaneous fluctuations in activation patterns during rest (Biswal et al., 1997; 

Greicius et al., 2003; Lowe et al., 2000) have been used to understand how the brain coordinates its 

various functions, leading to substantial progress in understanding human brain functioning and 

organization. Rs-fMRI shows moderate heritability (heritability estimates typically around 20-40%; 

Barber et al., 2021; Adhikari et al., 2018; Glahn et al. 2010; Yang et al. 2016; Ge et al. 2017) and may 

predict individual differences in behavior (Hampson et al. 2006; van den Heuvel et al. 2009; Finn et 

al. 2015; Smith et al. 2015), as it found its application in the study of a wide range of cognitive and 

behavioral processes, such as attention, memory, language, and emotions (Biswal et al., 1995; 1997; 

Cordes et al., 2000; Damoiseaux et al., 2006; Fox and Raichle, 2007; Greicius et al., 2003; Lowe et al., 

2000; Van den Heuvel and Hulshoff Pol, 2010). Consequently, rs-fMRI has been widely utilized to 

estimate population-average functional brain networks by averaging data across multiple subjects 

(Beckmann et al. 2005; Damoiseaux et al. 2006; Fox et al. 2006; Dosenbach et al. 2007; Margulies et 

al. 2007; Power et al. 2011; Yeo et al. 2011; Lee et al. 2012), such as the ‘default mode’ network (DMN). 

The DMN is particularly active during rest and preferentially activates when individuals focus on 

internal tasks such as daydreaming, envisioning the future, retrieving memories, and taking others’ 

perspectives (Raichle, 2015; Greicius et al., 2003; 2004). Moreover, rs-fMRI has increasingly emerged 

as a neuroimaging technique in clinical populations, as it is not demanding for participants, particularly 

those whose task execution may be challenging (Fox and Greicius, 2010). It has been used to identify 

unique patterns of FC in individuals, potentially predicting individual differences in cognitive abilities 

and clinical symptoms (Liu et al., 2018; Reineberg et al., 2015; Keller et al., 2023; Cole et al., 2011; 

Finn & Constable, 2016). For example, in patients with psychosis, it is possible to observe both a 
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disconnection (reduced connectivity) between brain regions that should be connected and 

hyperconnectivity (increased connectivity) between regions that normally should not be strongly 

connected (Li et al., 2019; Sapienza et al., 2023). 

Although the rs-fMRI approach offers valuable insights into brain organization, there are 

significant limitations in measuring FC with it (Fox et al., 2012). First, because participants are not 

performing a specific task, there is no clear measure of performance or validation that participants are 

in a particular cognitive and/or emotional state. Another limitation is the correlational nature of the 

data, which restricts the conclusions that can be drawn about the processes studied. Additionally, rs-

fMRI studies are susceptible to physiological noise, including heart rate, respiration, and motion-

related artifacts (Doubovikov & Aksenov, 2025; Buckner et al., 2013; Drew et al., 2020; Yoshikawa et 

al., 2020). Finally, the low signal-to-noise ratio in rs-fMRI, especially with short scan durations (Elliot 

et al., 2020), can affect reliability and limit the ability to identify FC associations with traits (Bennett 

& Miller, 2013; Marek et al., 2022; Choi & Ogawa, 2022). To overcome these limitations, integrating 

rs-fMRI and task-based analyses allows researchers to assess how individual brain regions and 

networks are functionally connected both at rest and during cognitive or motor tasks, providing an 

innovative understanding of the brain-behavior relationships and potential biomarkers for 

neurological and psychiatric conditions (Rabini et al., 2023; Passiatore et al., 2023; Harrewijn et al., 

2020; Lee & Shimony, 2013). For example, combining both approaches may help identify which 

networks are most relevant to specific tasks and how they contribute to task performance (Passiatore 

et al., 2021; Wagner et al., 2019). Combining both rest and task fMRI data has been used for studying 

group differences in FC between patients with schizophrenia (SCZ) and controls (Arbabshirani & 

Calhoun, 2011; Cetin et al., 2014), as well as for single-subject prediction (Rashid et al., 2016). 

Although combining the study of intrinsic brain networks with their engagement during 

specific tasks has the advantage of better understanding the brain-behavior relationship, this approach 
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still identifies group-level central tendencies that aim to generalize the findings across individuals, 

focusing on the evaluation of the group-average brain. Although the group-averaging approach has 

demonstrated many fundamental principles of functional brain organization, it obscures subject-

specific features. Additionally, a wealth of scientifically and clinically relevant information is often 

hidden and potentially invalidated by averaging data across subjects. In fact, two human brains are 

never identical. Detailed characterization of individual brains has so far been limited (Laumann et al., 

2015; Poldrack et al., 2015). 

Moreover, when different individuals are asked to perform the same task, they show markedly 

different patterns of brain activity. Often, interindividual variability in brain activity resulting from an 

experimental task is attributed to two primary factors. First, it may be due to differences in overall 

brain structure. The vast majority of brain imaging studies rely on the spatial alignment of different 

brains to a standard brain template (registration) to account for between-subject discrepancies in gross 

anatomy (Jenkinson & Smith, 2001). Second, in conventional neuroimaging studies, it is hypothesized 

that tasks are performed in a similar manner or via a single cognitive strategy (Hedge et al., 2018). 

However, it should be noted that many tasks are unconstrained, allowing subjects to adopt their own 

strategies, which in turn may involve different brain circuits or different engagement of the same brain 

circuits. These individual variations are seen in all behavioral domains (Besle et al., 2013; McNab & 

Klingberg, 2008; Mukai et al., 2007; Tom et al., 2007; Wig et al., 2008). 

This variability is often treated as ‘noise’ and discarded through the process of averaging 

individual responses to find central tendencies, i.e., mean and median (Kanai et al., 2011). Importantly, 

it is thought that such individual differences are mainly explained by unstable factors such as task 

strategy or compliance related to the behavior (Tavor et al., 2016). 

Figure I.1 offers a visual representation of the problem of averaging individual activation maps 

that vary in their characteristics (Thirion et al., 2007) when subjects adopt different strategies. The 
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resulting average in this toy example depicts a hybrid image that differs from that encoded in each of 

the original images. This average image contains a multitude of false negatives (where features vary 

between images) and false positives (where feature combinations create new features). 

 

Figure I. 1 Averaging images with variable features. Figure from Seghier & Price, 2018. 

The importance of treating variance as meaningful data rather than noise has started to be 

recognized by the neuroimaging community, facing the challenges of adapting and rethinking the most 

widely used analysis software packages originally built to provide estimates of group effects, such as 

Statistical Parametric Mapping (SPM) version 12 (http://www.fil.ion.ucl.ac.uk/spm), FSL 

(https://fsl.fmrib.ox.ac.uk/fsl/docs/#/), Analysis of Functional NeuroImages (AFNI, 

https://afni.nimh.nih.gov/), and CONN Toolbox (https://web.conn-toolbox.org/), which have 

progressively incorporated features for subject-level modeling, reliability assessment, and 

individualized connectivity analysis (https://www.statsinimaging.org/software_neuro/). 

 

 

http://www.fil.ion.ucl.ac.uk/spm
https://fsl.fmrib.ox.ac.uk/fsl/docs/#/
https://afni.nimh.nih.gov/
https://web.conn-toolbox.org/
https://www.statsinimaging.org/software_neuro/
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1.2. Neuroimaging-based individualized approaches: a 

promise for translational neuroscience 

The following paragraph will examine some precision functional mapping techniques, including 

personalized brain networks and stratification methods, which have been developed as an alternative 

to using group-level atlases. These techniques are used to derive individually defined networks that 

capture each unique pattern of brain functional topography (Gordon et al., 2017; Keller et al., 2023). 

By spatially registering and combining small amounts of data from many individuals using 

univariate analytical techniques, neuroscientists have been able to develop theories and identify 

common trends of both task-based (Sylvester et al., 2003; Rugg and Vilberg, 2013, Wang, Smith & 

Delgrado, 2016) and resting-state activity (Beckmann et al., 2005, Power et al., 2011, Smith et al., 

2009, Yeo et al., 2011), either detecting brain features showing significant group differences between 

healthy controls (HC) and patients with brain disorders using statistical inferences, or establishing the 

brain-behavior relationship using correlational analysis (Sui et al., 2020). However, most neuroimaging 

findings from published studies are not easily translated into practical tools. Partly because of a lack 

of out-of-sample validation, group-level inferences often overfit both the signal and noise in a 

particular dataset. Therefore, the generalizability of such group-level findings to new individuals is still 

unknown (Arbabshirani et al., 2017). Additionally, traditional univariate research concentrates on 

explaining the neural basis of observed behavior rather than predicting future behavior from 

neuroimaging signatures (Gao, Calhoun, & Sui, 2018). Prediction is a crucial step toward a translational 

neuroscience era (Yarkoni & Westfall, 2017). 

 Although population-average networks provided important insights into the functional 

organization of the human brain (Buckner et al. 2013; Wig 2017), neural pathways vary between 

individuals, and population-average networks might obscure individual-specific network organizations 

(Beckmann et al. 2009; Bellec et al. 2010; Hacker et al. 2013; Wig et al. 2014; Chong et al. 2017).  
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One of the most promising directions in this domain has been the development of 

personalized brain networks, which are constructed by estimating functional or structural connectivity 

at the individual level rather than relying on group templates. Such personalized functional brain 

networks have been found to be highly stable within individuals and to predict an individual’s spatial 

pattern of activation on fMRI tasks (Gordon et al., 2017; Glasser et al., 2016; Tavor et al., 2016; Cui 

et al., 2022). Numerous studies have demonstrated that individual-specific network topography (i.e., 

location and spatial arrangement) is behaviorally relevant. For instance, Kong and colleagues (2018) 

demonstrated that the spatial topography of individual brain networks can serve as a universal 

fingerprint of human behavior across cognition, personality, and emotion. In a recent study, Keller et 

al. (2023) found that functional network topography heterogeneity in 9–10-year-old children is 

associated with individual differences in cognition before the transition into adolescence. Moreover, 

Rasero et al. (2021) demonstrated that individual differences in brain structure and function 

significantly improve the prediction of cognitive traits, suggesting that interindividual variability 

reflects meaningful neurobiological mechanisms rather than random noise. The variability in the 

topography of functional brain networks, particularly in the associative cortex, is also implicated in a 

broad range of psychiatric disorders (Cui et al., 2022). 

An approach in personalized translational neuroscience is stratifying individuals by 

neurobiological features, identifying subgroups with similar brain patterns using imaging data like FC 

or task activity to differentiate or predict clinical outcomes. Numerous neuroimaging studies have 

shown significant differences in brain patterns between subjects who relied upon different cognitive 

strategies during the execution of the same task despite similar behavioral performances (Miller et al., 

2018; Miller et al., 2002; Sanfratello et al., 2014; Speer et al., 2003; Seghier & Price, 2009; Kherif et al., 

2009; Mattoni et al., 2025). For instance, Miller et al. (2012) found that individual differences in 

cognitive style and encoding strategy were significant factors in explaining variability in individual 
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patterns of brain activity during a memory retrieval task. The greater the differences were in 

individuals' visualizations of word stimuli, the greater the differences were in their brain activity 

patterns across the brain. 

The stratification of healthy individuals is especially important for establishing a baseline to 

understand how the brain functions in healthy people and to shed light on its significance in clinical 

conditions (Owen et al., 2014; Marquand et al., 2016). Indeed, an increasing number of studies used 

data-driven methods to stratify many disorders, including SCZ, bipolar disorder, major depression, 

Huntington’s disease, Alzheimer’s diseases (Khan et al., 2022), attention-deficit/hyperactivity disorder 

(ADHD), and autism based on many types of data, including symptoms, neuropsychologic scores, 

and neuroimaging measures (Polosecki et al., 2020; Cheng et al., 2013;  Warren et al., 2024; Karalunas 

et al., 2014; Brodersen et al., 2014; Fair et al., 2012; gates et al., 2014; Dias et al., 2015; Van Loo et al., 

2012; Pattyn et al., 2015; Sacco et al., 2012; Wang et al., 2020). For instance, Ma et al. (2025) analyzed 

a large sample of multimodal data, including genetic, environmental, neuroimaging, and symptom data, 

and discovered a caudate pathway linking the environmental stress to the psychotic symptoms in a 

subgroup characterized by smaller putamen, but not when SCZ was considered as a whole group. 

Their findings underscore the significance of neuroimaging-based stratification in enhancing the 

identification of mediators of gene-by-environment interactions in the etiology of SCZ (Ma et al., 

2025).  

Neuroimaging-based subtyping is increasingly used to explain the high phenotypic and neural 

heterogeneity underlying psychiatric disorders (Zhang et al., 2023; Ma et al., 2025; Vaskinn et al., 2020; 

Wolfers et al., 2018; Carroll & Owen, 2009). A recent study by Shao et al. (2022) identified 

neurobiological features between cognitive subtypes in the early course of SCZ using latent profile 

analysis and the amplitude of low-frequency fluctuations to measure brain spontaneous neural activity. 

Their results suggested that differences in the spontaneous neural activity of the precentral gyrus 
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(PreCG) and posterior cingulate cortex/precuneus (PCC/PCu) might be the potential neurobiological 

features of the cognitive subtypes in the early course of SCZ, which may deepen our understanding 

of the role of those brain areas in the pathogenesis of cognitive impairment in SCZ. 

To summarize, this section has outlined how precision functional mapping and neuroimaging-

based stratification serve as powerful alternatives to standard group-level atlases. By characterizing 

unique functional topographies and identifying biologically meaningful subgroups, these methods 

provide a robust framework to uncover biologically meaningful subtypes that may respond differently 

to treatment or exhibit distinct cognitive profiles (Marquand et al., 2016; Owen et al., 2014; Schumann 

et al., 2014; Zhang et al., 2023; Chand et al., 2020; Shao et al., 2022; Wen et al., 2025; Brucar et al., 

2023). 

1.3. Methodological Approaches to Studying Interindividual 

Variability in Neuroimaging 

Explaining and predicting individual behavioral differences in brain patterns induced by clinical and 

social factors is one of the most promising applications of neuroimaging. In recent years, the use of 

traditional univariate brain mapping techniques for biomarker discovery has been replaced by 

multivariate predictive models for individuals (Woo et al., 2017). The large amount of data and the 

multidimensional nature of the phenomena have driven the need for approaches such as machine 

learning (ML) and artificial intelligence (AI) to systematically investigate interindividual variability in 

neuroimaging data. Unlike conventional approaches, ML–based methods can establish integrated 

brain models by considering the multivariate nature of diverse brain function or structure 

measurements across the entire brain (Kambeitz et al., 2015), thereby raising the opportunity to 

analyze neuroimaging data at the single-subject level (Osuch et al., 2018). In line with Breiman (2001) 

and Arlot & Celisse (2010), the model that extracts patterns is known as a training algorithm, and the 

pattern it extracts is referred to as a prediction model. 
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Supervised learning has been successful for predicting diagnosis or outcome from 

neuroimaging data in research settings (Orru et al., 2012; Wolfers et al., 2015; Klöppel et al., 2012) but 

is fundamentally limited by the quality of the clinical labels and the heterogeneity within disease 

cohorts (Wolfers et al., 2015) and cannot, by definition, inform on the validity of the labels. Therefore, 

there has been an emerging trend in using regression-based ML approaches to discover individual 

differences in cognitive functioning or disease severity from brain imaging data: that is, the 

individualized prediction of human behaviors (Finn et al., 2015). Instead of determining group 

membership through binary classification, behavior prediction may consider the problem of 

quantitatively estimating the specific scores for a continuous behavioral measure over the whole range 

of the variable (Shen et al., 2017). Given the high-dimensional nature of neuroimaging data, these 

approaches are commonly accompanied by a feature selection step to obtain low-dimensional 

representations (Bermingham et al., 2015). 

Typically, predictive modeling of FC is one approach that combines simple linear regression 

and feature selection to predict individual differences in traits and behavior from connectivity data 

(Finn et al., 2015; Shen et al., 2017; Rosenberg et al., 2016). This procedure has several advantages, 

including straightforward interpretation, fast computation, and robust generalization, and it has been 

successfully employed for predicting multiple human behaviors (Rosenberg et al., 2016; Greene et al., 

2018; Lake et al., 2019; Hsu et al., 2018). For instance, Finn et al. (2015), by using Human Connectome 

Project data from 126 subjects, each scanned during six separate sessions over 2 days, demonstrated 

that intrinsic FC architecture of individuals act as a ‘fingerprint’ that can accurately identify subjects 

from a large group, and that is both reliable enough across sessions and distinct enough from that of 

other individuals to identify him or her from the group regardless of how the brain is engaged during 

imaging. Furthermore, they demonstrated the relevance of these connectivity profiles to behavior by 

showing, through a fully cross-validated analysis, that FC profiles can predict the core cognitive trait 
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of fluid intelligence in individuals. Finn and colleagues (2015) laid the groundwork for studying 

neuroscience by examining how personal functional brain organization connects to various behavioral 

phenotypes. 

When studying brain-behavior relationships, one limitation to consider is that there is often 

no direct causal relationship between a predictor and the outcome. Instead, it may very well depend 

on factors such as environmental, biological, psychological, or social elements. Building on regression 

frameworks, mediation models are particularly valuable in neuroimaging because they enable the 

identification of neural pathways that may underlie behavioral or clinical phenomena, thus 

investigating the mechanisms through which individual differences exert their effects. Specifically, 

structural equation modeling (SEM) analyzes complex relationships between multiple observed and 

unobserved (latent) variables simultaneously estimating a system of linked regression equations to 

assess how well a proposed model, such as a mediation model, fits the data (Gunzler et al., 2013). For 

instance, mediation models have been used to demonstrate that the effect of early-life stress on 

emotional regulation is mediated by amygdala reactivity and prefrontal connectivity (Guadagno et al., 

2021). Modern implementations of mediation analysis often incorporate bootstrapping techniques to 

enhance statistical robustness, particularly in neuroimaging datasets where sample sizes are limited and 

data dimensionality is high. Moreover, serial and parallel mediation models allow for the exploration 

of more complex causal chains, providing a nuanced understanding of how multiple brain regions 

interact to mediate psychological processes. 

So far, regression models have assumed that the dependent variable is given, which is the case 

in supervised ML techniques. If the dependent variable cannot (easily) be defined and measured, 

unsupervised learning, including clustering and dimensionality reduction techniques (e.g., principal 

component analysis, PCA), may provide some insight (Janssen et al., 2018). Particularly, clustering 

algorithms group individuals based on similarities in their neuroimaging profiles, such as patterns of 
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FC, regional activation, or multimodal features. This technique is particularly useful for identifying 

subtypes within heterogeneous populations, such as patients with psychiatric or neurological disorders, 

or for uncovering distinct cognitive strategies among healthy individuals. For instance, in a recent 

study, Nakuci and colleagues (2025) identified distinct and stable clusters in the leveraged trial-to-trial 

fluctuations of the brain-wide fMRI signal across three perceptual decision-making experiments using 

modularity-maximization, a data-driven classification method. Their results suggest that the same task 

can be accomplished in the presence of widely varying brain activation patterns. 

Moreover, the application of ML to neuroimaging data in healthy populations has paved the 

way for applying these methods to psychiatric disorders. For instance, clustering has been successfully 

applied to stratify individuals with autism spectrum disorder based on connectivity patterns (Buch et 

al., 2024), to identify subgroups of depression with distinct neural signatures (Wang et al., 2021), and 

to differentiate learning styles in reinforcement learning tasks (Alkam et al., 2025; Sarakam, 2025). 

Recently, Schnack et al. (2019) reviewed the possible contributions that ML techniques could make to 

explore the heterogeneous nature of psychiatric disorders with a focus on SCZ. Dickinson et al. (2017) 

applied a 2-step clustering algorithm to divide a large sample of SCZ patients (N = 549) into “deficit”, 

“distress”, and “low symptom” subgroups, based on two composite scores of a clinical scale, i.e., 

PANSS. The patients in the “deficit” and “distress” groups showed both shared and distinct deviations 

in clinical and behavioral variables when compared to the “low symptom” group. A subset (N = 182) 

of the patients underwent fMRI scanning with the N-back working memory paradigm. The “deficit” 

subgroup showed a different activation profile than the two other groups, indicating a possible 

different etiology. Clustering techniques have been applied to subtype a large sample of patients across 

the psychosis spectrum (SCZ, schizoaffective, bipolar with psychosis), their relatives, and controls 

(Clementz et al., 2016; Dwyer et al., 2017).  
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The recent ML applications in neuroimaging-based single-subject prediction of brain disorders 

represent an important advance toward the development of biomarkers for psychiatric diseases and 

the stratification of heterogeneous populations to find different subtypes of individuals. Nevertheless, 

these studies present some important limitations that should be carefully considered. For example, 

most studies rely on relatively small samples, which, combined with publication bias—i.e., reporting 

the model with the highest accuracy in the training dataset—may result in overly optimistic estimates 

of generalization accuracy (Varoquaux, 2018; Mendelson et al., 2017). Typically, when testing the 

model’s best generalizability in an independent test sample, a drop in accuracy occurs. Moreover, it is 

unknown whether the models can maintain high accuracy when applied to brain images acquired using 

different scanners and in different populations. Therefore, these studies need to be validated in 

external datasets to test the generalizability of the prediction models. In their review, Janssen and 

colleagues (2018) reported that only three studies (Drysdale et al., 2017; Koutsouleris et al., 2015; 

Koutsouleris et al., 2018) used independent test samples (or holdout test subjects from the training 

sample), including one multicenter study that applied leave-site-out CV (Koutsouleris et al., 2018). 

In summary, studying interindividual variability in neuroscience will be essential for 

determining whether differences in brain organization are related to behavior, depend on disease, or 

are incidental (Gordon et al., 2017). Advanced analysis of fMRI data, along with ML implementation, 

offers a powerful framework for capturing complex and high-dimensional patterns in data, enabling 

researchers to identify individual “brain fingerprints”, such as the frontoparietal network (Finn 2015), 

and predict behavioral traits or cognitive profiles from neuroimaging data (Rosenberg et al., 2016; 

Scheinost et al., 2019). This change of perspective is essential for identifying distinct brain 

configurations, which are reflected in different cognitive strategies that support behavior in real-life 

contexts. 

 



15 

 

1.4. Two case studies in cognitive neuroscience examining 

interindividual variability: memory and reward processing 

To explore the potential of neuroimaging individualized approaches, this Ph.D. thesis examines 

interindividual variability in the brain-behavior relationship across two interconnected yet distinct 

cognitive functions that support the ability of individuals to learn and respond to external stimuli, 

namely memory and reward processing. These domains provide context for validating the shift from 

population-based averages to individual-specific characterizations, as they involve complex networks 

that differ significantly in both healthy and clinical populations. The following sections provide a 

descriptive overview of the specific mechanisms examined within these domains. 

1.4.1. Memory systems in cognitive neuroscience 

Memory encompasses multiple systems, including declarative (explicit) and non-declarative (implicit) 

memory (Tulving, 1972; Squire & Zola, 1996; Squire, 1992). Declarative memory refers to memories 

that can be consciously accessed, such as facts (semantic memory) and events (episodic memory), 

while non-declarative memory includes skills, priming, and conditioning, which often operate outside 

of conscious awareness and rely on different brain structures (Squire, 2004). 

In human memory research, the discovery of multiple memory systems came from two major 

breakthroughs in the study of patients with pervasive, “global” amnesia. Perhaps the best-known case 

is that of patient H.M., who underwent bilateral resection of the hippocampus and adjacent medial 

temporal lobe (MTL) structures, resulting in profound anterograde amnesia (Scoville & Milner, 1957). 

This patient had the MTL area removed to alleviate his severe epileptic attacks. H.M. consequently 

suffered a nearly complete loss of the ability to form new permanent memories, and this impairment 

extended to all categories of learning materials. Yet, the early studies also showed that a few exceptions 

to the otherwise global deficit were apparent. H.M. was able to learn new motor skills (Corkin, 1968), 
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and he showed a facilitation of perceptual identification resulting from prior exposure to objects or 

words (an effect that later came to be understood as reflective of a preserved ‘priming’; Warrington & 

Weiskrantz, 1968). 

The second breakthrough came in 1980 when Cohen and Squire proposed that these 

‘exceptions’ to amnesia were examples from a large domain of preserved learning capacities in amnesia. 

Their conclusion was based on the observation of complete preservation of the acquisition and 

retention of a perceptual skill (reading mirror-reversed words) in amnesic patients. These patients 

displayed fully intact skilled performance, yet they were significantly impaired in recognizing the 

specific words they were trained on and in recalling their training experiences. Cohen and Squire 

argued for the existence of functionally distinct memory systems: a procedural memory system 

dedicated to the tuning and modification of brain circuits that support skilled performance, and a 

declarative memory system that supports the encoding, storage, and retrieval on demand of memories 

for specific facts and events. These functionally distinct memory systems were tied to separate brain 

systems, with declarative memory seen as critically dependent on the MTL structures damaged in 

amnesia. Procedural memory was viewed as supported by several distinct brain systems specialized 

for particular types of skilled performance (Ferbinteanu, 2019; Eichenbaum & Cohen, 2008). 

Over the decades, the original framework has been expanded through neuroimaging, 

electrophysiological studies, and computational research. Eichenbaum (2010) proposed that each 

memory system involves the cerebral cortex, particularly the perceptual and motor processing regions 

and the cortical association areas, which project to cortical regions (Figure I.2). The cerebral cortex 

thus provides major inputs to each of the three main pathways of processing related to distinct 

memory functions. First, there is a cortical-hippocampal circuit via the parahippocampal region, 

supporting declarative memory. The primary output of hippocampal and parahippocampal processing 

returns to the same cortical areas that provided input to the hippocampus, suggesting that the 



17 

 

hippocampus’s role is to influence the persistence and organization of cortical representations. Second, 

procedural memory subsystems involve a cortical-striatal circuit that mediates habit formation and a 

parallel pathway that mediates different aspects of sensorimotor adaptations, which utilize sensory and 

motor pathways through the cerebellum. Lastly, the other major system involves the amygdala as a 

nodal stage in the association of exteroceptive sensory inputs to emotional outputs effected via the 

hypothalamic-pituitary axis and autonomic nervous system, as well as emotional influences over 

widespread brain areas (Eichenbaum, 2010, 2017). The putative involvement of this pathway in such 

processing functions has led many to consider this system as specialized for “emotional memory”. 

 

Figure I. 2 A schematic diagram of three prominent memory systems of the brain. The origins of major 
inputs to each of these systems involve widespread areas of the neocortex, and in particular, the association 
areas. Outputs of these cortical areas via three main routes. One route is through the parahippocampal region 
and into the hippocampus. The main outputs of hippocampal and parahippocampal processing are back to the 
same cortical areas that provide the main inputs. These pathways mediate declarative memory. Another route 
involves projections into two main subsystems via the striatum and cerebellum that mediate different aspects 
of procedural memory. These pathways involve both projections back to the cortex and outputs to brainstem 
motor nuclei. The third main route from the cortex is to the amygdala. The outputs of the amygdala project in 
several directions to hormonal and autonomic systems. This system mediates the expression of emotional 
memories. Amygdala outputs also return to the cortex and to the other memory systems to modulate the 
consolidation of other types of memory processing. Figure from Eichenbaum, 2010 
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1.4.2. The reward system in humans: anticipation and 

outcome phases 

Individuals exhibit marked differences in their responses to cues that predict rewarding outcomes. 

Preclinical models in rodents have focused on observable behavior using Pavlovian conditioning 

paradigms to explore the reward system, identifying two distinct behavioral phenotypes: Sign-Trackers 

(ST), who assign salience to the reward-predictive cues (i.e., the lever) and approach and interact with 

it, and Goal-Trackers (GT), who focus on the reward itself (i.e., food; Boakes, 1977; Hearst & Jenkins, 

1974). Several pharmacological and optogenetic studies demonstrated that the ST behavior is 

dependent on striatal dopamine (DA), as intra-accumbens injection of a DA antagonist substance 

significantly altered sign-tracking behavior, but not goal-tracking (Darvas et al., 2014; Saunders & 

Robinson, 2012; Saunders & Robinson, 2012; Flagel et al., 2011; Iglesias et al., 2023). However, in 

real-world contexts, humans primarily interact with cues and stimuli that already carry reward 

associations (Versace et al., 2016)—whether acquired through direct experience, well-established 

learning, or explicit instructions—rather than relying solely on newly formed associations. 

Over the past 20 years, neuroimaging has significantly contributed to understanding the neural 

basis of reward processing in humans, primarily using the Monetary Incentive Delay (MID) task 

(Knutson et al., 2000), which is considered a robust measure of incentive motivation (Knutson & 

Greer, 2008; Knutson et al., 2000). This instrumental-reward task is inspired by literature on Pavlovian 

conditioning (Pavlov, 1927) and DA (Shultz, 1998), aligning with recent theories of reward processing 

(Berridge, 2007; 2009; Berridge & Kringelbach, 2015). In fact, the primary advantage of using this task 

is that it has distinct phases, namely anticipation and outcome, with separable activation patterns. For 

instance, the first stage during cue presentation, i.e., the anticipation phase, may be modeled as a 

“wanting” phase (e.g., the lever presentation in the Pavlovian paradigm), eliciting motivation, and it 

should evoke robust activation in striatal regions through projections from the DA-rich ventral 
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tegmental area (VTA). Conversely, when modeling the outcome phase (e.g., the food receipt in Pavlovian 

conditioning), one would expect less activation of the ventral striatum (VStr) in response to reward, 

as only ~ 10% of neurons in the nucleus accumbens (NAc) facilitate pleasure. 

Researchers have conducted meta-analyses of the MID task mostly using the ‘Reward vs. 

Neutral’ contrasts encompassing both phases, identifying similar patterns of neural activity in healthy 

adults (Jauhar et al., 2021; Knutson & Greer, 2008; Oldham et al., 2018; Wilson et al., 2018; Chen et 

al., 2022). These studies have shown activation of a frontostriatal-thalamic network, including bilateral 

anterior insula, striatum, thalamus, supplementary motor area (SMA), and precentral gyrus during the 

anticipation phase, while medial orbitofrontal cortex (OFC), ventromedial prefrontal cortex (vmPFC), 

dorsal anterior cingulate cortex (ACC), and occipital cortex were recruited during outcome (Chen et 

al 2022, Oldham et al 2018; Wilson et al., 2018). 

Delineating the neural correlates of these component processes has facilitated empirical 

research on dysfunctional approach and avoidance in psychopathology, mapping functional 

differences in clinical populations (Whitton et al., 2015). For example, as compared to the control 

group, patients with major depressive disorder showed lower activation in the VStr during outcome 

(Carl et al., 2016; Whitton et al., 2015). Instead, patients with SCZ (compared to controls) exhibited 

hypoactivation in the VStr, ACC, median cingulate cortex, amygdala, precentral gyrus, and superior 

temporal gyrus during the presentation of a reward-indicating cue (Zeng et al., 2022; Juckel et al., 2006; 

Strauss et al., 2014). 

These findings, based on group-average contrasts, have greatly influenced our understanding 

of reward processing and dysfunction across both normal and abnormal conditions. However, they 

assume a level of neural uniformity that may ignore significant variability between individuals in how 

rewards are processed. 
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1.5. Research proposal 

In this thesis, I present the application of a multi-level pipeline to cognitive neuroscience problems, 

integrating neuroimaging, especially task-based and rs-fMRI, and machine learning algorithms to 

investigate the functional architecture of the brain. 

My goal is to understand the brain functioning underlying the multiplicity of individual 

behaviors, moving beyond traditional group-level analyses, which often obscure meaningful 

differences between subjects through a “one-size-fits-all” approach assuming a homogenous 

functional anatomy of the brain (Laumann et al., 2015; Power et al., 2011; Seghier, M.L. and C.J. Price, 

2018; Hermosillo, 2024), and instead treat interindividual variability—differences in cognitive 

performance, emotional responses, learning strategies, neural architecture, and FC—as a source of 

potentially valuable information into cognitive diversity, behavioral traits, and clinical heterogeneity 

(Dubois & Adolphs, 2016; Kanai & Rees, 2011). 

I built my work on developing analytical models on HC to be applied to clinical populations 

presenting behavioral alterations in such cognitive domains, such as SCZ. Indeed, the expected impact 

is to validate and provide a novel methodology by using individualized approaches with fMRI in 

combination with unsupervised machine learning techniques, such as clustering. To do so, I conducted 

two case studies across different cognitive domains, specifically memory (Study 1) and reward 

processing (Study 2), to demonstrate the main hypothesis that different individuals utilize their brains 

differently. These studies provide the foundation for clinical predictions using fMRI and for 

developing more personalized treatment approaches. 

Chapter 2 focuses on interindividual variability related to memory and learning in two 

independent samples of HC through a multi-scan fMRI experiment, encompassing both resting-state 

and memory task performance. Here, I hypothesized that brain resources may be differentially 

recruited within subgroups of individuals, underlying variability in memory performance. Specifically, 
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I tested whether interindividual differences in learning are contingent upon frontoparietal network 

configurations mediated by thalamic activity. First, I investigated the hypothesis that individual-level 

analytical approaches may gain greater predictive power of individual performances, by analyzing 

interindividual variability in thalamic recruitment before, during, and after memory encoding using a 

native individual-space approach, and by comparing it with group-level analyses using normalized 

individual FC maps. Second, I hypothesized differential involvement of thalamic subdivisions across 

memory phases. Thus, the use of an individualized approach may provide a better understanding of 

how thalamic task activity influences cortical configurations during the resting state, thereby 

supporting learning. To investigate the relationships between the individual associative memory 

performance and the individual-level cortico-thalamic recruitment across baseline resting-state FC, the 

activity during the encoding and the retrieval phases, serial path analyses within an SEM framework 

were implemented. Finally, to test the hypothesis that individuals could be grouped based on specific 

brain functional patterns that contribute to successful (or unsuccessful) information retention, I 

implemented an unsupervised ML algorithm, i.e., k-means clustering, that allows the stratification of 

individuals, by including the individual task-related activity during i) the encoding and ii) the retrieval 

phases during the associative memory task. 

Furthermore, Chapter 3 examines inter-individual differences in reward processing across four 

independent cohorts, analyzing brain activity patterns during a reward task using fMRI. Building on 

the preclinical Sign-Tracker/Goal-Tracker (ST/GT) animal model (Flagel et al., 2007, 2009)—recently 

translated in humans (Schad et al., 2020; Colaizzi et al., 2023)—the core hypothesis is that different 

individuals may show distinct brain activations during two separate phases of a reward task, namely 

anticipation and outcome, offering a stratification model of reward processing. To test this hypothesis, 

I first applied a clustering algorithm in the three independent cohorts of healthy individuals, ensuring 

the generalizability of the model. Then, I applied the model to a fourth cohort that included patients 
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with SCZ and patients at their first episode of psychosis (FEP), assuming that, despite the expected 

overall attenuation in ventral striatal activation—at least partly due to antipsychotic treatment 

(Hawkins et al., 2021; Hawkins et al., 2018; Radua et al., 2015; Pessiglione et al., 2006)—meaningful 

variability between individuals in cue- versus outcome-driven neural responses similar to imaging 

profiles could still be detected. Furthermore, to determine whether sustained incentive value 

attribution to reward-anticipation cues differentiates individuals, I also leveraged the large numbers of 

trials per condition in the replication dataset to conduct a trial-by-trial analysis of ventral-striatal 

responses. In preclinical models, intra-accumbens injection of a DA antagonist substance significantly 

altered sign-tracking behavior, but not goal-tracking (Saunders & Robinson, 2012; Flagel et al., 2011; 

Iglesias et al., 2023), showing that only sign-tracking behavior depends on striatal DA. Once the 

imaging phenotypes have been reliably identified, linear-mixed effects models have been applied in a 

third independent cohort of healthy adults with a double-blind, placebo-controlled, crossover design 

to test the hypothesis that reward-related clusters of individuals may predict differential responses to 

dopaminergic agents. This cue-driven, DA-sensitive behavior provides a mechanistic parallel to the 

hypothesis of aberrant salience in psychosis, where dysregulated DA signaling leads to inappropriate 

attribution of significance to otherwise neutral cues. Thus, in the clinical cohort of SCZ and FEP, I 

hypothesized that these neurocognitive phenotypes have predictive utility in stratifying patients by 

examining their associations with current antipsychotic treatment type and psychopathological profiles. 

Studying the neurobehavioral processes that differ among individuals may help in stratifying 

individuals based on their brain functioning, with the potential to bridge the gap between inferential 

statistics and precision psychiatry. An integrative approach exploiting the potential of machine 

learning on the in vivo measurement of the brain functioning may advance our understanding of 

neuropathological processes in clinical conditions, enabling more effective targeted treatments. 
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Chapter 2 

Study 1: Interindividual variability in memory 

processes is related to cortico-thalamic 

networks during memory encoding and 

retrieval 

The content of this chapter has been published as: Interindividual Variability In Memory 

Performance Is Related To Cortico-Thalamic Networks During Memory Encoding And 

Retrieval. The Journal of Neuroscience, 2025;45(19). DOI: 10.1523/JNEUROSCI.0975-24.2025.2.1  

2.1. Introduction 

Every person is unique in their learning process and related brain functional organization. Learning is 

the process by which an individual acquires new knowledge, which, by definition, depends on the 

ability to store and retrieve that knowledge through memory. 

Memory, one of the most extensively studied cognitive processes in psychology and 

neuroscience, is a crucial cognitive function for environmental adaptation, enabling organisms to 

survive and thrive in favorable conditions while avoiding adverse ones. It is specifically defined as the 

process involved in the acquisition, storage, and retrieval of information (Squire, 2009; Zlotnik and 

Vansintjan, 2019). Memory formation transforms transient representations into durable engrams 

(Dudai, 2004; Squire et al., 2015) and typically involve three fundamental stages: (1) encoding, which 

refers to the initial registration and integration of incoming information; (2) storage, the process of 

maintaining information over time; and (3) retrieval, the ability to access stored information when 

needed (Shettleworth et al., 2009; Anderson, 2013). 
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Memory serves as the foundation for learning by enabling the retention of information within 

the brain (Ghosh & Gilboa, 2014). Learning, in turn, involves acquiring new information that changes 

behavior and memory. It is central to the formation of associations necessary for adaptive behavior 

(Anderson, 2000).  

Over the past several decades, group-average studies have played a foundational role in 

advancing our understanding of the neural architecture of memory. Using fMRI and lesion-based 

approaches, these studies have consistently highlighted the MTL—particularly the hippocampus—as 

a central hub for episodic memory encoding and retrieval (Squire et al., 2004; Nadel & Moscovitch, 

1997). Additionally, prefrontal cortex (PFC) activity has been linked to strategic retrieval and working 

memory processes (Cabeza et al., 2002), while posterior parietal cortex engagement has been 

associated with attentional control during retrieval (Wagner et al., 2005). Neuroimaging studies 

contrasting patients with amnesia or Alzheimer’s disease and HC have been especially influential in 

mapping deficits in memory-related networks, demonstrating widespread reductions in MTL 

activation and cortical connectivity in pathological populations (Schacter et al., 1996; Buckner et al., 

2005). These group-level studies provided reproducible, population-wide inferences about the 

functional roles of specific brain regions in memory, helping to establish a canonical memory network. 

In recent years, individual-level approaches have gained increased traction, demonstrating that 

memory processes are shaped by unique patterns of brain activity and connectivity that may be 

obscured by group-averaged analyses (Mueller et al., 2013; Finn et al., 2015). These studies emphasize 

that functional brain organization varies markedly across individuals and that such variability correlates 

with differences in memory performance, strategies, and brain-behavior coupling. These approaches 

leverage within-subject analyses, individualized functional mapping, and native-space connectivity to 

more effectively capture the unique neural configurations that support episodic memory (Braga et al., 

2019; Gordon et al., 2020). Unlike traditional models that emphasize shared neural responses, this line 
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of research has shown that FC networks—especially those involving the MTL, PFC, and thalamus—

exhibit stable, trait-like variability across individuals and are predictive of memory ability (Gordon et 

al., 2021; Gordon et al., 2017; Seitzman et al., 2019; Greene et al., 2020; Van Buuren et al., 2019; 

Gratton et al., 2020). For example, recent findings indicate that early-stage FC changes occur at the 

system level following a learning experience and are associated with individual variation in memory 

performance (Passiatore et al., 2021). Recent developments in precision fMRI techniques have 

revealed that these differences are not simply noise, but rather reflect distinct functional 

architectures—or “connectome fingerprints”—that are behaviorally meaningful and reproducible 

across sessions (Finn, 2015; Laumann et al., 2021; Lynch et al., 2021). Furthermore, studies employing 

individualized functional parcellation have found that person-specific connectivity patterns provide 

better explanatory power for memory performance than population-based atlases (Dworetsky et al., 

2021; Kong et al., 2019). 

These insights are particularly relevant for memory research, where individual differences in 

strategy, motivation, and attention can shape both the neural substrates of memory encoding and the 

consolidation processes. These findings challenge the assumption of homogenous brain organization 

and underscore the value of precision neuroscience approaches that respect interindividual differences 

(Dubois & Adolphs, 2016; Seghier & Price, 2018). 

Collectively, these findings underscore the need to move beyond group-level inference to 

understand how individual brains support memory processes, providing a more nuanced and 

personalized understanding of cognitive function. 

2.1.1. The role of MTL in memory 

The MTL is not a single, uniform structure; rather, it is a complex network comprising the 

hippocampus, entorhinal cortex, perirhinal cortex, and parahippocampal cortex. Each of these 
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components contributes differently to various aspects of memory. The hippocampus is thought to 

support the binding of items and contextual information, making it crucial for relational and spatial 

memory (Eichenbaum et al., 2007; Davachi, 2006). The perirhinal cortex has been linked to familiarity-

based recognition, while the parahippocampal cortex is more involved in processing contextual or 

spatial information (Ranganath & Ritchey, 2012). 

Memory consolidation and storage over time are key focuses in the study of memory 

neuroscience. The traditional standard model of systems consolidation suggests that memories are 

initially stored in the MTL, especially the hippocampus, and slowly become stabilized in distributed 

neocortical regions over time (Frankland & Bontempi, 2005; Squire & Alvarez, 1995). This model 

suggests that the hippocampus plays a time-limited role in memory retrieval: as consolidation proceeds, 

the neocortex can support retrieval independently of the MTL. However, this account has been 

challenged by alternative models, such as the multiple trace theory (MTT) and transformation theory, 

which argue that the hippocampus continues to be involved in retrieving richly detailed, episodic 

memories even after long periods (Nadel & Moscovitch, 1997; Winocur & Moscovitch, 2011). 

According to the MTT, each reactivation of a memory creates a new trace in the hippocampus, 

strengthening the memory but not rendering it independent of hippocampal involvement. 

Transformation theory, in contrast, proposes that over time, episodic memories may be transformed 

into schematic or semantic representations that rely more on cortical networks. A large number of 

human neuroimaging studies have found that the hippocampus is involved in binding separate 

episodic elements into cohesive units (Henke et al., 1997; Eichenbaum, 2004; Tubridy & Davachi, 

2011). 

Recent neuroimaging studies have supported the idea that the neocortex is actively involved 

in memory encoding and retrieval even at early stages. For instance, work by Brodt et al. (2018), which 

utilized fMRI and behavioral paradigms, demonstrated that learning can induce rapid systems-level 
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consolidation in cortical regions, such as the posterior parietal cortex, thereby challenging the 

traditional view of slow consolidation dependent on hippocampal reactivation.  

Similarly, evidence from simultaneous hippocampal and neocortical recordings in rodents has 

disclosed bidirectional communication during memory encoding and retrieval (Yadav et al., 2022), 

suggesting a more dynamic and distributed model of memory networks. Functionally, memory 

processing depends not only on local computations within the MTL, but also on interactions with 

broader cortical and subcortical networks. For example, the PFC has been implicated in strategic 

aspects of memory, such as encoding strategies, retrieval monitoring, and suppression of irrelevant 

information (Simons & Spiers, 2003; Blumenfeld & Ranganath, 2007). Overall, memory processing in 

neuroscience is increasingly understood as a dynamic and distributed phenomenon, involving 

reciprocal interactions between the MTL, cortical, and subcortical structures, such as the amygdala, 

basal ganglia, thalamus, and cerebellum (Tan et al., 2025). 

2.1.2. Thalamic involvement in memory 

The thalamus is increasingly recognized for actively regulating information transmission to cortical 

regions (Sherman, 2016; Nakajima and Halassa, 2017; Pergola et al., 2018; Nakajima et al., 2019), 

affecting behavioral performance (Bradfield et al., 2013a; 2013b; Jankowski et al., 2013; Mitchell and 

Chakraborty, 2013), far beyond its classical role as a passive relay station for sensory information. 

2.1.2.1. Functional architecture of the thalamus 

The thalamus is comprised of numerous nuclei, some of which have multiple cytoarchitectonic 

subdivisions. Connections and projections of these subdivisions are primarily established within the 

boundaries of particular cortical fields (Jones, 2007). Thalamic nuclei are not interconnected, with the 

exception of the reticular thalamic nucleus (RTN), which is reciprocally linked with all other nuclei. 

Thus, the thalamo-cortical pathways remain largely segregated. Consistently, neurologic patients with 
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thalamic lesions exhibit regional-specific loss of cognitive functions (reviewed by Carlesimo et al., 

2011; Carrera and Bogousslavsky, 2006; Schmahmann, 2003; Van der Werf et al., 2003b). Furthermore, 

thalamo-cortical pathways are usually confined to a single hemisphere, except for those encompassing 

the midline nuclei and the RTN (Barbas et al., 2013; Ray and Price, 1993). In particular, prefrontal and 

temporal regions are important areas for the crosstalk between the thalamus and the cortex, which is 

critical for high cognitive functions. The anatomical basis of the thalamic-PFC network includes the 

mediodorsal nucleus (MD), which is the main nucleus projecting to the PFC (Barbas et al., 2013; Klein 

et al., 2010; Taber et al., 2004), along with the anterior nucleus (AN), the lateral dorsal nucleus (LD). 

These nuclei have intimate interconnections with cortical and subcortical areas (Figure II.1).  

 

Figure II. 1 Functional architecture of the medial dorsal, anterior and lateral dorsal nuclei of the 
thalamus. The principal cortical and subcortical connections of the medial dorsal (orange), anterior (blue) and 
lateral dorsal (pink) nuclei of the thalamus. Reciprocal connections are indicated by color-coded circles. 
Afferents are indicated by color-coded triangles. The approximate location of fibers of passage are indicated by 
open symbols. Each thalamic nucleus is filled with the appropriate color on the left side of brain slices. 
Subdivisions and usual abbreviations for each nucleus are summarized in the circuit diagram. Some anatomic 
structures are labeled for orientation. Figure from Taber et al., 2004. 

First, the MD nucleus has major reciprocal connections with the orbital, medial prefrontal, 

lateral prefrontal, and ACC regions (Yeterian & Pandya, 1988; Vogt, Pandya, & Rosene, 1987; Powell, 

1973). Reciprocal connections with SMA and parietal cortices, as well as the frontal eye fields, have 

also been reported (Yeterian & Pandya, 1988; Vogt, Pandya & Rosene, 1987; Goldman‐Rakic & 

Porrino, 1985). The amygdala, substantia nigra, and cerebellum also project to MD (Ilinsky et al., 1985; 

Russchen, Amaral & Price, 1987; Ray & Price, 1993; Aggleton & Mishkin, 1984). These connections 
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and the effects of injury to this region indicate a role in memory, mood, motivation, and the 

sleep/waking cycle. The MD comprises sub-components with different connectivity patterns (Barbas 

et al., 2013; Mitchell and Chakraborty, 2013; Pergola et al., 2012). The medial magnocellular portion 

receives afferents from the vmPFC and the MTL, and projects to the vmPFC and OFC (Aggleton, 

2012). The lateral parvocellular portion, instead, is reciprocally connected to the dorsolateral PFC, 

which is also its major source of input (Byne et al., 2009; Mitchell and Chakraborty, 2013). The 

intralaminar nuclei project diffusely to the PFC, primarily to the striatum (Barbas et al., 1991; Preuss 

& Goldman-Rakic, 1987; Sadikot, Parent, & Francois, 1992). Similar to the magnocellular MD, the 

medial pulvinar (Pul) is connected to the PFC, temporal, and parietal cortices. The MD and the Pul, 

therefore, are nodes of a network of associative regions – “the seventh layer of the cortex” (LaBerge, 

1997; Sherman and Guillery, 2011). 

Second, the AN nucleus has major reciprocal connections with anterior and posterior cingulate 

cortices and the subiculum-presubiculum portion of the hippocampal complex (Yakovlev et al, 1960; 

Vogt, Pandya, and Rosene, 1987; Powell, 1973; Goldman-Rakic and Porrino, 1985; Bachevalier et al., 

1997). Lesser connections with the orbital frontal, dorsolateral prefrontal, and parietal cortices have 

also been reported (Yeterian and Pandya, 1988; Goldman-Rakic and Porrino, 1985; Selemon & 

Goldman-Rakic, 1988; Cavada et al., 2000). AN also receives major input from the mamillary complex 

(Veazey et al., 1982; Bentivoglio et al., 1993). It may also receive a projection from the septal nuclei 

(Powell, 1973; Hreib et al., 1988). These connections and the effects of injury to this region indicate a 

role in memory, modulation of the sleep/waking cycle, and directed attention. 

Third, the LD nucleus has major reciprocal connections with posterior cingulate and parietal 

cortices as well as the subiculum-presubiculum and entorhinal cortex portions of the hippocampal 

complex (Bentivoglio et al., 1993; Yeterian and Pandya, 1988; Vogt, Pandya, and Rosene, 1987; 

Selemon et al., 1988; Vogt, Rosene, and Pandya, 1979; Shibata and Yukie, 2003). It may also receive a 
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projection from the septal nuclei (Hreib, Rosene, and Moss, 1988; Powell, 1973). A role in integrating 

motivation and/or attention with sensory processes has been suggested (Yeterian & Pandya, 1988).  

Beyond enhanced local cortical connectivity, thalamic circuits may also enhance connectivity 

across cortical areas (Zhou, Schafer, and Desimone, 2016; Saalman et al., 2012). The thalamus is 

globally connected with distributed cortical regions, and most thalamic subdivisions display network 

properties that can integrate multimodal information across diverse cortical functional networks 

(Hwang et al., 2017). Hence, at least three thalamic systems can be dissociated on the basis of their 

connectivity patterns: the medial thalamus connected to the MTL and the vmPFC (Mitchell & 

Dalrymple-Alford, 2005); the parvocellular MD, reciprocally connected to the dorsolateral PFC; and 

a lateral thalamic system (Lopez, Wolff, & Lecourtier, 2009; Mitchell & Dalrymple-Alford, 2005) 

connected to the striatum and diffusely to the PFC (Figure II.2). 

Far from considering the thalamus as a passive relay station of information from sensory 

organs or subcortical structures to the cortex, it has become a critical hub region that could integrate 

diverse information being processed throughout the cerebral cortex, as well as maintain the modular 

structure of cortical functional networks (Hwang et al., 2017; Nakajima and Halassa, 2017). 
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Figure II. 2 Thalamo-cortical connectivity. Left panel: spatial arrangements of the AT, MT, MDpc, and 
LT. The section is 6.3 mm superior to the intercommissural plane. Modified from Morel (2007). Right panel: 
Patterns of connectivity of the groups of nuclei described. Dashed arrows indicate diffuse projections. 
Abbreviations: AM, anteromedial nucleus; AV, anteroventral nucleus; CeM, centromedial nucleus; CL, 
centrolateral nucleus; LT, lateral thalamus; MDmc, magnocellular mediodorsal nucleus; MDpc, parvocellular 
mediodorsal nucleus; MDpl, paralamellar mediodorsal nucleus; MT, medial thalamus; MTL, medial temporal 
lobe; mtt, mammillothalamic tract; PFC, prefrontal cortex; Pv, paraventricular nucleus. Figure from Pergola et 
al., 2012. 

2.1.2.2. Thalamic connections supporting memory 

The functional architecture of thalamic involvement in cognition mirrors the patterns of anatomical 

and functional connectivity of its subdivisions with cortical and subcortical brain regions (Antonucci 

et al., 2021). The diverse cytoarchitecture of thalamic nuclei implies that different thalamic nuclei may 

specialize in distinct cognitive domains, while others serve multiple cognitive processes. Although 

previous investigations hinted at thalamic subdivisions’ specificity for cognitive processes (Child and 

Benarroch, 2013; Funahashi, 2013; Jankowski et al., 2013; Lakatos et al., 2016; Marchand et al., 2014; 

Mitchell, 2015; Parnaudeau et al., 2018; Pergola et al., 2018; Saalmann, 2014), they have all focused on 

investigating one thalamic subdivision at a time, or one cognitive process at a time. Hwang et al. (2017) 

demonstrated how thalamic subdivisions are differentially involved in several brain functional 
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networks related to cognition, although without explicitly mapping the brain correlates of segregated 

domains. 

Yet, it has been a challenge to localize function to thalamic structures because of two issues. 

First, highly localized thalamic lesions leading to specific clinical pathologies are uncommon. Second, 

imaging technologies have only recently acquired sufficient resolution to differentiate these structures 

from one another (Ji et al., 2019). For this reason, several neuroimaging studies have aggregated 

thalamic nuclei into thalamic subdivisions based on the adjacency between nuclei and the similarity of 

their connectivity patterns (Barbas et al., 2013; Pergola et al., 2012; Roy et al., 2022) to test hypotheses 

about the cognitive domain specificity of thalamocortical networks (Herrero et al., 2002; Antonucci 

et al., 2019,  2016; Wolff and Halassa, 2024). For example, one parceling considered the AT, MD, Pul, 

intralaminar nuclei, geniculate nuclei, ventral anterior region, and ventral lateral nucleus, assuming a 

relative functional cognitive independence between these subdivisions (Pergola et al., 2017; Di Carlo 

et al., 2020). In a recent meta-analysis, Antonucci et al. (2021) proposed a model that describes how 

thalamic subdivisions may differentially subserve neuropsychological domains. They showed that their 

parceling results only partially support the hypothesis of a thalamic subdivision cognitive specificity 

(Figures II.3 and II.4). 
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Figure II. 3 Contribution of each thalamic subdivision to each co-activation map. The percentage of 
overlap between each thalamic cluster and the seven specific thalamic subdivisions are weighted by the total 
size of subdivisions in the Thalamus Atlas (Krauth et al., 2010). Thalamic parceling is depicted only for seed-
based maps based on at least four studies. Figure from Antonucci et al., 2021.  
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Figure II. 4 Spatial distribution of cognitive domain representation in thalamic subdivisions. Specific 
and flexible left (panel A) and right (panel B) thalamic contribution of nuclei with mean above 50 % of nuclei 
size. Abbreviations: AT = Anterior/Midline Nuclei; ILN = Intralaminar Nuclei; MD = Medio-Dorsal Nuclei; 
PUL = Pulvinar; VA = Ventral Anterior Nuclei. Figure from Antonucci et al., 2021.  

Given that an individual cortical region receives inputs from multiple thalamic structures, 

Nakajima & Halassa (2017) suggest a model in which different thalamic inputs shift the connectivity 

weights within a cortical region, allowing it to shift between processing and sustaining locally generated 

categorical representation and participating in distributed categorical processing across multiple 

cortical nodes (Figure II.5). Testing this framework has undoubtedly expanded the understanding not 

only of thalamic function, but of cognition more broadly. 
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Figure II. 5 Thalamic control of functional cortical connectivity. The classical model reflects the idea of 
information relay from the LGN, which is shared by other sensory systems (green), and extended to account 
for thalamic nuclei that receive driving inputs from the cortex rather than subcortical or sensory inputs. The 
new model suggests that many of these circuits operate to enhance connectivity within a cortical region (e.g., 
blue), or across different cortical areas (e.g., orange). In these scenarios, thalamic inputs do not necessarily drive 
spiking (do not dictate cortical spike times), but rather enhance how spike times are generated in response to 
specific inputs (either local or from area A, B, C, etc.). A particular connectivity pattern reflects a directed arousal 
state, as defined in this review. Such states can encompass multiple cortical nodes and utilize multiple thalamic 
amplifiers (e.g., directed state 3), depending on the complexity of the associated cognitive process. Figure from 
Nakajima & Halassa, 2017. 

Growing interest in this fascinating structure is bolstered by consistent evidence from both 

animal and human studies, demonstrating that the connectivity pattern of the medial thalamus with 

the MTL and the PFC suggests a pivotal role of this brain region in memory. Particularly, specific 

thalamic nuclei are crucial for episodic memory function (Aggleton et al., 2011; Mitchell & 

Chakraborty, 2013), such as the AN (Aggleton & Brown, 1999; Mitchell & Dalrymple-Alford, 2005; 

see Aggleton et al., 2010 for a review), MD (Aggleton & Brown, 1999), and the intralaminar and the 

midline nuclei (Vertes, Hoover, Do Valle, Sherman, & Rodriguez, 2006; Vertes, 2006).  

The AT has been associated with episodic memory processes (Jankowski et al., 2013; Stillova 

et al., 2015; Mitchell and Dalrymple-Alford, 2005), which in turn appears also involved in executive 

processing (Pergola et al., 2018; Van der Werf et al., 2003), decision making (Mitchell, 2015), and 

attention control (Antonucci et al., 2016). MRI studies have highlighted the role of the AN and MD 

nuclei of the thalamus in episodic memory processing, playing distinct roles during encoding and 
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retrieval (Pergola et al., 2012; Pergola et al., 2013a; Pergola and Suchan, 2013; Danet et al., 2015). Yet, 

the contributions of these nuclei to episodic memory appear quite different (Mitchell and Chakraborty, 

2013). The AN, connected to the hippocampus and the retrosplenial cortex, is the primary thalamic 

hub for recognition mediated by recall and is involved in spatial memory (Aggleton et al., 2011). It is 

debated whether the role of the anterior nuclei prevails during retrieval or encoding (Aggleton and 

Brown, 1999; Pergola and Suchan, 2013; Geier, 2023). Damage to the AN has been associated with 

profound amnesia in both clinical and experimental settings, further underscoring its role in memory 

consolidation and recall (Danet et al., 2015; Segobin & Pitel, 2021). In contrast, the MD maintains 

strong bidirectional connections with the PFC and perirhinal areas and is thought to contribute 

primarily to the encoding and strategic organization of episodic memories (Blumenfeld et al., 2011; 

Pergola & Suchan, 2013). Functional neuroimaging studies have demonstrated that the activity of the 

MD nucleus is particularly relevant for tasks that require memory-guided decision-making and 

contextual integration (Pergola et al., 2012; Wagner et al., 2019). Since the AN and MD nuclei do not 

communicate directly with each other but are independently connected to cortical and subcortical 

regions (Acsády, 2022), they likely belong to distinct functional circuits (Wolff et al., 2015; Halassa 

and Sherman, 2019). 

Altogether, these findings point to a need to reconceptualize the thalamus as playing a central 

role in the neural architecture of memory. Its function appears to be pivotal in supporting both the 

encoding of new information and the retrieval of stored content by modulating cortico-cortical 

communication in a state- and task-dependent manner. Given that FC patterns involving the thalamus 

vary significantly between individuals (Mueller et al., 2013; Gordon & Nelson, 2021), a deeper 

investigation of cortico-thalamic circuits may provide critical insights into the neural basis of 

interindividual differences in memory performance—a key objective of the current research.  
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2.1.3. A multi-session approach to study corticothalamic 

functional connectivity 

The relevance of the thalamus in memory processing is further evidenced by studies using resting-

state and task-based fMRI paradigms, which have demonstrated that thalamic FC with cortical 

regions—such as the PFC, parietal lobe, and medial temporal structures—predicts memory 

performance across individuals (Halassa & Sherman, 2019; Antonucci et al., 2021). Crucially, this 

connectivity is not static but dynamically reconfigures in response to task demands and cognitive state, 

suggesting a flexible role for the thalamus in coordinating distributed memory networks (Mitchell, 

2015; Passiatore et al., 2021). 

Although there are no direct structural connections between the MD thalamus and 

hippocampus (Vertes, 2006), it is thought to contribute to memory via an extrahippocampal circuit 

(Ketz et al., 2015). The thalamus, along with other brain regions, i.e., parahippocampal gyrus and 

the PFC, communicates with the hippocampus for the encoding of new memories (Pergola & Suchan, 

2013), particularly, its connections underlie post-encoding memory processing. Thus, investigating FC 

between episodic memory regions shortly after encoding offers an opportunity to study the early stage 

of memory traces in the human brain. 

As the nucleus reuniens appears to be involved in durable memory formation during encoding 

and consolidation in rodents, Wagner et al. (2019) hypothesized a similar role for the corresponding 

medioventral thalamus in humans. Overall, along with the medioventral thalamus, the AN, LD, and 

MD thalamus appear to be relevant for memory processing, particularly in encoding. Using a multi-

session fMRI experiment, they investigated how these four thalamic regions contribute to different 

aspects of durable memory formation in humans. Human subjects underwent fMRI while intentionally 

encoding picture-location associations (Wagner et al., 2016). 
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Figure II. 6 Study timeline. Subjects studied 192 unique picture-location associations and were tested for 
their immediate memory (immediate test, day 1) during two study-rest-test cycles (schematically indicated with 
dashed arrows), and during a delayed memory test 48 h later (delayed test, day 3). Subjects were scanned during 
an initial baseline resting-state period, as well as during resting-state periods after the study phase of each of the 
two cycles (post-encoding rest). Figure from Wagner et al., 2019. 

 Neural activity related to consolidation was assessed during resting-state periods following the 

encoding task, and compared to the baseline resting-state activity acquired before the task. To capture 

durable memories, study material was tested on the same day and 48 hours later. While “weak” 

memories could only be remembered at the immediate test, “durable” memories also persisted after 

48 h. A depiction of the study timeline is shown in Figure II.6, adapted from Wagner et al. (2019).  

Due to the small size of the medioventral thalamus, they combined it with the adjacent central 

medial nucleus to form an enlarged region and referred to it as the medioventral thalamus. Thalamic 

regions-of-interest (ROIs) are represented in Figure II.7. Wagner and colleagues (2019) found an 

increased coupling of the medioventral-, adjacent anterior-, lateral dorsal-, and mediodorsal thalamus 

with the hippocampus and surrounding MTL, as well as with anterior and posterior midline regions 

related to durable memory encoding. The medioventral and LD thalamus showed increased 

connectivity with posterior medial and parietal cortex from baseline to post-encoding rest, positively 

scaling with the proportion of durable memories formed across subjects. Additionally, the LD 

thalamus proved consolidation-related coupling with the inferior temporal, retrosplenial, and medial 

PFC. This multi-session fMRI paradigm suggests that thalamo-cortical crosstalk strengthens 
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mnemonic representations at initial encoding, and that cortical coupling of specific thalamic 

subregions supports consolidation thereafter.  

 

Figure II. 7 Thalamic regions-of-interest. The medioventral thalamus (blue), anterior thalamus (cyan), 
lateral dorsal thalamus (red), and mediodorsal thalamus (yellow). Slices for all figures are based on a mean 
structural scan. The magnified image (right part) shows the inset as marked on the sagittal brain slice. The lower 
part shows 3D-renderings of the four thalamic regions. Figure from Wagner et al., 2019. 

Using a similar multi-session fMRI design that included a memory task interposed between 

two resting-state scans, a recent study of our group investigated how learning influences short-term 

changes in brain network configuration and how these changes relate to individual differences in 

episodic memory (Passiatore et al., 2021). They found that while the configuration within executive, 

default mode, and cerebellar circuits remained stable across sessions, the visual circuit showed post-

learning reconfiguration. Notably, this change was modulated by memory performance: individuals 

with higher recall scores exhibited an FC pattern of MTL and PFC with the visual circuit, as well as 

thalamic FC within the executive control system, suggesting a performance-dependent adaptation of 

visual and memory-related circuits. Importantly, thalamic connectivity within the executive control 

network varied as a function of individual performance, showing a negative association with memory 
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ability during baseline and a positive one post-encoding. This suggests a dynamic, phase-specific 

involvement of the thalamus in supporting cortical integration and cognitive updating during memory 

processing—consistent with prior models of thalamic regulation of prefrontal activity (Antonucci et 

al., 2021; Halassa & Sherman, 2019; Pergola et al., 2018). These findings align with those of Wagner 

et al. (2019), who observed performance-related coupling between thalamic subdivisions, PFC, MTL, 

and parietal regions, supporting the view that thalamic-cortical crosstalk contributes to long-term 

memory stabilization. Despite these promising insights, the study was conducted on a relatively small 

sample and lacked external replication. 

2.1.4. Hypothesis and aim of the study 

Building on this knowledge, the current study aimed to expand the previous research questions by 

Passiatore et al. (2021) by investigating interindividual variability in corticothalamic contributions to 

memory. We complemented the previously published cohort by using a larger, independent sample 

and a native-space analysis approach that permits fine-grained functional segmentation of thalamic 

subdivisions. 

As outlined in the General Introduction, the main hypothesis is that different individuals may 

recruit distinct neural resources that support their learning abilities. Specifically, we used a multi-scan 

fMRI experiment to test the hypothesis that interindividual differences in learning are contingent upon 

frontoparietal network configurations mediated by thalamic activity. Particularly, we aimed to analyze 

interindividual variability in thalamic recruitment before, during, and after memory encoding using an 

individualized spatial approach. 

Firstly, we hypothesized that individual-level analytical approaches could yield greater 

predictive power for individual memory performances compared to group-level analysis. By 

comparing the two approaches, we aimed to further explore interindividual differences in the 
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recruitment of thalamic subdivisions related to memory, avoiding information loss caused by averaged 

group-level analysis. Secondly, we hypothesized that individuals employ distinct neural configurations 

before completing a memory task to support their individual performance in an associative memory 

task. We also proposed that thalamic activity during the task may influence cortical configurations 

during resting-state, thereby aiding learning. Specifically, we aimed to investigate the relationships 

between individual memory performance and cortico-thalamic recruitment at the individual level 

across the rs-fMRI scan, as well as activity during the encoding and retrieval phases of the memory 

fMRI task. 

Finally, we hypothesized that diverse cortico-thalamic circuits recruited by different individuals 

may underlie variability in memory performance. We aimed to stratify individuals based on their 

activity during memory encoding and retrieval, highlighting different thalamocortical profiles that 

support memory performance. 

This study emphasizes the use of an individualized approach, which prioritizes inter-individual 

variability rather than seeking commonalities across individuals by averaging participant data. 

Understanding the distinct roles of thalamic nuclei in episodic memory holds significance also for 

clinical populations, such as SCZ, in which memory processes and thalamic connectivity are impaired. 
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2.2. Materials and Methods 

2.2.1. Participants 

A total of 184 healthy adults were recruited for an fMRI experiment at the Ruhr University Bochum 

(RUB) and the University of Bari Aldo Moro (UNIBA).  

RUB. We enrolled 36 healthy adults in the high-resolution multi-scan fMRI study, which was 

approved by the Faculty of Medicine Ethics Committee of Ruhr-Universität Bochum. In accordance 

with the Declaration of Helsinki, all participants provided written informed consent prior to their 

participation. All participants had normal or corrected-to-normal vision. Vision correction during MRI 

was achieved via contact lenses or MRI-compatible glasses. No individual had a history of drug or 

alcohol abuse within the last six months, head trauma with loss of consciousness, or any clinically 

relevant medical condition. For each participant, handedness was assessed through the Edinburgh 

Handedness Inventory (Oldfield, 1971). One ambidextrous participant was excluded to reduce 

heterogeneity for laterality (Ferrucci et al., 2013). Five participants did not complete the protocol due 

to technical failures during data collection, and one more was excluded because of data artifacts and 

excessive head motion during acquisition. Excessive motion was assessed using framewise 

displacement (FD), i.e., the displacement of one frame relative to the previous, with subjects excluded 

if mean FD>0.5 within a given scan (Power et al., 2012; Power et al., 2014). A total of 29 participants 

were included in the final sample for the resting-state analysis (mean age ± SD = 26 ± 3 years; range 

19-33 years; gender ratio, m:f = 10:19; mean handedness ± SD = 0.89 ± 0.11). We further excluded 

two participants who did not complete the task fMRI, including 27 participants in the sample for the 

task activity analysis (mean age ± SD = 25 ± 3 years; range 19-32 years; gender ratio, m:f = 8:19; mean 

handedness ± SD = 0.9 ± 0.12).  
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UNIBA. We recruited an independent sample of 148 healthy adults for the multi-scan fMRI 

study, which was approved by the institutional Ethics Committee of the University of Bari Aldo Moro. 

All participants gave written informed consent before participating and underwent the same screening 

for inclusion as RUB participants. Five participants were excluded due to data artifacts, four were 

excluded for technical failure during data collection, twenty-two participants were excluded for 

excessive motion during the rs-fMRI acquisition, and nine more were excluded because of low 

performance on the associative memory task (see Behavioral Analysis). A total of 108 participants 

were included in the final sample for the resting-state analysis (mean age ±SD = 28±8 years; range 

18-61 years; gender ratio, m:f = 56:52; mean handedness ± SD = 0.63 ± 0.41; mean intellective 

quotient ± SD = 106.6 ± 9.73 measured through the Wechsler Adult Intelligence Scale-Revised 

(Wechsler, 1981); mean education ± SD = 17.31 ± 2.3 measured through the Hollingshead Four 

Factor Index of Socioeconomic Status (Hollingshead and Frederick, 1964)). We further excluded four 

participants due to data artifacts and three more because of excessive motion in at least one of the 

task fMRI scans (mean FD > 0.5 mm). The final UNIBA sample for the task activity analysis included 

101 participants (mean age ±SD = 27±8 years; range 18-59 years; gender ratio, m:f = 49:52; mean 

handedness ± SD = 0.64 ± 0.4; mean intellective quotient ± SD = 106.5 ± 9.71; mean education ± 

SD = 17.24 ± 2.25). 

2.2.2. Experimental Design 

The multi-scan fMRI procedure in the two samples consisted of (i) a baseline resting-state scan and 

(ii) the performance of an associative memory task (Figure II.8A-B), encompassing encoding and 

retrieval phases. In RUB, (iii) a second resting-state scan, i.e., post-encoding, was also collected 

(Tambini et al., 2010; Wagner et al., 2019; Passiatore et al., 2021).  
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Figure II. 8 The multi-scan fMRI experiment. Diagrams illustrate the experimental procedure for the (A) 
RUB and (B) UNIBA samples. 

RUB. During each 8-minute resting-state scan, participants were instructed to remain awake with their 

eyes open and fixate on the crosshair in the center of a black screen (Greicius et al., 2003; Damoiseaux 

et al., 2006). The event-related memory task was structured into 4 runs, each composed of a picture-

pair association encoding phase followed by a delay and a retrieval phase (Figure II.9A). The whole 

scan for the associative memory task lasted approximately 30 minutes, with each run lasting 7 minutes 

and 30 seconds, including a total of 2 minutes and 20 seconds for the encoding, 1 minute and 40 

seconds for the delay, and 3 minutes for the retrieval phase as described in Passiatore et al. (2021).  

During the encoding phase, 20 picture-pairs per run (80 picture-pairs in total) were presented 

simultaneously on the screen for 2500 ms. Each picture was selected from the FRIDa dataset (Foroni 

et al., 2013), representing an object. Each pair consisted of one object on the left and one on the right, 

with their positions randomized across participants. Participants were instructed to study the 

association between the picture pairs and indicate which object in each pair was larger or smaller in 
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reality. Responses were made using two separate button pads (“Left” or “Right”). To ensure a 

balanced left-right orientation of the stimuli, participants identified the larger object in half of the trials 

and the smaller object in the other half of the trials. This approach facilitated equal attention to both 

objects in the pair while maintaining consistency in task demands. Interleaved with the encoding trials, 

we included control stimuli consisting of 6 pairs per run (24 pairs in total) of two-digit numbers located 

at the center of visually scrambled picture-pairs with a duration of 2500 ms. To match the motor 

demands of the “Larger/Smaller” trials, participants performed an “Even/Odd” judgment, 

responding with two separate button pads (“Left” and “Right” responses). At the beginning of each 

run, instructions randomly indicated whether the participant should identify the position of the “Even” 

or “Odd” number. These control trials served to reset the BOLD signal in the MTL to baseline while 

enhancing task-related activity (Stark and Squire, 2001).  

During the delay, 10 novel picture-pairs per run (40 picture-pairs in total) were presented for 

2500 ms while participants performed the same “larger/smaller” judgment task but were explicitly 

instructed not to memorize the associations. The picture-pairs presented during the delay were used 

to interfere with the previously studied pictures (Marini et al., 2017). Interleaved with the delay trials, 

we included control stimuli consisting of three pairs per run (12 pairs in total) of two-digit numbers, 

located at the center of visually scrambled picture pairs, with a duration of 2500 ms. As for the 

encoding phase, participants were instructed to identify the position of the “Even” or “Odd” number.  

During retrieval, participants performed an “Old/New” object recognition task involving 30 

single pictures per run (120 pictures in total), each presented for 2000 ms. Of these, 20 objects per 

run (80 in total) were studied during the encoding phase. The remaining 10 pictures per run (40 in 

total) were entirely novel. Participants were presented with two text boxes labeled "Old" and "New," 

corresponding to "Left" or "Right" responses. Interleaved with the retrieval trials, we included control 

stimuli consisting of 6 pairs per run (24-pairs in total) of two-digit numbers located at the center of 
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visually scrambled picture-pairs with a duration of 2500 ms. As for the encoding and the delay phase, 

participants were instructed to identify the position of the “Even” or “Odd” number.  

Stimuli were presented via a back-projection system, and behavioral responses were recorded 

through an optic fiber response box to measure the hits (the count of correct responses) and reaction 

time (RT, measured in ms) for each trial. The experiment was performed using Presentation® software 

(Version 23.0, Neurobehavioral Systems, Inc., Berkeley, CA, www.neurobs.com).  

Before the scanning session, all participants completed a practice run consisting of the three 

phases described above, using stimuli that were not included in the actual scanning session. After the 

scanning session, participants completed a forced-choice association test. They were first presented, 

one at a time, with all the pictures they had correctly identified as “Old” during the retrieval phase, 

i.e., cue items. For each cue item, participants rated their confidence in recalling its associated pair 

using a 4-point Likert scale, where 1 indicated certain recall and 4 indicated guesses. Next, two pictures 

were displayed on the screen: one was the associated picture from the encoding phase, and the other 

was a distractor picture shown during the delay. Participants were instructed to select the picture paired 

with the cue item studied in the encoding phase.  

http://www.neurobs.com/
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Figure II. 9 The associative memory task. Diagrams show the associative memory paradigms performed 
during fMRI in the (A) RUB and the (B) UNIBA samples. 

UNIBA. During the 10-minute resting-state scan, participants were instructed to remain awake with 

their eyes open and to fixate on the crosshair in the middle of a white screen (Greicius et al., 2003; 

Damoiseaux et al., 2006). We used a revised version of the Relational and Item-Specific Encoding task 

(RISE; Ragland et al. (2012); Ragland et al. (2015); Passiatore et al. (2023)). The event-related task 

consisted of a picture-pair association encoding followed by a picture-pair associative retrieval (Figure 

II.9B). The whole scan for the associative memory task lasted approximately 10 minutes, with the 

encoding phase lasting 4 minutes and 12 seconds and the retrieval phase 7 minutes and 16 seconds as 

described in Passiatore et al. (2023).  

During the encoding phase, 35 picture-pairs drawn from the FRIDa dataset (Foroni et al., 

2013) were presented simultaneously on the screen for 2000 ms each, with one picture on the left and 

one on the right. Participants completed 35 relational trials (i.e., “Can one object fit inside the other?”), 

responding with the “Left” and “Right” buttons. They were explicitly instructed to study the 

association of the picture-pairs. Interleaved with the encoding trials, participants were presented with 
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10 visually scrambled picture pairs for 2000 ms. Half of the pairs were sized to a standard 530×530 

pixels, while in the other half, one picture was upsized and the other downsized by 30% to maintain 

consistent screen brightness. Participants were instructed to indicate whether "one – scrambled - 

picture could fit inside the other," matching the “Left/Right” motor demands of the encoding task. 

The control trials, similar to those at the RUB, served to reset the BOLD signal in the MTL to baseline 

while enhancing task-related activity (Stark and Squire, 2001). 

During the retrieval phase, participants were presented with 70 picture-pairs for 2000 ms each, 

including 35 “intact” picture-pairs, i.e., presented in the identical configuration of the encoding phase, 

and 35 “rearranged” picture-pairs. Participants were instructed to indicate whether picture pairs were 

“intact” or “rearranged” using the “Left” and “Right” buttons, respectively. Interleaved with the 

retrieval trials, 20 pairs of scrambled pictures were presented for 2000 ms as control stimuli. As for 

the encoding phase, participants were instructed to indicate whether "one – scrambled - picture could 

fit inside the other," matching the “Left/Right” motor demands of the retrieval task.  

Stimuli were presented via a back-projection system, and behavioral responses were recorded through 

an optic fiber response box to measure accuracy (the count of correct responses) and RT (ms) for 

each trial. The experiment was performed using Presentation® software (Version 23.0).  

Before the scanning session, all participants completed a practice version of the task that 

included 5 picture-pairs for the encoding phase, interleaved with 2 scrambled picture-pairs. In the 

retrieval phase, participants were presented with 5 “intact” pairs and 5 “rearranged” pairs. The stimuli 

used during training were distinct from those used in the scanning session. More details on stimuli 

selection are described by Passiatore et al. (2023).  
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2.2.3. MRI data processing and statistical analysis 

2.2.3.1. MRI data acquisition and processing 

Characteristics of the MRI acquisitions are shown in Table II.1. We followed the same preprocessing 

pipeline for both samples using the Statistical Parametric Mapping (SPM) version 12 

(http://www.fil.ion.ucl.ac.uk/spm), the Computational Anatomy Toolbox (CAT12, 

http://dbm.neuro.uni-jena.de/cat/), and the Advanced Normalization Toolbox – ANTs (Avants, 

2009). We visually inspected all MRI scans to retain only data unaffected by technical artifacts. 

Quality-based inclusion criteria were the absence of blurring, ringing, or wrapping on 

structural (sMRI) and fMRI raw scans (Wood and Mark Henkelman, 1985; Lu et al., 2019), the absence 

of excessive cropping (>75%; Fornito et al., 2011; Geerligs and Henson, 2016), and the absence of 

excessive noise, poor image contrast, or poor boundaries in segmented sMRI scans (Song et al., 2006). 

 

Table II. 1 Description of the structural and functional MRI scans. Acquisition parameters are reported 
for RUB and UNIBA samples. Abbreviations: TR = Time Repetition; TE = Time Echo; FOV = Field of view; 
3T = 3 Tesla; EPI = Echo planar imaging. 

Individual sMRI and fMRI scans were reoriented to the anterior commissure-posterior 

commissure (AC-PC) line with the origin in the AC. The segmentation of T1-weighted scans served 

to estimate grey matter (GM), white matter (WM), and cerebrospinal fluid (CSF) (Ashburner and 

Friston, 2005). Bias correction removed intensity non-uniformities to improve coregistration with the 

fMRI scans. Thalamic structural segmentation on the unbiased individual T1-weighted scans was 

performed through the Thalamus Optimized Multi-Atlas Segmentation (THOMAS; Su et al. 2019; 
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Vidal et al., 2024) based on multiple scan registration steps and multi-atlas label fusion. We obtained 

twelve thalamic segmentations in the individual native space for each participant (Figure II.10, Step 

1). The same procedure was performed on the Montreal Neurological Institute (MNI) 152 Template, 

obtaining twelve thalamic segmentations in the MNI space for group-level parcellations. 

Because of the coarse resolution and high correlation of the fMRI signal across neighbor 

voxels, we anatomically grouped thalamic nuclei into four major subdivisions: anterior, including 

anterior ventral, ventral anterior nuclei, and the mammillothalamic tract; posterior, including pulvinar, 

lateral and medial geniculate nuclei; medial, including mediodorsal and centromedian nuclei; ventral, 

including ventral lateral posterior, ventral posterior lateral and ventral lateral nuclei (Antonucci et al., 

2019; Passiatore et al., 2021). The habenula was excluded due to its small size and proximity to the 

third ventricle, which may affect the accuracy of the related fMRI signal detection.  

All echo planar imaging (EPI) fMRI scans were corrected for the differences in acquisition time 

between slices within a single volume, realigned to the mean scan, coregistered with the unbiased T1-

weighted scan, resampled to isotropic voxel sizes of 2 mm³ for RUB and 3 mm³ for UNIBA (reflecting 

their respective original acquisition resolutions) and smoothed using a 6-mm full width at half-

maximum isotropic 3D Gaussian kernel. EPI fMRI scans were examined for excessive motion 

exceeding the initial acquisition resolution (RUB: >2 mm in maximum translation and 1.5 degrees in 

maximum rotation; UNIBA: >3 mm in maximum translation and 1.5 degrees in maximum rotation; 

mean FD>0.5 mm for both samples).  
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Figure II. 10 Outline of the analysis. Step 1 represents the anatomical segmentation of the thalamus on the 
individual T1-weighted scans through THOMAS. Panel A summarizes the associative memory task analysis 
pipeline, including the analysis at the group level on the normalized task activity contrast maps and the 
anatomical parceling of the thalamic clusters (Step 2A); the analysis at the individual level task activity within 
thalamic parcellations’ by overlapping the individual thalamic subdivisions segmented in the individual native 

space on the non-normalized task activity maps at 𝛼<0.05 (Step 3A); the association between the associative 
memory index and the BOLD signal extracted from each thalamic subdivision within the individual activity 
contrasts across task fMRI sessions through multiple regression models (Step 4A). Panel B summarizes the 
resting state analysis pipeline, including the analysis of group-level networks’ spatial maps extracted through 
ICA on the baseline and post-encoding rs-fMRI sessions (Step 3A); the analysis of individual-level thalamic 
parcellations within resting state networks’ spatial maps by overlapping the individual thalamic subdivisions 

segmented in the individual native space on the non-normalized resting state networks’ spatial maps at 𝛼<0.05 
(Step 3B); the association between the associative memory index and the percentage of significant voxels in 
each thalamic subdivision extracted from the resting state networks’ spatial maps across rs-fMRI sessions 
through two-part regression models (Step 4B). Abbreviations: IC = Independent Component; FC = functional 
connectivity; BOLD = Blood Oxygenation Level Dependent. 

At the first level, a general linear model (GLM) was specified to estimate task-related BOLD 

responses. Each participant’s smoothed task-related scans were modeled into a design matrix 

consisting of one row for each scan and one column for each explanatory variable. Explanatory 

variables included a stimuli onset vector representing the task events (i.e., Hits, False Alarms - FA, 

Misses, No Response - NR, Correct Rejections - CR, and control trials), convolved with a canonical 

hemodynamic response function implemented by SPM12. For the memory task collected at the RUB, 
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the onset vector incorporated the classification of Hits responses derived from the post scanning 

memory test, specifically categorized as Hits with a subsequent recall of paired picture (H+), Hits with 

incorrect subsequent recall, with confidence ratings between 1 and 3 (H-), and Hits followed by a 

correct or incorrect recall of paired pictures with confidence ratings equal to 4 (H0), as detailed in 

Table II.2. Additionally, twenty-four motion parameters (Friston, 2003), WM, and CSF mean signals 

were included as nuisance regressors to account for residual motion artifacts and non-GM signals. 

The design matrix was high-pass filtered with a cutoff of 128 s to remove low frequency drifts. Global 

scaling was not applied to the data.  

To identify event-related activations, contrasts of interest were computed at the first level 

(Table 3). For the task collected at the RUB, we modeled the following contrast vectors of +1 for the 

first condition and -1 for the second condition specified:  

• trials involving the successful encoding of pictures, represented by the union of H+ and H- 

responses (hereafter referred to as H+ ∪ H-), excluding trials associated with ratings equal to 4 (H0) 

at the post-scanning test, were contrasted with control trials (“Even/Odd” judgment on scrambled 

picture-pairs) during the encoding phase;  

• the successful retrieval of “Old” single items (H+ ∪ H-) was contrasted with control trials during 

the retrieval phase;  

• the successful retrieval of “Old” single items (H+ ∪ H-) was contrasted with the correct 

identification of “New” single items (CR) during the retrieval phase.  

For the task collected at UNIBA, we modeled the following contrast vectors of +1 for the 

first condition and -1 for the second condition specified:  

• trials involving the successful encoding of picture-pairs (Hits; including only trials successfully 

retrieved during the retrieval phase) were contrasted with control trials (Scrambled picture-pairs) 

during the encoding phase; 



53 

 

• the successful retrieval of “intact” picture-pairs (Hits) was contrasted with control trials during the 

retrieval phase;  

• the successful retrieval of “intact” picture-pairs (Hits) was contrasted with the correct identification 

of “rearranged” picture-pairs (CR). For the group-level analysis, individual fMRI contrasts were 

warped into the standard MNI space using affine and non-linear transformations via the Symmetric 

Normalization function in ANTs (Avants, 2009; Avants et al., 2011). 

2.2.3.2. Behavioral analysis 

The response classification in the two experimental paradigms is summarized in Table II.2.  

 

Table II. 2 Behavioral performance classification during the fMRI associative memory task phases in 
the RUB and the UNIBA samples. The Hits classification during the subsequent memory test in RUB is 
shown in italics. Note: The description of the Hits and CRs count refers to a single-item recognition in RUB 
and to picture-pair recognition in UNIBA. Abbreviations: H = hits; CR = correct rejections; FA = false alarms; 
NR = no responses. 

RUB. The memory performance rating was determined by responses during the fMRI retrieval 

phase and the subsequent forced-choice memory test. We included individuals with a Hits rate >0.65 

during the retrieval (Ragland et al., 2012; Passiatore et al., 2021). Since the subsequent memory trial 

classification included a ‘guess’ option with a confidence rating of 4 (H0), correct responses could 

result from accurate recall or correct guessing. To focus on recall trials, H0 trials were excluded when 

calculating the individual memory index. The memory index was calculated as the ratio between the 

sum of the number of correct (H+) and partial (H-) recall – with a confidence rating between 1 and 3 
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– in the post-scanning test (see Table II.2 for a description) and the total number of the valid trials 

during the encoding [(H+ ∪ H-)/(trials – no responses)] (Pergola et al., 2013a; Passiatore et al., 2021). 

Additionally, we calculated an index for the correct recognition of a new image as the ratio between 

the CR and the number of valid trials. We also extracted RTs parsed by response type. 

UNIBA. We classified performance based on responses during the fMRI retrieval phase. We 

included individuals with a Hit rate >0.65 during the retrieval (Ragland et al., 2012; Passiatore et al., 

2023). The Hit rate corresponded to our memory index, denoting the correct recognition of ‘intact’ 

picture-pairs as the ratio of the Hit count on the total number of valid trials during the encoding 

[Hits/(trials – no responses)]. We also computed a correct recognition index as the ratio of the CR to 

the number of valid trials, denoting the accurate recognition of ‘rearranged’ picture-pairs. We extracted 

RTs parsed by response type.  

In both samples, we used the Shapiro-Wilk test to assess deviations from the normal 

distribution of the individual memory performance and the correct recognition indices. We performed 

a Wilcoxon signed-rank test on paired samples to compare the individual memory performance and 

the correct recognition indices to study any differences in the individuals’ ability to retrieve ‘old’ 

pictures or ‘intact’ picture-pairs (Hits) rather than ‘new’ pictures or ‘rearranged’ ones (CR), depending 

on the experimental paradigm in the two samples. In both samples, we also tested the effect of 

response types (Hits vs. CR) on performance speed (RTs) using the Wilcoxon paired signed-rank test 

according to previous evidence suggesting faster RTs in retrieving ‘new’ pictures rather than the ‘old’ 

ones (Pergola et al., 2013a; Passiatore et al., 2021). 

We used the Wilcoxon rank-sum test to compare the memory indices calculated in the RUB 

and UNIBA samples to evaluate whether the two different memory task paradigms measured 

comparable memory performance. To determine effect size (r equivalent), we used the rstatix R 

package (Fritz et al., 2012; Tomczak and Tomczak, 2014) by dividing the Wilcoxon Z-transformed 
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values by the square root of the number of observations (Rosenthal et al., 1994; Rosenthal and Rubin, 

2003). We also evaluated the associations between the memory index and age and sex in both samples 

through separate linear models (Dependent variable: memory index; independent: age, sex); also, we 

assessed the association between the memory index with the intellective quotient and the educational 

level available only in the UNIBA sample (Dependent variable: memory index; independent: 

intellective quotient, educational level). We set statistical significance at 𝛼 < 0.05.  

2.2.3.3. Group-level task-related activity 

We evaluated task-related activity at the group-level by entering the individual normalized contrast 

maps for each memory phase defined in Table II.3 into separate one-sample t-tests using SPM12 

(Figure II.10, panel A, step 2a). All statistics were non-parametrically corrected for multiple 

comparisons through the Threshold-Free Cluster Enhancement approach (TFCE, Smith and Nichols 

(2009)). Significance was set at 𝛼 < 0.05, using the false discovery rate (FDR) for multiple comparison 

correction (Benjamini, 1995). 

 

Table II. 3 First-level activity contrasts for the fMRI associative memory tasks. Contrast descriptions 
are reported for the RUB and the UNIBA samples. Abbreviations: H+ = Hits with subsequent recall of paired 
picture; H- = Hits with incorrect subsequent recall, with confidence ratings between 1 and 3; CR= Correct 
Rejections. 

We extracted the individual BOLD signal from the significant thalamic cluster through 

Marsbar (Brett et al., 2002). We related thalamic BOLD signal and memory performance through 

separate multiple regression grouped by memory phases and hemisphere (Dependent variable: 
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memory index; independent: averaged BOLD signal across the thalamic cluster; nuisance covariates: 

age, sex, handedness) in the R environment (https://www.r-project.org). Results were corrected for 

multiple comparisons pFDR<0.05.  

To localize the significant thalamic activity into specific thalamic subdivisions, we performed 

a descriptive anatomical parceling of the group-level activity maps (Antonucci et al., 2019). We used 

Marsbar to compute the percentage of spatial overlap between the significant thalamic clusters and 

the thalamic subdivisions in the MNI space obtained with THOMAS (Figure II.10, panel A, step 2a).  

2.2.3.4. Individual-level task-related activity and the anatomical 

parceling of the thalamus 

To further investigate interindividual differences in the recruitment of thalamic subdivisions related 

to memory, we conducted the same analysis in the individual native space to enhance interindividual 

differences and avoid information loss caused by averaged group-level analysis. We overlapped the 

individual thalamic subdivisions segmented in the native space and the standardized contrast maps in 

the individual native space (Figure II.10, panel A, step 3a) to minimize registration bias and maximize 

sensitivity to detect individual regional effects that can be impacted by registration errors (Friston, 

2003; Avants, 2009). Then, we extracted the averaged BOLD signal from the significant voxels (𝛼 < 

0.05) within a given subdivision.  

After scaling the distributions of individual BOLD signals extracted from each thalamic 

subdivision grouped by memory phases and hemisphere, we explored their relationships with the 

memory index through separate multiple regression models (Dependent variable: memory index; 

independent: BOLD signal in the thalamic subdivision; nuisance covariates: age, sex, handedness. 

See Figure II.10, panel A, step 4a), setting significance at pFDR<0.05. Analyses were 

conducted separately for the RUB and UNIBA datasets. 
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2.2.3.5. Resting-state functional connectivity analysis 

To explore the degree of variability in corticothalamic FC during the resting-state, we estimated 

individual-level FC maps through independent component analysis (ICA) in the baseline resting-state 

scans in both samples.  

For the data acquired at the RUB, we performed the same analysis on the post-encoding 

resting-state scan. We used the multi-objective optimization ICA algorithm (MOO-ICAR) (Du et al., 

2020) implemented in the Group ICA Toolbox (https://trendscenter.org/software/gift/) (Calhoun 

et al., 2001; Calhoun and Adali, 2012). The MOO-ICAR algorithm extracts individual-level FC spatial 

maps based on a spatial reference (Figure II.10, panel B, step 2b). We employed the spatial reference 

from Iraji et al. (2019) to extract reliable FC patterns in high-order functional networks, including 

attentive, auditory, cerebellar, default mode (DMN), language, bilateral frontoparietal (FPN), 

sensorimotor, salience, primary and secondary visual networks topologically determined based on their 

spatial and temporal properties from previous studies (Beckmann et al., 2005; Damoiseaux et al., 2006; 

Damoiseaux et al., 2008; Smith et al., 2009; Allen et al., 2011; Iraji et al., 2016). We inversely warped 

the spatial reference into each individual native space to match the preprocessed non-normalized 

resting-state scans used as the input. Additionally, twenty-four motion parameters (Friston, 2003) were 

regressed out from the individual FC network spatial maps to mitigate the impact of motion on 

connectivity estimates. For the group-level analysis, the obtained individual FC networks spatial maps 

were warped into the standard MNI space using affine and non-linear transformations via the 

Symmetric Normalization function in ANTs.  

We evaluated the thalamic recruitment within each cortical network at the group level by 

entering each network's normalized individual FC maps into separate one-sample t-tests using SPM12. 

Significant clusters were defined at 𝛼 < 0.05 and corrected for multiple comparisons using the family-

wise error rate (FWE). We employed the mask of the whole thalamus in the MNI space segmented 
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through THOMAS to localize the effects. Then, we extracted the IC loadings from the thalamic 

significant cluster through Marsbar. We associated thalamic IC loadings and memory performance 

through separate multiple regression grouped by network and hemisphere (Dependent variable: 

memory index; independent: averaged IC loadings across the thalamic cluster; nuisance covariates: age, 

sex, handedness), setting significance at pFDR<0.05. 

2.2.3.6. Association between individual-level functional 

connectivity of thalamic parcellations during resting-state and 

memory performance 

To further investigate interindividual differences in terms of spatial recruitment of cortico-thalamic 

FC related to memory, we calculated the degree of spatial overlap between the thalamic subdivisions 

and the significant voxels included in each non normalized spatial networks’ map at the individual 

level (Figure II.10, panel B, step 3b), defining voxel significance at 𝛼 <0.05. Networks’ spatial maps 

include both positive and negative FC values. Positive values denoted correlated voxels to the 

individual time course, while negative values denoted anticorrelated voxels to the individual time 

course (Calhoun et al., 2001; Calhoun and Adali, 2012). We separately extracted the number of voxels 

significantly correlated and anticorrelated within each network's spatial map, along with the averaged 

FC from each thalamic subdivision.  

To investigate the relationship between corticothalamic recruitment and memory performance 

across individuals, we analyzed the associations of memory performance with both (i) the proportion 

of significant voxels in each thalamic subdivision over the number of voxels in the entire thalamus 

grouped by hemisphere (Figure II.10, panel B, step 4b), and (ii) the averaged FC extracted bilaterally 

from each thalamic subdivision.  

For the analysis of the proportion of significant voxels in each thalamic subdivision, we 

quantified the number of individuals showing non-zero values in thalamic subdivision recruitment, 
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since the spatial localization of thalamic signals may vary at the individual level, possibly not covering 

all the thalamic subdivisions. Thus, we restricted the analyses to thalamic subdivisions, including at 

least N=10 non-zero observations (Table S.1). We used two-part regression models for zero-inflated 

data using the twopartm R package (Belotti et al., 2015). A preliminary natural logarithmic 

transformation was applied to the proportion of recruited voxels in each thalamic subdivision to 

mitigate the right-skewness of the distributions. The obtained values were used as the predictor in the 

second part of the model, while a binary variable indicating whether thalamic recruitment was equal 

to zero (0) or not (1) was used as an independent variable in the first part of the model. In the first 

part of the model, a binomial regression was fitted with a logit link function to measure the probability 

of a non-zero outcome. The second part of the model is a GLM (Dependent variable: memory index; 

independent: proportion of significant voxels in the thalamic subdivision; nuisance covariates: age, 

sex, handedness). To facilitate the interpretation of results, we also calculated the averaged marginal 

effects (AME; Belotti et al. (2015)), i.e., the estimated impact of the proportions of thalamic voxels 

recruited on the memory index calculated by considering the combined effect of the probability of the 

thalamic recruitment occurring (first part) and the magnitude of the thalamic recruitment association 

with the memory index (second part), and the confidence intervals (CI) at 0.95.  

Similarly, for the analysis of FC in each thalamic subdivision, GLMs were used to test the 

effect of memory performance on the averaged FC, since FC did not include zero values (Dependent 

variable: memory index; independent: averaged FC in the thalamic subdivision; nuisance covariates: 

age, sex, handedness). All analyses were conducted separately for the RUB and UNIBA datasets. 

In the RUB sample, we also computed separate two-part regressions and GLMs for the post 

encoding resting-state spatial maps to assess changes in cortico-thalamic recruitment after the 

performance of the associative memory task. In addition, we analyzed the association of memory 

performance with the variation in terms of thalamic recruitment from the baseline to the post 
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encoding resting-state. We computed a change score representing the difference in the proportion of 

significant voxels between the post- and the baseline resting-state scans for each thalamic subdivision, 

as well as the difference of the FC between post-encoding and baseline resting state. 

Positive values indicate an increase in the proportion of significant voxels or FC from the 

baseline to the post-encoding resting state, while negative values indicate a decrease in the proportion 

of significant voxels or FC from the baseline to the post-encoding resting state. Zero values indicate 

no change in the proportion of significant voxels across resting-state scans. We tested the relationship 

between memory performance and the change score for each thalamic subdivision within each 

network and grouped by hemisphere through separate GLM (Dependent variable: memory index; 

independent: change score; nuisance covariates: age, sex, handedness), setting significance at 

pFDR<0.05. 

2.2.3.7. Path analysis on the individual-level thalamic recruitment 

across resting-state and memory phases 

To investigate the relationships between the individual associative memory performance and the 

individual-level cortico-thalamic recruitment across baseline resting-state FC, the activity during the 

encoding and the retrieval phases, serial path analyses within a SEM framework were implemented 

using the lavaan R package (Rosseel, 2012). We included the thalamic recruitment as the percentage 

of significant voxels extracted during the baseline resting-state IC spatial maps as the predictor (X); 

the individual task-related activity in the encoding (M1) and retrieval (M2) during the associative 

memory task as mediators; the index of the associative memory performance as the outcome (Y). The 

path analysis considered the thalamic subdivisions significantly associated with associative memory 

performance in the previous analysis. Age, sex, and handedness were used as covariates, and a 

dichotomic variable was used to control for non-zero observations. Significance was set as 𝛼 < 0.05 



61 

 

(bootstrap: 5,000 runs). We used the effectsize R package (Ben-Shachar et al., 2020) to calculate the 

magnitude of the effects reported as R2 (Liu et al., 2023). 

2.2.3.8. K-means clustering on the individual-level thalamic 

recruitment during the associative memory task 

To test our hypothesis that cortico-thalamic circuits recruited by different individuals may underlie 

variability in memory performance, we performed a K-means clustering using the kmeans R function 

(MacQueen, 1967; Hartigan and Wong, 1979) on the individual task-related activity during i) the 

encoding and ii) the retrieval phases during the associative memory task, previously included in the 

indirect paths of the path analysis. Also, the cluster analysis considered the thalamic subdivisions 

significantly associated with memory performance in the previous analysis. We performed clustering 

only on the UNIBA dataset, which included enough observations to capture variability across 

individuals. We determined the optimal number of clusters for the left and right hemispheres through 

the NbClust R package (Charrad et al., 2014). We employed the majority rule to select the optimal 

number of clusters. The cluster stability was calculated through the bootcluster R package considering S 

>0.8 (bootstrap: 5,000 runs; Yu et al. (2019)). We separately compared the memory index, the 

proportion of significant voxels within the baseline resting-state spatial maps, the individual BOLD 

estimates during the encoding and retrieval phases during task performance, age, education, and 

intellective quotient across clusters through the Wilcoxon rank-sum test, and the sex was compared 

through the Chi-Square test. We set the test significance at pFDR<0.05.  
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2.3. Results 

2.3.1. Behavioral results 

This section presents the results of the behavioral analysis. Table II.4 shows behavioral performance 

on the RUB task, as already published by Passiatore et al. (2021), along with behavioral performance 

collected at UNIBA. 

 

Table II. 4 Behavioral performance during the associative memory task in the RUB and UNIBA 
samples. The Hits classification during the subsequent memory test in RUB is shown in italics. Abbreviations: 
CR = Correct Rejections; FA = False Alarms; H+ = Hits with subsequent recall of paired picture; H- = Hits 
with incorrect subsequent recall, with confidence ratings between 1 and 3; H0 = Hits followed by correct or 
incorrect recall of paired pictures with confidence ratings equal to 4; NR = No responses; RT = Reaction Time; 
SD = Standard Deviation.  

RUB. The memory index ranged between 0.4 and 0.9 (Mean ± SD = 0.78 ± 0.13), significantly 

deviating from the normal distribution (Shapiro-Wilk test, p=7e-03). The correct rejection index – 

computed on CR responses of “New” single objects – ranged between 0.48 and 0.83 (Mean ± SD = 

0.76 ± 0.08), also deviating from the normal distribution (Shapiro-Wilk test, p=4e-04). Thus, non-

parametric statistical tests were preferred for comparing behavioral indices.  

The Wilcoxon paired rank-sum tests comparing the Hits and CR responses showed no significant 

differences (Z=-1.42, r=-0.2, p=0.16), while when comparing RTs related to Hits and CR, participants 
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were faster in recognizing “Old” single objects compared to the “New” ones (Z= 5.78, r=-0.87, 

p=7.4e-09). The memory index was not significantly associated with either age (t(27)=-0.6; p=0.6) or 

sex (t(27)=-2.1; p=0.07), excluding related nuisance effects on the performance levels.  

UNIBA. The memory index ranged between 0.6 and 1 (Mean ± SD = 0.82 ± 0.1), significantly 

deviating from the normal distribution (Shapiro-Wilk test, p=3e-03). The correct rejection index – 

computed on CR responses of the ‘rearranged’ picture pairs – ranged between 0.65 and 1 (Mean ± 

SD = 0.91 ± 0.07), also deviating from the normal distribution (Shapiro-Wilk test, p = 8.91e-07).  

The Wilcoxon paired rank-sum tests comparing the Hits and CR responses showed that 

participants better recognized “Intact” picture-pairs than the “Rearranged” ones (Z=-6.05, r=-0.59, 

p=1.49e-09), while, when comparing RTs related to Hits and CR, we found no significant effects of 

response type on RTs (Z=-1.01, r=-0.09, p=0.32). The memory index was not associated with age 

(t(106)=-0.4; p=0.7), sex (t(106)=-0.18; p=0.9), intellective quotient (t(106)=-0.8; 0.4), and educational 

level (t(106)=1.046; p=0.3), excluding related nuisance effects on the performance levels.  

The Wilcoxon rank sum test on the memory indices across samples did not show a significant 

difference (Z=-1.18, r=-0.1, p=0.24). Therefore, despite the differences in the experimental paradigms, 

the two samples did not show significant differences in memory performance.  

2.3.2. fMRI results 

2.3.2.1. Group-level activity shows thalamic involvement during 

task performance 

This section presents the results of the group-level task-activity analyses conducted across both 

samples (RUB and UNIBA). Task-activity analyses at the group level showed consistent activation 

patterns across samples (pTFCE-FDR <0.05), extensively reported in Table II.5.  
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Table II. 5 Whole-brain activation during the associative memory task in the RUB and the UNIBA 

samples. Peak activations were detected through one-sample t-tests on the following contrasts: (i) H+∪ H- > 
Scrambled picture-pairs during encoding and retrieval (RUB), (ii) Hits > Scrambled picture-pairs during 

encoding and retrieval (UNIBA), (iii) H+∪ H- > CR during retrieval (RUB; UNIBA). All peaks are shown at 
pTFCE-FDR<0.05; cluster extent = 10 voxels. Abbreviations: MNI = Montreal Neurological Institute; BA = 
Brodmann Area; PFC = prefrontal cortex; L = left; R= right. 
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RUB. In the encoding contrast, i.e., RUB: H+ ∪ H- > Scrambled picture-pairs, we found 

activation in the bilateral fusiform gyrus, the bilateral temporal gyrus, the right middle occipital gyrus, 

the right amygdala, the bilateral hippocampus, and the thalamus. The anatomical parceling of the active 

voxels falling into the thalamus showed that the effects were bilaterally located in the posterior 

subdivisions (Figure II.11A). We observed significant activations in the left fusiform gyrus, the BA19, 

the bilateral parahippocampal gyrus, the left hippocampus, the left amygdala, and the bilateral 

thalamus within the retrieval contrast, i.e., H+ ∪ H- > Scrambled picture-pairs. The anatomical 

parceling showed that the thalamic clusters were bilaterally located in the posterior and the ventral 

subdivisions (Figure II.11A). During activation contrasts related to the successful recognition of “Old” 

single objects compared with the successful detection of “New” single objects, i.e., H+ ∪ H- > CR, 

we found activation in the left cuneus, left angular gyrus, the left caudate head, the middle temporal 

gyrus, and the thalamus. The thalamic cluster mainly overlapped with the right anterior subdivision 

(Figure II.11A).  

When testing the association between the averaged BOLD signal extracted from the thalamic 

clusters detected at the group level and the memory index, the BOLD signal extracted from the right 

thalamic cluster within the retrieval contrast, i.e., H+ ∪ H- > CR, was associated with higher memory 

performance (t(23)=2.9; r=0.51; p=9e-03; pFDR=0.04); instead, the averaged BOLD signal from the 

left thalamic cluster within the encoding contrast, i.e., H+ ∪ H- > Scrambled picture-pairs, was not 

significantly associated with the memory index (t(23)=-0.89; r=-0.18 puncorr=0.38).  

UNIBA. In the encoding contrast, i.e., Hits > Scrambled picture-pairs, we found activation in 

the bilateral fusiform gyrus, the bilateral visual associative cortex, the right parahippocampal gyrus, 

the bilateral amygdala, the left hippocampus, and the bilateral thalamus (Figure II.11B). The 

anatomical parceling of the active voxels falling into the thalamus within the encoding contrast showed 

that the effects were bilaterally located in the posterior subdivision (Figure II.11B). We observed 
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significant activations in the left fusiform gyrus, the bilateral parahippocampal gyrus, the left 

hippocampus, the right caudate head, and the thalamus within the retrieval contrast, i.e., Hits > 

Scrambled picture pairs. The anatomical parceling showed that the thalamic clusters were bilaterally 

located in the posterior and the ventral subdivisions (Figure II.11B). During activation contrasts 

related to the successful recognition of “Intact” picture-pairs compared with the successful detection 

of “Rearranged” picture-pairs, i.e., Hits > CR, we found activation in the left middle frontal gyrus, the 

left ACC, the bilateral precuneus, the left caudate head, and the bilateral thalamus. The thalamic cluster 

mainly overlapped with the left ventral, the posterior, and the medial subdivisions (Figure II.11B). 

Differently from the results in the RUB sample, when studying the associations between the 

thalamic signal at the group level and the memory performance, the BOLD signal extracted from the 

left thalamic cluster within the encoding contrast, i.e., UNIBA: Hits > Scrambled picture-pairs, was 

significantly associated with higher memory performance (t(97)=2.86; r=0.28; p=5e-03; pFDR=0.03); 

instead, the averaged BOLD signal extracted from the right thalamic cluster within the retrieval 

contrast, i.e., Hits > CR, was not associated with the memory index (t(97)=0.97; r=0.1 puncorr=0.33).  

In summary, although the retrieval demands may differ in that single pictures were presented 

in the task collected at RUB and picture-pairs were presented in the task collected at UNIBA, the 

activation patterns, including those involving the thalamus, largely exhibited consistency across 

samples. Despite the whole-brain similarity in activity patterns between the two samples during the 

encoding, some disparities emerged when comparing thalamic parcellations in the retrieval phase 

contrasts. These differences may be attributed to variations in retrieval demands, sample size, and 

differences in image acquisition resolution between the samples (Turner et al., 2018; Bossier et al., 

2020; Alkemade et al., 2022; Sambuco, 2022; Taylor et al., 2023). Moreover, while some significant 

associations between memory performance and the thalamic signal localized at the group level were 
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detected, associations were not consistent across memory phases and samples. This inconsistency may 

reflect individual variability in the spatial localization of thalamic activation.  

 

Figure II. 11 Group-level activity during the associative memory task. On the left, sections depict whole 
brain activation resulting from the one-sample t-tests on individual contrasts during the RUB sample's 
associative memory task fMRI sessions (pFDR-TFCE<0.05, k=10). On the right, pie charts show the anatomical 
parceling of the thalamic clusters in the following contrasts: (i) H+; H- > Control during encoding, (ii) H+; H- 
> Control during retrieval, (iii) H+; H- > CR during retrieval. B. On the left, sections depict whole brain 
activation resulting from the one sample t-tests on the individual contrasts during the associative memory task 
fMRI sessions in the UNIBA sample (pFDR-TFCE<0.05, k=10). On the right, pie charts show the anatomical 
parceling of the thalamic clusters in the following contrasts: (i) Hits > Control during encoding, (ii) Hits > 
Control during retrieval, (iii) Hits > CR during retrieval. Abbreviations: H+ = Complete recall; H− = Partial 
Recall; Hits = Responses successfully classifying an unchanged picture-pair; CR = Responses successfully 
classifying a new item as new in RUB and a changed picture-pair as changed in UNIBA. 

 

2.3.2.2. Individual-level medial and anterior thalamic activity 

during the associative memory task is associated with memory 

performance 

Task-activity analysis at the individual level consistently showed a significant involvement of the 

anterior and the medial subdivisions of the thalamus across samples, as shown in Figure II.12.  
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RUB. During the encoding, i.e., the H+ ∪ H- > Scrambled picture-pairs contrast, the 

decreased activity of the bilateral anterior subdivision was significantly associated with a higher 

memory index (Left: t(23)=-2.98; r=-0.52; p=7e-03; pFDR=0.03. Right: t(23)=-3.53; r=-0.60; p=1e-

03; pFDR=7e-03; Figure II.12A-B). During the retrieval, i.e., the H+ ∪ H- > Scrambled picture-pairs 

contrast, increased activity of the bilateral medial subdivision was significantly associated with a higher 

memory index (Left: t(23)=3.54; r=0.6; p=1e-04; pFDR=7e-03. Right: t(23)=3.80; p=9e-04; r=0.63; 

pFDR=4e-02; Figure II.12A-C). No significant associations were observed in the ventral and posterior 

subdivisions, nor in the H+ ∪ H- > CR contrast during retrieval (pFDR>0.05).  

UNIBA. Similarly to what we observed in RUB, during the encoding of the associative 

memory task, i.e., Hits > Scrambled picture-pairs, the decreased activity of the bilateral anterior 

subdivision was significantly associated with a higher memory index (Left: t(97)=-2.47; r=-0.24; p=7e-

03; pFDR=0.03. Right: t(97)=-2.71; r=-0.28; p=3e-03; pFDR=0.01; Figure II.12A-B). During the 

retrieval, i.e., the Hits > Scrambled picture-pairs contrast, increased activity of the bilateral medial 

subdivision was significantly associated with a higher memory index (Left: t(97)=4.29; r=0.40; p=3e-

05; pFDR=8e-04. Right: t(97)=3.44; r=0.33; p=4e-04; pFDR=2e-03; Figure II.12A-C). No significant 

associations were identified in the ventral and posterior subdivisions (pFDR>0.05), as shown in Figure 

II.12A, nor in the Hits > CR contrast during retrieval (pFDR > 0.05).  

In summary, examining the BOLD signal extracted from thalamic subdivisions in individual 

native space, thereby enhancing individual signal localization, we consistently detected activation 

patterns associated with the associative memory performance across samples during the encoding and 

retrieval phases, in contrast to the results observed at the group level. 
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Figure II. 12 Individual-level association between thalamic parcellations during task performance and 
the associative memory index. A. Barplots show the regression’s r estimates from the association between 
the BOLD signal extracted from thalamic subdivisions during the encoding and the retrieval sessions and the 
associative memory index. Significant results at pFDR<0.05 are marked with asterisks. B. Section shows the 
anterior thalamic parcellation in blue, including anterior ventral, ventral anterior nuclei, and mammillothalamic 
tract segmented with THOMAS. The scatterplots show the negative association between the BOLD signal 
extracted from the anterior subdivision and the associative memory index during encoding across samples 
(RUB, Left: t(27)=-2.98; r=-0.54; p=7e-03; pFDR=0.03. Right: t(27)=-3.53; r=-0.60; p=1e-03; pFDR=7e-03. 
UNIBA, Left: t(101)=-2.47; r=-0.24; p=7e-03; pFDR=0.03. Right: t(101)=-2.71; r=-0.28; p=3e-03; pFDR=0.01). 
C. Section shows the medial thalamic parcellation in red, including the mediodorsal and the centro-median 
nuclei segmented with THOMAS. The scatterplots show the positive association between the BOLD signal 
extracted from the medial subdivision and the associative memory index during retrieval across samples (Left: 
t(27)=3.54; r=0.6; p=1e-04; pFDR=7e-03. Right: t(27)=3.80; p=9e-04; r=0.63; pFDR=4e-02. UNIBA, Left: 
t(101)=4.29; r=0.40; p=3e-05; pFDR=8e-04. Right: t(101)=3.44; r=0.33; p=4e-04; pFDR=2e-03). Abbreviations: 
R=right; L=left. 
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2.3.2.3. Individual-level medial thalamic parcellations during the 

baseline resting-state within the frontoparietal network are 

associated with memory performance 

Group-level one-sample t tests on normalized functional networks’ spatial maps detected significant 

thalamic signals within the DMN, the left FPN (LFPN), and the right FPN (RFPN). Statistics are 

reported in Table II.S1. However, the BOLD signal extracted from the significant clusters showed no 

significant association with the memory index (pFDR>0.05). 

Instead, when evaluating the thalamic contribution within the DMN (Figure II.13A), LFPN 

(Figure II.13B), and RFPN (Figure II.13C) in the individual native space, the regression models 

showed significant associations between the medial and posterior subdivisions during the baseline 

resting-state with the memory index. GLM results are depicted in Figure II.13D and detailed below. 

Table II.S2 shows the quantification of non-zero observations for each thalamic subdivision across 

cortical networks. 
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Figure II. 13 Individual-level association between thalamic parcellations during baseline resting state 
and the associative memory index. Sections depict the group-level networks’ spatial maps at Z>3 of the (A) 
LFPN, (B) RFPN, and (C) DMN. D. Barplots show the generalized linear regression’s r estimates resulting 
from the two-part models associating the percentage of significant voxels extracted from the four thalamic 
subdivisions across resting state sessions and the associative memory index. Significant results at pFDR<0.05 are 
marked with asterisks. Abbreviations: R=right; L=left; DMN = default mode network; RFPN = right 
frontoparietal network; LFPN = left frontoparietal network. 

RUB. During baseline resting-state, the memory index was positively associated with a greater 

proportion of significant voxels (t(24)=2.99; r=0.52; p=0.01; pFDR=0.03; AME=0.08; 95% CI=[0.03, 

0.14]) and greater FC (t(24)=2.97; r=0.51; p=7e-03; pFDR=0.05) in the right medial subdivision 

within the RFPN (Figure II.13, upper right panel D), while the left medial subdivision in the LFPN 

did not reach statistical significance testing the proportion of significant voxels (t(24)=0.98; r=0.19; 

p=0.33; AME=0.05; 95% CI=[-0.05, 0.14]) and the FC (t(24)=1.86; r=0.35; p=0.07; Figure II.13, 

upper left panel D). In the opposite direction, a lower memory index was marginally associated with 

a higher proportion of active voxels of the bilateral medial subdivision within the DMN (Left: t(24)=-

1.98; r=-0.44; p=0.05; AME=-0.07; 95% CI=[-0.14, -0.001]. Right: t(24)=-1.80; r=-0.34; p=0.07; 

AME=-0.06; 95% CI=[-0.12, -0.005]), as well as a marginal association was found with greater FC of 
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the left medial subdivision within the DMN (Left: t(24)= 1.89; r=-0.36; p=0.07), while a nominally 

significant association was found with greater FC of the right one (Right: t(24)=-2.61; r=-0.47; p=0.02; 

pFDR=0.1), as shown in Figure II.13, upper panel D.  

When analyzing the post-encoding resting state, the proportion of significant voxels extracted 

from the right medial subdivision within the RFPN did not show a significant association with the 

memory index (t(24)=1.36; r=0.25; p=0.17; AME=0.06; 95% CI=[-0.03, 0.15]), as well as the FC from 

the medial subdivision (t(24)=-0.26; r=-0.05; p=0.8), as shown in Figure II.13, lower right panel D. 

Similarly, the proportion of active voxels within the bilateral medial subdivision of the DMN (Left: 

t(24)=2.18; r=0.41; p=0.03; pFDR=0.14; AME=0.11; 95% CI=[0.001, 0.21]. Right: t(24)= 0.47; r=-

0.1; p=0.64; AME=-0.02; 95% CI=[-0.10, 0.06]), as well as the FC from the bilateral medial 

subdivision (Left: t(24)=2.1; r=0.4; p=0.05. Right: t(29)=-0.48; r=-0.09; p=0.64), only showed 

statistical trends in the left hemisphere in the opposite direction of the baseline patterns (Figure II.13, 

lower panel D). However, the GLM conducted on the change score representing the voxels’ 

recruitment subtraction between the post- and pre-encoding resting-state scans highlighted a 

significant association between the change score of the left medial subdivision within the DMN and 

the memory index (t(24)=2.64; r=0.47; p=0.01; pFDR=0.05) in the opposite direction of the 

relationship observed during the baseline resting-state. All other pFDR>0.05. Similar association 

patterns were observed between the FC change score of the left medial subdivision within the DMN 

and the memory index (t(24)=2.65; r=0.47; p=0.01; pFDR=0.11) and bilaterally in the medial 

subdivision within the FPNs (Left: t(24)=-2.68, r=-0.48; p=0.01, pFDR=0.11; Right: t(24)=-1.99; r= 

0.38; p=0.06, pFDR=0.33). 

UNIBA. During baseline resting-state, a higher memory index was associated with a greater 

proportion of significant voxels in the left and right medial subdivision within the LFPN and RFPN, 

respectively (Left: t(104)=2.94; r=0.46; p=3.2e-03, pFDR=5.72e-03; AME=0.03; 95% CI=[0.02, 0.14]. 



73 

 

Right: t(104)=4.36; r=0.59; p=1.28e-05; pFDR=5.13e-05; AME=0.1; 95% CI=[0.03, 0.15]), and the 

FC from the left medial subdivision within the LFPN (t(104)=3.17; r=0.29; p=2e-03; pFDR=0.02), 

while the FC from the right subdivision within RFPN showed only marginal significance (t(104)=1.88; 

r=0.17; p=0.06), as shown in Figure II.13, upper panel D. In the opposite direction, we found that a 

lower memory index was associated with a higher proportion of active voxels of the bilateral medial 

subdivision within the DMN (Left: t(104)=-2.58; r=-0.24; p=0.01; pFDR=0.03; AME=-0.05; 95% 

CI=[-0.08, -0.01]. Right: t(104)=-4.06; r=-0.4; p=4.92e-05; pFDR=3.44e-04; AME=-0.07; 95% CI=[-

0.11, -0.04]) and the FC from the right medial subdivision (t(104)=-2.12; r=-0.21; p=0.04), while the 

FC from the left medial subdivision was not significant (t(104)=-1.67; r=-0.17; p=0.1). Moreover, we 

found that a higher proportion of significant voxels from the left posterior subdivision in the LFPN 

and the right posterior subdivision in the RFPN was significantly associated with a lower memory 

index (Left: t(104)=-2.76; r=-0.26; p=5.72e-03; pFDR=5.72e-03; AME=-0.07; 95% CI=[-0.12, -0.02]. 

Right: t(104)=-2.66; r=-0.25; p=7.91e-03; pFDR=0.01; AME=-0.07; 95% CI=[-0.11, -0.04]). 

However, the association patterns were not significant when analyzing FC from the posterior 

subdivision (Left: t(104)=-0.98; r=0.09; p=0.33. Right: t(104)=-0.29; r=0.03; p=0.77), as shown in 

Figure II.13, upper panel D.  

Consistent findings across the two samples suggest potentially opposite configurations of the 

medial subdivision within the DMN compared to the bilateral FPN in supporting the subsequent 

associative encoding. The switch between the two resting-state scans associated with the memory 

index in the RUB sample highlights a change in spatial recruitment and FC of the medial subdivision 

within the DMN between the two resting-state scans, with the memory task interposed.   
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2.3.2.4. Individual-level thalamic recruitment across memory 

phases indirectly affects memory performance 

Our analysis of cortico-thalamic recruitment supporting associative memory baseline during resting-

state proved the medial subdivision’s prominent role across samples. Consequently, we included only 

the proportion of voxels in the medial subdivisions during baseline resting-state as a predictor in our 

SEM (X). We included the right anterior BOLD estimates during encoding (M1) and the right medial 

BOLD estimates during retrieval (M2) as serial mediators, as they were consistently associated with 

the memory index across samples. We separately considered the left and right hemispheres. As we 

reported no significant associations in the post-encoding resting-state in RUB, we did not include the 

post-encoding scan in the path analyses.  

RUB. The total effect of the SEM on the right hemisphere was significant (std. β [bootstrapped 

95% CI] = 0.37 [0.02; 0.7]; R2 = 0.12; p=0.04; Figure II.14, right panel A). We found a significant 

indirect effect of the right anterior thalamic BOLD signal during encoding (M1: std. β [bootstrapped 

95% CI] = -0.33 [-0.56; -0.09]; R2 = 0.2; p=0.006; Figure II.14, right panel A) negatively influencing 

the association between the proportion of voxels in the medial subdivision within the RFPN during 

the baseline resting-state and the associative memory performance. Also, we found a significant 

indirect effect through the right medial thalamic BOLD signal during retrieval (M2: std. β 

[bootstrapped 95% CI] = 0.48 [0.12; 0.8]; R2 =0.2; p=0.008; Figure II.14, right panel A). In the left 

hemisphere, we found a significant indirect effect through the right medial thalamic BOLD signal 

during retrieval (M2: std. β [bootstrapped 95% CI]=0.41 [0.04; 0.8]; R2 =0.14; p=0.02), while no other 

indirect effects (M1: std. β [bootstrapped 95% CI] =-0.17 [-0.41; 0.05]; R2 =0.07; p=0.1; M1-2: std. β 

[bootstrapped 95% CI]=-0.03 [-0.12; 0.04]; R2 =0.02; p=0.9; Figure II.14, left panel A) or the total 

model (std. β [bootstrapped 95% CI] = 0.10 [-0.21; 0.42]; R2 =0.01; p=0.5) were significant.  
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UNIBA. The total effect of the path analysis on the right hemisphere was significant (std. β 

[bootstrapped 95% CI] =0.16 [0.07; 0.24]; R2 = 0.12; p=0.001; Figure II.14, right panel B), in line 

with the analysis performed in the RUB sample. Also, we found a significant indirect effect of the 

right anterior thalamic BOLD signal during encoding (M1: std. β [bootstrapped 95% CI] = -0.03 [-

0.06; 0.002]; R2 =0.04; p=0.04; Figure II.14, right panel B) negatively influencing the association 

between the proportion of voxels in the medial subdivision within the RFPN during the baseline 

resting-state and the associative memory performance. The indirect effect through the right medial 

thalamic BOLD signal during retrieval showed significance in the same direction found in the RUB 

results (M2: std. β [bootstrapped 95% CI] = 0.03 [0.002; 0.60]; R2 =0.04; p=0.03; Figure II.14, right 

panel B). The same model in the same network was significant also in the left hemisphere (std. β 

[bootstrapped 95% CI]=0.16 [0.07; 0.26]; R2 =0.1; p=0.001; Figure II.14, left panel B) considering 

the indirect effects of left anterior BOLD signal during encoding (M1: std. β [bootstrapped 95% CI] 

= -0.039 [-0.08; -2e-04]; R2 =0.04; p=0.05; Figure II.14, left panel B) and the left medial BOLD signal 

during retrieval (M2: std. β [bootstrapped 95% CI]=0.046 [0.0002; 0.09]; R2 =0.04; p=0.05; Figure 

II.14, left panel B).  

Overall, results show that the BOLD signal from the anterior subdivision during encoding and 

the BOLD signal from the medial subdivision during retrieval have independent indirect effects on 

the association between the recruitment of the thalamic subdivision during baseline resting-state and 

individual memory performance.  
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Figure II. 14 Indirect effects of BOLD task activity between baseline resting state and the memory 
performance. Diagrams represent the SEM on (A) the RUB and (B) UNIBA samples testing the relationship 
between the proportion of positive active voxels extracted from the right medial thalamic subdivision during 
baseline resting state and the memory index as mediated by the BOLD signal extracted from the anterior 
thalamic subdivision during the encoding and the BOLD signal extracted from the medial thalamic subdivision 
during retrieval. Standardized β coefficients for each path are displayed. Significant direct paths are depicted 
with bold red lines, while significant indirect paths are reported with bold black lines. Continuous lines represent 
significant paths, while dashed lines represent a nonsignificant effect. Significant was set at α < 0.05 and is 
marked with asterisks. The goodness of fit is reported for each model as the standardized root mean square 
residual (SRMR), the Tucker–Lewis index (TLI), and the comparative fit index (CFI). As the rule of thumb 
guidelines is that CFI ≥ 0.95, TLI ≥ 0.95, and RMSEA ≤ 0.05 represent an excellent fitting model, the right 
hemisphere model in the UNIBA sample shows the best model fit. R, right; L, left; RFPN, right frontoparietal 
network; LFPN, left frontoparietal network. 

2.3.2.5. K-means clustering on the individual-level thalamic 

recruitment during the associative memory task differentiates 

individuals’ pathways supporting memory performance 

To clarify whether individuals differentially recruit distinct cortico-thalamic pathways, we performed 

a k means clustering of observations in the UNIBA datasets. Clustering performances are depicted in 

Figure II.15A-B, and an optimal number of clusters k=3 has been identified using both the left and 

the right hemisphere data (Left: Cluster 1, N=27; Cluster 2, N=44, Cluster 3, N=30. Right: Cluster 1, 

N=34; Cluster 2, N=39, Cluster 3, N=28. Figure II.15C). The overall clustering stability reached 

S=0.93 for the right hemisphere and S=0.89 for the right hemisphere.  
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Figure II. 15 k-mean clustering performance in the UNIBA sample. A. Barplot shows the optimal number 
of clusters determined through the NbClust method (k = 3). B. Sum of square distances for determining the 
best number of clusters through the elbow method (k = 3). C. Clusters obtained for the left and right 
hemispheres are represented on the distribution of the BOLD signal extracted from the anterior subdivision 
during the encoding (x-axis) and the medial subdivision during the retrieval (y-axis). Cluster 1 is depicted in 
green, Cluster 2 in orange, and Cluster 3 in violet. R, right; L, left; BOLD, blood oxygenation level-dependent. 

In the right hemisphere, Cluster 1 was characterized by i) the lowest performance (Cluster 1 

vs. Cluster 2: Z=-3.10, r=0.36, p=2e-03, pFDR=5e-03; Cluster 1 vs. Cluster 3: Z=-1.33, r=0.17, 

p=0.18, pFDR=0.2. Figure II.16A), ii) the lowest proportion of significant active voxels in medial 

subdivision during baseline resting-state (Cluster 1 vs. Cluster 2: Z=-2.75, r=0.6, p=6e-03, 

pFDR=0.01; Cluster 1 vs. Cluster 3: Z=-3.09, r=0.66, p=2e-03, pFDR=5e-03. Figure II.16B), iii) a 

higher BOLD signal from the anterior subdivision during the encoding compared to Cluster 2 (Z=4.02, 

r=0.47, p= 5.74e-05, pFDR= 5.74e-05), but lower compared to Cluster 3 (Z=-5.03, r=0.53, p= 5.07e-

07, pFDR=1.01e-06), and iv) lowest BOLD signal from the medial subdivision during the retrieval 
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(Cluster 1 vs. Cluster 2: Z=-7.29, r=0.85, p=3e-13, pFDR = 9e-13; Cluster 1 vs. Cluster 3: Z=-6.59, 

r=0.83, p= 4.51e-11, pFDR = 9.02e-11. Figure II.16C). This pattern suggests that lower recruitment 

of the medial subdivision before the associative encoding may be detrimental to memory performance 

regardless of the activation level of the anterior and medial subdivisions during the task performance. 

Cluster 2 represents the best performers (Cluster 2 vs. 1: Z=3.10, r=0.36, p=2e-03, pFDR=5e-

03; Cluster 2 vs. 3: Z=-1.18, r=0.22, p=0.07, pFDR=0.13) showing i) an intermediate level of medial 

thalamic recruitment during baseline resting-state, yet not significantly different from Cluster 3 (Z=-

1.94, r=0.42, p=0.06), ii) a pattern of lower activation of the anterior subdivision during encoding and 

iii) greater activation of the medial subdivision during the retrieval. This pattern suggests that greater 

recruitment of the medial subdivision, compared to Cluster 1, prior to associative encoding, along 

with deactivation of the anterior subdivision during encoding and increased activation of the medial 

subdivision during associative retrieval, characterizes the best performers. 

Cluster 3 represents individuals with a nominally intermediate performance, even though no 

significant differences were reported with the performance of individuals in Cluster 2 (Z=-1.82, 

r=0.22, p=0.07, pFDR=0.13) or Cluster 1 (Z=-1.33, r=0.17, p=0.18, pFDR=0.2). In contrast, 

individuals in Cluster 3 showed the highest recruitment of the medial subdivision during baseline 

resting-state, yet not different from Cluster 2 (Z=1.94, r=0.42, p=0.06, pFDR=0.06), and a pattern of 

enhanced activation of both the anterior subdivision during encoding and the medial subdivision 

during the retrieval. We found a similar pattern in the left hemisphere, as shown in Figure II.16. These 

patterns suggest that the highest recruitment of the medial subdivision during the baseline supports 

an optimal medial subdivision activation during the task performance. This applies even without the 

suppression of the anterior subdivision during the encoding to promote memory performance. 

The Sørensen–Dice index on cluster membership across hemispheres showed similarity at 

0.63 for Cluster 1, 0.72 for Cluster 2, and 0.51 for Cluster 3, suggesting a substantial yet partial 
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consistency across hemispheres. Clusters showed no differences (pFDR>0.05) in age, sex, education, 

and intellective quotient, suggesting no nuisance effects of these variables on the clustering results. 

 

Figure II. 16 Clusters of individuals in the UNIBA dataset use different thalamocortical pathways. A. 
Boxplots show the differences in associative memory performance across the clusters of individuals obtained 
through the k-mean clustering. For the left hemisphere, Cluster 1 shows the lowest performance indices 
compared to Cluster 2 (Z=-3.53, r=0.42, p=4.12e-04, pFDR=0.001) and Cluster 3 (Z=-2.61, r=0.35, p=0.009, 
pFDR=0.017). Clusters 2 and 3 show no differences (Z=1.01, r=0.10, p=0.3). The same pattern is preserved in 
the right hemisphere (Cluster 1 vs. 2: Z=-3.10, r=0.36, p=0.002, pFDR=0.005; Cluster 1 vs. 3: Z=-1.33, r=0.17, 
p=0.18; Cluster 2 vs. 3: Z=-1.18, r=0.22, p=0.07). B. Barplots show the differences in the percentage of 
significant voxels within the RFPN and the LFPN during baseline resting-state across the clusters of individuals 
identified through the k-mean clustering. For the left hemisphere, Cluster 1 shows lower medial subdivision 
recruitment compared to Cluster 2 (Z=-1, r=0.16, p=0.5) and Cluster 3 (Z=-3.31, r=0.69, p=9.3e-04, 
pFDR=0.003). Also, Cluster 3 shows higher medial subdivision recruitment compared to Cluster 2 (Z=2.29, 
r=0.55, p=0.22, pFDR=0.045). The same pattern is preserved in the right hemisphere (Cluster 1 vs. 2: Z=-2.75, 
r=0.66, p=0.006, pFDR=0.013; Cluster 1 vs. 3: Z=-3.09, r=0.65, p=0.002, pFDR=0.005), but Cluster 2 and 3 
comparison shows only a statistical trend (Z=-1.94, r=0.42, p=0.05, pFDR=0.06). C. Boxplots show the 
differences in BOLD signal extracted from the anterior subdivision during the encoding and the medial 
subdivision during the retrieval across the clusters of individuals obtained through the k-mean clustering. For 
the left hemisphere, Cluster 2 shows the lowest BOLD signal from the anterior subdivision compared to Cluster 
1 (Z=-5.43, r=0.64, p=5.76e-08, pFDR=1.15e-07) and Cluster 3 (Z=-9.43, r=0.89, p=4.26e-21, pFDR=1.28e-20). 
Cluster 1 shows a lower BOLD signal from the anterior subdivision than Cluster 3 (Z=-3.29, r=0.43, p=1e-03, 
pFDR=1e-03). Also, Cluster 1 shows the lowest BOLD signal from the medial subdivision compared to Cluster 
2 (Z=-7.03, r=0.83, p=2.04e-12, pFDR=6.12e-12) and 3 (Z=-6.44, r=0.85, p=1.22e-10, pFDR=2.44e-10). Clusters 
2 and 3 show no significant differences in the BOLD signal extracted from the medial subdivision (Z=1.01, 
r=0.1, p=0.4). The same pattern is preserved in the right hemisphere concerning the BOLD signal extracted 
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from the anterior subdivision during the encoding (Cluster 1 vs 2: Z=4.02, r=0.47, p=5.74e-05, pFDR=5.74e-
05; Cluster 1 vs 3: Z=-5.02, r=0.64, p=5.07e-07, pFDR=1.01e-06; Cluster 2 vs. 3: Z=-8.95, r=0.8, p=3.41e-19, 
pFDR=1.02e-18) and from the medial subdivision during the retrieval session (Cluster 1 vs. 2: Z=-7.29, r=0.85, 
p=3e-13, pFDR=9e-13; Cluster 1 vs. 3: Z=-6.59, r=0.84, p=4.51e-11, pFDR=9.02e-11; Cluster 2 vs. 3: Z=0.7, 
r=0.08, p=0.5). Abbreviations: R=right; L=left; BOLD = Blood Oxygenation Level Dependent. 
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2.4. Discussion 

Building on prior evidence linking individual memory performance to medial thalamic connectivity 

with frontoparietal cortices prior to learning, our investigation delves into the role of cortico-thalamic 

recruitment in supporting memory across two independent samples. Briefly, we found that the neural 

activity in the anterior and medial thalamic subdivisions is associated with memory encoding and 

retrieval during task performance. The engagement of these thalamic subdivisions with cortical 

networks differs not only across scans but also among individuals, correlating with memory 

performance. The major strength of this study lies in the implementation of two independent samples, 

overcoming the main limitation—namely, the lack of a replication dataset—present in the previous 

study by Passiatore et al. (2021). 

2.4.1. Interindividual variability in thalamic activity during 

memory task 

Our group-level analysis of task activity showed consistent activations of the MTL and the 

frontoparietal cortices across samples, representing well-established components of the episodic 

memory network (Cansino et al., 2002; Muzzio et al., 2009; Aminoff et al., 2013; Opitz, 2014). 

Significant task-dependent thalamic activity extended across all thalamic subdivisions, with the 

predominant engagement of the posterior and medial subdivisions during associative encoding. 

Greater involvement of the anterior subdivision was descriptively observed in the retrieval contrasts 

compared to encoding, suggesting possible overlapping processes across samples (Mayes et al., 2007). 

However, our experimental framework does not allow us to determine that the brain performs 

identical operations under two related yet different memory paradigms. Indeed, dissimilarities in 

anterior thalamic spatial recruitment were reported across samples, likely reflecting the different 

cognitive demands during retrieval. Past research indicates the critical role of anterior subdivisions in 



82 

 

processes associated with recognition and recall (Pergola et al., 2013a; Sweeney Reed et al., 2014; 

Carlesimo et al., 2015), while the medial subdivision is implicated in executive functioning and 

attentional processing supporting memory encoding and retrieval (Pergola et al., 2012).  

It is worth noting that the observed activities may encompass perceptual effects not necessarily 

related to memory processes (Saalmann and Kastner, 2011; Antonucci et al., 2021), implicating the 

posterior and ventral subdivisions, which are comparatively less involved in memory (Van Der Werf 

et al., 2003; Hwang et al., 2017). Two key considerations arise regarding the role of these small regions 

compared to well-studied areas like the cortex, where signals are distributed over larger areas (Hermes 

et al., 2012; Raimondo et al., 2021): first, the fMRI spatial resolution may lead to mixed signals when 

detecting effects in small regions (Pergola et al., 2013b; Phillips et al., 2021), as shown by the 

correlations across subdivision FC; second, anatomical studies have shown considerable variability in 

thalamic structures across individuals (Johansen-Berg et al., 2005; Fama and Sullivan, 2015; Georgescu 

et al., 2020). Therefore, spatially averaged group analyses may overlook individual variations in 

subcortical signals. We thus prioritized individual signals from segmented thalamic subdivisions in 

native space, thereby reducing registration errors and providing a more precise assessment of the 

contributions of smaller regions to behavior (Seibert et al., 2012; Meyer et al., 2017). Our individual-

level findings consistently show deactivation of the anterior thalamic subdivision during associative 

memory encoding, followed by activation of the medial subdivision during retrieval in both samples, 

despite differences in retrieval task demands. This pattern replicates previous evidence linking the 

deactivation of the anterior subdivision to subsequent memory performance (Wagner et al., 2019; 

Geier et al., 2020). Deactivating the anterior thalamus may facilitate the encoding of new memories 

without concurrent retrieval interference. This hypothesis may also explain palinopsia in patients with 

acute anterior thalamic ischemia, in which mnestic traces overlap (Ghika-Schmid and Bogousslavsky, 

2000; Cipolotti et al., 2008; Carlesimo et al., 2011). A possible mechanism involves the hippocampal 
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reactivation of prior traces through the anterior thalamus, whose suppression is thus essential for 

memory encoding (Aggleton and O’Mara, 2022). Pergola and Suchan (2013) proposed that the 

anterior nuclei may be required for instantiating the cortical synaptic plasticity patterns necessary for 

transferring memory traces from the hippocampus to the neocortex. Therefore, optimal encoding may 

involve the activation of medial subdivision alongside anterior suppression during tasks. 

The discrepancy between our group-level and individual-level results underscores the value of 

our methodological approach. It enables us to relate individual-level neurobiology underlying memory 

processes in such small regions while addressing behavioral variability. 

2.4.2. Task comparability and the nature of associative retrieval 

One possible concern in interpreting our findings is the comparison of results from two different 

memory paradigms. While associative encoding is common in both tasks, their retrieval phases differ 

in structure and cognitive demands. During fMRI retrieval, both RUB and UNIBA tasks involve 

recognition, which entails single-item recognition (without associative retrieval demand) and picture-

pair recognition (with cue-based associative retrieval demand), respectively. However, the RUB task 

includes a post-scanning forced-choice associative test, allowing us to retrospectively assess associative 

memory performance. To address this asymmetry, our approach was to ‘enrich’ the interpretation of 

retrieval-related neural activity by considering the broader context of associative encoding and post-

task recall, thereby capturing associative contributions indirectly. 

Nonetheless, the assumption that the UNIBA retrieval task exclusively taps into associative 

memory is not without debate. As Mayes et al. (2007) and others have argued, recognition of 

composite stimuli—such as picture pairs—can be supported by familiarity when the items are 

perceived as a single, unitized representation rather than as two distinct elements requiring relational 

binding (Yonelinas, 1999; Quamme et al., 2007; Elfman et al., 2008). This unitization process allows 
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familiarity, typically considered a non-associative mechanism, to support performance in tasks that 

appear associative on the surface. Therefore, both tasks may involve a mixture of associative and non-

associative processes, depending on how participants encode and retrieve the stimuli. This similarity 

in underlying processes may explain the consistent brain activation patterns observed across samples 

during retrieval, particularly in the medial subdivision, which is implicated in both executive control 

and familiarity-based recognition (Mitchell & Chakraborty, 2013; Pergola et al., 2013a). Moreover, our 

behavioral results support the idea that both tasks may involve overlapping cognitive mechanisms. In 

the RUB sample, participants were faster in recognizing previously seen items than rejecting new ones, 

suggesting a strong familiarity component. In contrast, the UNIBA sample showed higher accuracy 

for intact pairs than for rearranged ones, consistent with associative retrieval demands, but without 

significant differences in reaction times. These patterns suggest that, although the tasks differ in format, 

they may converge in the underlying cognitive operations and neural substrates they engage, 

particularly in the thalamocortical circuits that support memory retrieval. 

Ultimately, although we acknowledge that we cannot claim full equivalence in latent cognitive 

processes across tasks, the convergence of behavioral and neural findings across samples strengthens 

the validity of our conclusions. Future studies using within-subject designs and parametric 

manipulations of associative strength could help disentangle the contributions of familiarity and 

recollection more precisely. 

2.4.3. Functional activation and deactivation of the 

anterior and medial thalamic subdivisions 

The observed deactivation of the anterior thalamic subdivision during memory encoding may reflect 

a gating mechanism that facilitates the suppression of interfering mnemonic traces. This interpretation 

aligns with prior evidence suggesting that the anterior thalamus, through its connections with the 
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hippocampus and retrosplenial cortex, plays a pivotal role in recall-based recognition (Aggleton et al., 

2011; Pergola et al., 2013a). Its transient deactivation during encoding could prevent the reactivation 

of previously stored information, reducing proactive interference and enhancing the encoding of novel 

associations (Aggleton & O’Mara, 2022; Geier et al., 2020). In neuroimaging, the terms “activation” 

and “deactivation” typically refer to positive and negative BOLD responses, respectively. These signal 

changes arise from neurovascular coupling—the relationship between neural activity and 

hemodynamic parameters such as cerebral blood flow (CBF), cerebral blood volume (CBV), and the 

cerebral metabolic rate of oxygen consumption (CMRO₂). While the positive BOLD response (PBR) 

is generally interpreted as a marker of increased neural activity, the physiological basis of the negative 

BOLD response (NBR) remains a topic of ongoing debate. The PBR is characterized by a well-defined 

temporal profile, including an initial dip (0–3 s), a main peak (3–11 s), and a post-stimulus undershoot 

(11–17 s). In contrast, the NBR is less consistently shaped but is typically defined by a sustained signal 

decrease below baseline during the 3–11 s window. Varying and often conflicting reports on its 

vascular and metabolic contributors have hindered the identification of its physiological basis. As a 

result, discussions of the NBR have considered a variety of possible mechanisms, which can be broadly 

categorized into vascular and neuronal origins (Devor et al., 2008; Nagaoka et al., 2006; Schridde et 

al., 2008; Shih et al., 2009). The vascular hypothesis, referred to as the hemodynamic steal hypothesis or the 

blood-steal hypothesis, is based on the blood-steal mechanism. According to this effect, NBR in one area 

arises because increased CBF in adjacent activated regions leads to reduced perfusion in nearby areas 

(Harel et al., 2002; Hu and Huang, 2015; Kannurpatti and Biswal, 2004; Ma et al., 2017; Puckett et al., 

2014), and venous backpressure effects (Bandettini, 2012; Goense et al., 2012; Huber et al., 2014; 

Shmuel et al., 2006). Neuronal explanations include both decreased excitatory activity and active 

inhibition (Boorman et al., 2010; Huber et al., 2014; Logothetis, 2002; Mullinger et al., 2014; Nakata 

et al., 2019; Shmuel et al., 2006, 2002; Wilson et al., 2019). In the neural inhibition hypothesis (Shmuel et 
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al., 2002; Buzsaki et al., 2007; Devor et al., 2008), NBR are caused by local neural inhibition, for 

example, deactivation of the DMN in conjunction with activation in distributed task-positive networks 

(Raichle et al., 2001; Gusnard et al., 2001) or in the ipsilateral somatosensory cortex (Schafer et al., 

2012; Klingner et al., 2010). This hypothesis is supported by observations of decreased local field 

potential activity in primates (Shmuel et al., 2006) and rats (Boorman et al., 2010, 2015; Lee et al., 

2019). Also, in humans, correlations between NBR and 8–13 Hz alpha-frequency EEG power have 

been observed (Mullinger et al. 2014; Wilson et al. 2019) as well as decreases in oxygen metabolism in 

human motor and visual cortex NBR regions (Mullinger et al. 2014; Pasley et al. 2007; Shmuel et al. 

2002; Stefanovic et al. 2004). Moreover, NBRs have been linked to decreased CMRO₂ in visual and 

motor cortices (Stefanovic et al., 2004; Pasley et al., 2007), and to GABAergic inhibition (Koush et al., 

2021). These findings suggest that NBRs may reflect active cortical suppression rather than a passive 

hemodynamic artifact. However, whilst such studies suggest that the NBR reflects, at least in part, a 

measure of cortical deactivation (Sten et al. 2017), caution should be taken in assuming the NBR 

represents the simple neurophysiological inverse of the PBR (Devi et al. 2022; Huber et al. 2014; 

Mayhew et al. 2014; Mullinger et al. 2014; de la Rosa et al. 2021). 

In our study, in the context of the anterior thalamus, we found a consistent association 

between negative BOLD during encoding and better memory performance across samples, supporting 

the hypothesis of a functional suppression mechanism, possibly aimed at minimizing interference 

from previously encoded traces (Wagner et al., 2019; Pergola et al., 2018). Conversely, the medial 

thalamic subdivision, particularly the MD nucleus, showed increased activation during retrieval, 

supporting its involvement in executive control processes such as attentional allocation and goal-

directed memory search (Mitchell & Chakraborty, 2013; Antonucci et al., 2020).  Finally, while most 

NBR research has focused on cortical regions, subcortical structures, such as the thalamus, present 

additional challenges due to their smaller size and distinct vascular architecture (Mishra et al., 2011). 
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Thus, these findings provide additional evidence on the meaning of the NBRs, particularly in favor of 

the neural inhibition hypothesis, suggesting a functional dissociation between thalamic subdivisions, 

with the anterior nucleus acting as a gatekeeper during encoding and the medial nucleus facilitating 

controlled retrieval processes. 

2.4.4. The role of the medial thalamic subdivision within 

cortico-thalamic interplay across learning stages 

Recent studies have shown that multi-scan fMRI effectively captures individual differences in neural 

recruitment during memory and learning tasks (Tambini et al., 2010; Brodt et al., 2018; Wagner et al., 

2019; Passiatore et al., 2021). Our previous research found changes in thalamic FC with the FPN as a 

function of learning, comparing baseline to post-encoding resting-state (Passiatore et al., 2021), 

suggesting a consistent association between thalamic FC and performance across participants. 

Upon closer examination of the same dataset reported by Passiatore et al. (2021) and the larger 

UNIBA sample, we observed a distinct outcome. Our results highlight the prominent role of the 

medial subdivisions in cortico-thalamic recruitment within the bilateral FPNs during baseline resting 

state, predicting memory performance. In contrast, the best performers exhibited reduced recruitment 

of the medial subdivision in the bilateral DMN during baseline. The involvement of medial 

subdivisions prior to task performance may facilitate preparatory operations across cortical circuits 

instrumental to encoding (Sweeney-Reed et al., 2015; Perakyla et al., 2017), possibly influencing arousal 

and attentiveness during task performance (Saalmann et al., 2012). Indeed, the medial thalamic 

subdivision likely interacts with cortical activity during high-load cognitive processes, which 

subsequently contribute to supporting memory (Pergola et al., 2018). Hence, in the context of memory, 

the function of medial subdivisions may extend beyond information retrieval to facilitate the 

processing of information that will be later transmitted to the corticothalamic circuit for subsequent 

recall (Antonucci et al., 2020). 
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The results obtained from the structural equation modeling framework analysis bolster the 

hypothesis regarding the broader role of the medial thalamic subdivision in distributed processing for 

executive control (Antonucci et al., 2020). The independent indirect pathways involving the anterior 

and mediodorsal nuclei account for different proportions of variance in performance, indicating that 

mediodorsal thalamus recruitment during retrieval is not reliant on anterior nuclei activity. This 

functional dissociation aligns with lesion studies showing differential cognitive deficits in patients with 

focal tuberothalamic versus paramedian thalamic damage (Pergola & Suchan, 2013), where anterior 

lesions impair recall and spatial memory, while mediodorsal lesions affect executive functioning and 

strategic retrieval. 

Interestingly, our data show an absence of direct correlations between anterior/encoding and 

medial/retrieval pathways, despite both contributing indirectly to memory performance. This pattern 

proposes an individual stratification, in which the individuals recruiting anterior/encoding pathways 

are different from those showing medial/retrieval mediation. This perspective is supported by 

clustering analyses across individuals based on thalamic-frontoparietal configurations during task 

performance. Specifically, the optimal memory profile involves medial thalamic recruitment during 

baseline resting state, anterior thalamic deactivation during encoding, and medial thalamic activation 

during retrieval. However, even in the absence of anterior/encoding and medial/retrieval recruitment, 

recruiting the medial subdivision during the baseline resting state predicts better memory performance, 

underscoring its preparatory role in cognitive readiness and attentional set (Sweeney-Reed et al., 2015; 

Hwang et al., 2022). 
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2.4.5. Variability in Lateralization of Thalamic 

Contributions to Memory 

Clustering analysis also indicated different clustering membership across hemispheres, suggesting 

variability in lateralization related to memory processes. This means that participants did not 

consistently recruit the same thalamic subdivisions across hemispheres. This variability in recruitment 

patterns across individuals and hemispheres suggests a nuanced lateralization of thalamic 

contributions to memory, possibly indicating that the lateralization of thalamic function is not fixed 

but rather reflects dynamic, context-dependent configurations of cortico-thalamic circuits.  

Hemispheric asymmetries in thalamic connectivity have been observed in both healthy 

populations and clinical groups, with implications for the specialization of verbal versus spatial 

memory (Zhou et al., 2020; Bocchetta et al., 2021). While classical models of hemispheric 

specialization suggest a left-hemisphere dominance for verbal memory and a right-hemisphere bias 

for visuospatial memory (Kelley et al., 1998; Golby et al., 2001), recent neuroimaging studies have 

shown that this dichotomy is not absolute and may vary significantly across individuals depending on 

task demands, cognitive strategies, and intrinsic network organization (Seghier & Price, 2018; Kong 

et al., 2019). 

This variability may be influenced by individual differences in structural connectivity between 

the thalamus and cortical association areas. For example, diffusion tensor imaging (DTI) studies have 

shown asymmetries in thalamocortical tracts, particularly those connecting the mediodorsal thalamus 

to the PFC, which may underlie lateralized patterns of executive control and memory retrieval 

(Johansen-Berg et al., 2005; O'Muircheartaigh et al., 2011). Moreover, functional asymmetries in 

thalamic activation have been observed in clinical populations, such as in patients with temporal lobe 

epilepsy or SCZ, where disrupted lateralization patterns are associated with cognitive impairments and 

altered network dynamics (Zhou et al., 2020; Hwang et al., 2022). 
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Importantly, the lateralization of thalamic contributions to memory may also interact with age 

and neurodevelopmental stages. Despite finding no effect of age on memory performance in both 

samples, data from individuals aged 18 to 61 years were included in the clustering, indicating a wide 

range of variability. In younger individuals, hemispheric specialization may be less pronounced, 

allowing for more bilateral recruitment of thalamic and cortical regions during memory tasks. In 

contrast, aging and neurodegenerative processes may exacerbate hemispheric asymmetries or lead to 

compensatory recruitment of contralateral regions (Cabeza et al., 2002). These findings underscore 

the need for individualized approaches in both research and clinical assessment, as group-level analyses 

may obscure meaningful lateralized patterns that are critical for understanding memory function and 

dysfunction. Further investigations in larger age groups are warranted to study neurodevelopmental 

or aging effects associated with memory. 

2.4.6. Abnormal memory functioning in clinical conditions 

The present findings, which highlight interindividual variability in thalamic recruitment patterns, 

suggest that distinct neural strategies may underlie similar behavioral outcomes. This is relevant for a 

clinical translation, as it is well-known that the thalamus functioning is altered in many disorders, 

including Alzheimer’s disease (Braak & Braak, 1991), SCZ (Popken et al., 2000), Parkinson’s disease 

(Henderson et al., 2000), autism spectrum disorder (Woodward et al., 2017), as well as frontotemporal 

dementia (Bocchetta et al., 2021) and major depressive disorder (Zhu et al., 2021), in which thalamic 

atrophy and hypoconnectivity are often associated with impairments in episodic memory, attention, 

and executive function. 

Specifically, damage to the MD is known to produce symptoms similar to those observed after 

damage to the PFC, including diminished behavioral flexibility and working memory impairment 

(Daum & Ackermann, 1994; Van der Werf et al., 2000, 2003). These deficits appear to be more closely 
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linked to damage of the lateral MD nucleus, which establishes strong and reciprocal connectivity with 

the dorsolateral PFC, while damage to the medial portion produces deficits in long-term memory 

(Halassa & Kastner, 2017; Van der Werf, 2000). These findings support the important role of the 

medial subdivision in high cognitive processes, as it can fine-tune cortical activity to face ongoing 

behavioral challenges (Schmitt et al., 2017; Rikhye et al., 2018; Halassa and Kastner, 2017). This 

explains why MD dysfunctions can produce several mental conditions. 

In this study, the medial thalamus—through its engagement with FPN networks—emerges as a key 

node in preparatory and executive processes that support memory encoding and retrieval. Its 

functional integrity may serve as a predictive marker for cognitive decline in aging and 

neurodegenerative conditions (Fama & Sullivan, 2015; Hwang et al., 2017), as well as in psychiatric 

disorders such as SCZ, where episodic memory deficits are a core cognitive symptom (Ragland et al., 

2015; Antonucci et al., 2020). Multiple measures have shown that MD-PFC structural (Girarldo-Chica 

et al., 2018) and functional connectivity (Woodward & Heckers, 2016; Pergola et al., 2015) are 

diminished in SCZ. These abnormalities are believed to disrupt thalamo-prefrontal circuits, which are 

critical for working memory, episodic encoding, and retrieval. Additional evidence supporting this link 

comes from recent deep-brain stimulation results from treatment-resistant SCZ patients, which 

indicate that targeting inhibitory inputs to the MD significantly reduces their hallucinations and 

delusions (Nucifora et al., 2019). Converging evidence from high-resolution fMRI and diffusion 

imaging supports the notion that thalamic dysconnectivity represents a robust biomarker of cognitive 

impairment in SCZ (Anticevic et al., 2014; Hwang et al., 2022) and may even precede the clinical onset 

of psychosis in high-risk individuals (Sarpal et al., 2020). Furthermore, the researchers found that 

thalamic connectivity in areas of the FPN correlated with cognitive function, including verbal learning 

and memory (Woodward & Heckers, 2016). Using PET to explore cognitive abnormalities in SCZ, 

Andreasen et al. (1996) demonstrated the existence of a prefrontal-thalamic-cerebellar network that 
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was dysfunctional in patients with SCZ compared with healthy participants in recalling complex 

narrative material (Andreasen et al., 1996). 

The use of spatially informed metrics—such as the proportion of significant voxels within 

thalamic subdivisions—may offer more sensitive biomarkers than traditional FC measures, particularly 

in capturing subtle individual differences relevant for clinical prognosis and treatment response 

(Seghier & Price, 2018; Keller et al., 2023). These metrics may also be useful in tracking longitudinal 

changes in thalamic function in response to pharmacological or behavioral interventions. Ultimately, 

understanding the phase-specific contributions of thalamic subdivisions to memory processes, as 

demonstrated in this study, may inform the development of targeted diagnostic tools and therapeutic 

strategies across a spectrum of brain disorders. 

2.4.7. Limitations 

In addition to the limitations already mentioned, our study lacks a control group performing an fMRI 

task unrelated to memory, which would test the specificity of our findings. We cannot rule out that 

differences between the two resting-state scans in the RUB experiment are attributable to test-retest 

reliability or the time elapsed, rather than to the memory task itself. Given the differences in retrieval 

task demands across the two datasets, our results should not be regarded as an exact replication. 

Nonetheless, the similarity in brain patterns observed during retrieval suggests that both single-items 

and picture-pairs involve thalamo-cortical contributions tapping into associative memory as captured 

by fMRI (Vatansever et al., 2021; Ambrus, 2024), despite the varying cognitive demands of the tasks. 

Moreover, although our results were consistent across two fMRI datasets acquired at different 

resolutions, recent advancements in enhancing signal quality in subcortical regions, particularly the 

thalamic nuclei (Alkemade et al., 2022), warrant cautious interpretation of these findings. Additionally, 

we recognize the limitation of the sample size in the clustering analyses. Therefore, we encourage you 
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to view the clustering results from the UNIBA dataset as an important step toward replication with 

larger groups. Finally, despite finding no age effects on memory performance in our sample, further 

investigations across larger age groups are warranted to examine neurodevelopmental or aging effects 

on memory. 

2.4.8. Conclusions 

In this study, we show that different individuals may recruit distinct cortico-thalamic resources, which, 

in turn, are associated with learning success. A prior brain configuration involving the recruitment of 

the medial subdivision within the FPN may be advantageous for subsequent recall of encoded 

memories, with the deactivation of the anterior subdivision during encoding and activation of the 

medial subdivision during retrieval. The strength of this study is its individualized approach, which 

emphasizes individual differences rather than group-level average analysis that identifies similarities 

among participants, thereby highlighting the uniqueness of each person’s learning processes and 

related brain organization. Understanding the distinct roles of thalamic nuclei in episodic memory 

holds significance for clinical conditions affected by learning and memory impairments. Enhancing 

our understanding of thalamic functions and their link to mental disorders is critically important from 

a basic neuroscience viewpoint, and it also has the potential to guide clinical applications, including 

deep brain stimulation and neurofeedback. 
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Chapter 3 

Study 2: fMRI Reward Response Classifies 

Human Participants into Sign- and Goal-

Trackers and Is Associated with Response to 

Antipsychotics 

This chapter is based on the manuscript titled “Reproducible Human Reward Imaging 

Phenotypes Exhibit Differential Sensitivity to Dopamine D2 Receptor Antagonism”, which 

has been submitted for publication. 

Introduction 

In environments, individuals are constantly exposed to a multitude of stimuli and cues that can 

influence their behavior. A rewarding stimulus is an object, event, activity, or situation that has the 

potential to motivate an individual to approach and engage with it (Schultz, 2015). Rewards possess 

appetitive and motivational properties, which can increase the likelihood of the behaviors that 

immediately precede them; this is known as “positive reinforcement”. In contrast, “aversive” stimuli 

suppress the occurrence of preceding behaviors and are referred to as “negative reinforcers” (Ernst 

& Spear, 2009). From an evolutionary perspective, rewards are crucial for survival, as individuals must 

simultaneously avoid threats and seek out positive stimuli to ensure their well-being. 

Animal studies have identified several psychological components of reward: “liking” (core 

reactions to hedonic impact), “wanting” (the motivation process of incentive salience), and “learning” 

(Pavlovian or instrumental associations and cognitive representations) (Berridge & Robinson, 2003). 

Evolutionarily, “wanting” probably developed first to motivate the search for food and mates, while 
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“liking” evolved later to improve this pursuit. For optimal functioning, “liking” and “wanting” should 

cohere, encouraging individuals to pursue actions that lead to positive outcomes. However, they are 

distinct processes, with discriminable neural mechanisms (Berridge & Robinson, 2016; Berridge and 

Dayan, 2021). Specifically, the mesolimbic dopaminergic systems mediate “wanting”, but not “liking,” 

for the same reward (Berridge et al., 1989; Robinson & Berridge, 1993). 

Extensive studies in rodents discovered behavioral variability across mice in reward learning, 

distinguishing ST, who attribute incentive salience to reward-predictive cues, from goal-trackers GT, 

who focus on outcomes (Flagel & Robinson, 2009; Flagel et al., 2010; Gillis & Morrison, 2019, for a 

review see Felix & Flagel, 2024). Human studies replicating this model are limited, often 

underpowered, and focused on learning paradigms, with sparse evidence on the underlying neural 

processes (Colaizzi et al., 2023; Schad et al., 2024; Joyner et al., 2017). 

In animal studies, researchers often examine reward-cue responses in a state of deprivation 

using primary rewards, such as food and water (Lovic et al., 2011; Tomie et al., 2008; Meyer et al., 

2012). However, when studying humans, this state cannot be replicated for several reasons, including 

ethical concerns. Therefore, secondary rewards (i.e., monetary) are used as substitutes for the reward 

system in humans, as various studies have shown that primary and secondary reinforcements activate 

the brain in a similar manner (Sescousse et al., 2013). In these experimental paradigms, participants 

are given straightforward instructions to complete tasks, eliminating the need for prior learning 

(Knutson et al., 2000; Sescousse et al., 2013; Sambuco et al., 2020). The bulk of neuroimaging on 

rewards has been carried out with group-level derived BOLD contrasts using the MID (Knutson et 

al., 2000, 2001; Chen et al., 2022; Oldham et al., 2018; Wilson et al., 2018), which allows temporally 

separating the reward into two phases: the anticipation phase, when cues trigger reward prediction, 

and the outcome phase, in which reward feedback appears in case of correct performance (Haber & 

Knutson, 2010; Sescousse et al., 2013). These studies have established a robust and reproducible 
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model of the brain’s reward system, anchored in the mesolimbic dopaminergic pathway (Schultz, 2015; 

Berridge & Kringelbach, 2015). Specifically, the reward system involves multiple brain structures that 

are responsible for reward-related processing, including dorsal and VStr—that includes the NAc—

amygdala, insula, thalamus, various brainstem nuclei, and ACC and OFC, vmPFC and lateral frontal 

cortices (Knutson et al., 2001; O'Doherty et al., 2004; Haber & Knutson, 2010; For a detailed 

paragraph on the reward system in humans, explored using the MID, refer to paragraph 1.4.2 of 

Chapter 1). As such, in preclinical models of ST/GT, intra-accumbens injection of a DA antagonist 

substance significantly altered sign-tracking behavior, but not goal-tracking (Darvas et al., 2014; 

Saunders & Robinson, 2012), showing that ST behavior depends on striatal DA. 

Importantly, this variability is relevant to psychiatric disorders such as SCZ, ADHD, impulse 

control disorders, obsessive–compulsive disorder, posttraumatic stress disorder, and addiction (Felix 

and Flagel, 2024). In particular, the cue-driven, DA-sensitive sign-tracking behavior provides a 

mechanistic parallel to the hypothesis of aberrant salience in psychosis, where dysregulated DA 

signaling leads to inappropriate attribution of significance to otherwise neutral cues. Therefore, this 

model holds significant promise for advancing our understanding of the psychological and 

neurobiological mechanisms that contribute to vulnerability to psychopathology. 

Building on the validation of an individualized methodological approach with fMRI in the 

context of memory (Study 1), this Study 2 aims to apply an unsupervised machine learning technique, 

i.e., clustering, to translate the ST/GT framework into humans via fMRI to obtain a neuroimaging 

biomarker of incentive salience, which may be relevant to treatment response variability and clinical 

status. These studies lay the basis for fMRI-based clinical predictions and more personalized 

treatments. 
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3.1.1. The “Learning” component of the reward: the Sign-

tracker and Goal-tracker animal model 

Our behavior is shaped by stimuli or cues in the environment. Cues in the environment (e.g., sights, 

sounds, smells) play a significant role in associative learning processes because they predict positive or 

negative outcomes, which are essential for controlling behavior. The ‘learning’ component of reward 

is a process that enables cues that predict favorable outcomes to elicit motivated behavior. However, 

we know that individuals vary in their responses to environmental cues, and this variability is largely 

driven by differences in the propensity to attribute incentive value to a reward cue (Flagel et al., 2009). 

Stimuli associated with reward—either natural rewards (i.e., food, sex, water) or drugs of abuse—

become imbued with incentive salience, gaining the power to control behavior (Berridge & Robinson 

2003). 

Individual variation in reward learning can be observed using one of the simplest reward 

paradigms, Pavlovian conditioning, which refers to the behavioral and physiological changes that 

occur when a predictive relationship is established between a neutral stimulus and a consequent 

biologically significant event (Pavlov, 1927, 2010). In animal research, researchers used the 

“autoshaping” procedure, in which the brief presentation of a localizable discrete cue acting as a 

conditioned stimulus (CS) is predictive of the delivery of a food reward (unconditioned stimulus, US) 

immediately after its termination (Brown & Jenkins, 1968). In this framework, two distinct 

neurobiological and behavioral profiles emerged based on their propensity to attribute incentive 

salience to reward cues (anticipation) and to directly focus on reward outcome: sign-trackers (ST) and 

goal-trackers (GT). Specifically, although no action is required to obtain the food reward, upon lever-

cue presentation, ST approach and interact with the cue itself: nibbling it, sniffing it, and pressing on 

it (Flagel et al., 2009; Kuhn et al., 2018). They only approach the food delivery site upon retraction of 
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the lever-cue, at which time the food reward is delivered (Figure III.1). In contrast, GT, during the 

lever-cue presentation, acknowledges and sometimes orients toward the cue but then moves directly 

toward the location where the reward is to be delivered (Figure III.1). They primarily encode the 

predictive value of such cues, using them as signals that a reward is forthcoming, whereas ST attribute 

not only predictive but also incentive value, rendering the cue itself a “motivational magnet” capable 

of driving behavior (Anselme & Robinson, 2020; Berridge, 2007; Robinson & Flagel, 2009). Finally, 

another subset of the rats, termed intermediate responders (INT), exhibits both sign- and goal-tracking 

conditioned responses, with no clear preference for either and often vacillating between the two 

(Flagel et al., 2008, 2009; Meyer et al., 2012; Saunders & Robinson, 2012; Flagel & Robinson, 2017; 

Fitzpatrick & Morrow, 2020). In these studies, a large population of rats is approximately divided in 

one third of ST, one third INT responders, and one third GT, based on a score indicating the 

propensity of an individual rat to approach the CS (Figure III.1). 

 
Figure III. 1 Distribution of the Sign-Tracker/Goal-Tracker Phenotypes in a Large Rat Population 
and Associated Behaviors of Relevance to Psychiatric Disorders. This histogram represents a frequency 
distribution of the propensity to attribute incentive salience to a reward cue in 6,182 Sprague-Dawley rats. The 
Pavlovian conditioned approach index is a composite score used to assess the propensity of an individual rat 
to approach the lever conditioned stimulus (sign-tracking) versus the food cup (goal-tracking) across five 
conditioning sessions. An index of −0.5 to −1.0 indicates that the rat is a GT. An index of 0.5 to 1.0 indicates 
that the rat is an ST. An index between −0.5 and 0.5 indicates that the rat is an intermediate responder. Figure 
adapted from Felix and Flagel, 2024.  
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Sign-tracking and goal-tracking behavior reflect different attributions of 

incentive salience  

This variation in the conditioned behavior is not a matter of differences in the strength of Pavlovian 

learning, as both ST and GT learn the CS-food association. It rather reflects differences in the 

propensity to attribute incentive salience or motivational value to discrete localizable CS (Flagel et al., 

2009; Meyer et al., 2012; Robinson & Flagel, 2009; Saunders & Robinson, 2012; Lovic et al., 2011), 

leading to differentiated stable phenotypes (Figure III.2). Incentive salience is the motivational 

mechanism where the CS, or more generally, an environmental cue, becomes attractive, triggering a 

“wanting” for the associated reward. 

This attribution of value has been behaviorally quantified with the number of lever presses 

during cue presentation in the Pavlovian conditioned approach (PCA). In the PCA, the behavior of 

both ST and GT changed over time due to experience, but the nature of the conditioned response 

that emerged in the two groups was significantly different. Specifically, ST, which attribute high 

incentive salience to the CS, quickly learned to approach and manipulate the cue (lever) signaling 

impending reward delivery, resulting in significantly higher frequency of lever presses directed at the 

cue, as well as decreased latency to approach the lever. On the other hand, GT learned to approach 

the location where the reward would be delivered, showing minimal lever pressing and instead 

increasing their entries into the food magazine during the CS period (Flagel et al., 2009; Meyer et al., 

2012). Further, INT responders, who exhibit both sign- and goal-tracking behaviors, show a mixed 

pattern of lever pressing and magazine entries, often fluctuating across trials (Meyer et al., 2012; Flagel 

et al., 2008, 2009). Lovic and colleagues (2011), and more recently, Gillis & Morrison (2019), replicated 

these results, emphasizing the attribution of incentive salience to reward anticipation cues over time 

in ST but not GT. This variability suggests that lever pressing is a sensitive and scalable behavioral 

measure for parsing individual differences in reward learning. 
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Figure III. 2 Sign-tracking and goal-tracking behavior. The black circles represent the one-third of animals 
that made the most lever presses, or sign-trackers (ST; n = 14); open circles represent those in the bottom third, 
or goal-trackers (GT; n = 14); and gray circles represent those animals comprising the middle third, or the 
intermediate group (IG; n = 14). Data are expressed as mean ± S.E.M. and illustrated in 50-trial (2-session) 
blocks. Note that both sign-trackers and goal-trackers developed a learned (conditional) response (CR) at about 
the same rate, as indicated by the change in behavior over the course of training. However, for ST the CR was 
directed towards the CS-lever; whereas for the GT it was directed towards the food cup. Figure adapted from 
Flagel et al., 2009. 

3.1.2. Translating the ST/GT animal model in humans 

Over the past decade, translational efforts to identify individual differences in the propensity to sign-

track among humans have yielded results that closely mirror findings from animal studies (Garofalo 

& di Pellegrino, 2015; Colaizzi et al., 2020, 2023; Schad et al., 2020), supporting the validity and 



101 

 

relevance of the ST/GT framework across species, although with heterogenous methodologies (Heck 

et al., 2025). 

The literature on human ST and GT encompasses a wide range of experimental approaches, 

including both computerized paradigms and more ecologically valid, real-life tasks. A core challenge 

in translating this model to humans lies in the difficulty of directly measuring physical approach 

behaviors—such as latency to contact a cue or lever pressing—which are commonly used in animal 

studies. A widely used paradigm in human studies is the combination of PCA with “Pavlovian-to-

instrumental transfer” (PIT), which refers to the process by which a Pavlovian reward-paired cue 

acquires incentive motivational properties that drive choices (Holmes et al., 2010). Beyond 

measurement methods, studies differ widely in their categorization of participants into ST and GT 

groups. Categorization is typically based on a “response bias score” toward the CS, derived using 

tertile or median splits; however, some studies have adopted alternative techniques, such as latent 

profile analysis (Cope et al., 2023; Versace et al., 2016). Some frameworks include a third intermediate 

group for individuals displaying mixed behavioral patterns (Cope et al., 2023), as seen in animal models 

(Flagel et al., 2008, 2009; Saunders and Robinson, 2012), and sometimes exclude INT from further 

analysis (Colom, 2023; Schad et al., 2020; but Dinu et al., 2024, used both methods; Fitzpatrick & 

Morrow, 2020).  

Findings in animal studies showed heightened striatal activation in ST relative to GT in response 

to reward-associated cues, a pattern interpreted as reflecting greater attribution of incentive salience 

to the cue itself (Flagel et al., 2007, 2010; Darvas et al., 2014; Singer et al., 2016; Gillis & Morrison, 

2019). In contrast, GT focus on the reward outcome, demonstrating a more cognitively controlled 

strategy that facilitates goal-directed behavior (Pitchers et al., 2018). Building on this knowledge, 

Garofalo & di Pellegrino (2015) investigated, for the first time, the extent to which such individual 

differences might affect the influence of reward-paired cues in humans. In the first task, participants 
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learned an instrumental response that led to a reward; then, in the second task, a visual Pavlovian cue 

was associated with the same reward. Individuals were characterized as ST or GT based on their 

learned eye-gazes (i.e., conditioned response) directed toward either a visual cue (CS) or reward (US) 

location upon cue (CS) presentation. Finally, in a third task, the PIT paradigm with a monetary reward 

was tested by measuring the preference for the reward-paired instrumental response when the task-

irrelevant reward-paired cue was presented, in the absence of the reward itself. In ST, but not in GT 

individuals, reward-related cues biased behavior, resulting in an increased likelihood to perform the 

instrumental response independently paired with the same reward when presented with the task-

irrelevant reward-paired cue, even if the reward itself was no longer available (i.e., stronger PIT effect).  

More recently, Schad et al. (2020) combined eye-tracking and fMRI in humans to investigate 

the direction of the eye gaze and the pupillary response of healthy adult participants engaging in a 

Pavlovian conditioning task during fMRI. Similar to Garofalo and di Pellegrino (2015), individuals 

classified as ST showed a preference for eye-tracking the reward-associated cue (CS), whereas those 

categorized as GT primarily focused on the location of the reward (US), progressively shifting their 

gaze away from the cue (CS) and toward the reward (US) as the trials continued (Figure III.3, left). 

The sign-tracking response correlated with brain activation in the NAc, VTA, dorsal striatum, 

amygdala, and vmPFC (Figure III.3, right). In further alignment with the ST/GT rodent model 

(Robinson & Flagel, 2009) and in agreement with Garofalo and di Pellegrino (2015), the results of a 

PIT task indicated that both rewarding and aversive conditioned stimuli had acquired incentive 

salience in ST but not GT (Schad et al., 2020). 
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In summary, the ST/GT framework has clear translational value in understanding individual 

differences in motivated behavior. However, existing human studies are limited in number, often rely 

on small samples, and typically employ complex learning paradigms (Garofalo and di Pellegrino, 2015; 

Cope et al., 2023; Schad et al., 2020; Schettino et al., 2024; Colaizzi et al., 2023). These constraints 

hinder the application of this approach in clinical research, particularly among individuals with 

cognitive or learning impairments (Raio et al., 2023; Antonucci et al., 2020; Khandaker et al., 2011; 

Koenen et al., 2009; Barulli et al., 2013). 

3.1.3. Striatal Dopamine Regulation of Incentive Salience 

in ST and GT 

In the ST/GT model, ST and GT differ in the extent to which they rely on the reward circuit, so that, 

in response to a specific food- or drug-related cue, ST show greater neuronal activation throughout 

this circuit (Flagel et al., 2011; Yager et al., 2015). Additionally, the ST/GT model has greatly improved 

our understanding of the role of DA in reward learning (Flagel, Clark et al., 2011; Iglesias et al., 2023). 

Figure III. 3 (On the left) Assessment of sign- and goal-trackers via eye-tracking. Evolution of gaze 
index for sign-trackers (left) and goal-trackers (right). (On the right) NAc BOLD response in sign-
trackers versus goal-trackers. a. Pavlovian conditioning: a temporal-difference reward prediction error 
explains the right NAc BOLD response in sign-trackers better than in goal trackers (red, unmasked; a priori 

VOI marked in yellow; F(1, 75) = 10.88; SVC PFWE  = 0.026; MNI coordinates [12, 6, –14]; η2 p ¼ 0:122 I 

to 0.242; n = 78 participants). y = 6 indicates the illustrated plane in MNI coordinates. b. RPE signal at the 
peak response difference in NAc. Box-and whisker plots show the median (centre line), upper and lower 
quartiles (box limits), 1.5× the interquartile range (whiskers) and outliers (points). Figure from Schad et al., 
2020. 
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Recent findings suggest that sign-tracking behavior is mediated by prefrontal and ventral 

striatal DA and a relatively unresponsive cholinergic system (Felix & Flagel, 2024), relying primarily 

on “bottom-up” subcortical hypothalamic-thalamic-striatal pathways, enhancing the propensity to 

attribute incentive salience to reward cues with a more automatic response style toward the cue (Sarter 

& Phillps, 2018; Tomie et al., 2008; Enkel et al., 2019). In contrast, goal-directed behavior, in the face 

of cues, depends on cholinergic neurotransmission and is not dependent on DA, and relies on cortical 

cognitive mechanisms, reflecting a more “top-down” form of learning, that may inhibit that propensity 

(Flagel & Robinson, 2017; Haight, Fuller, Fraser, & Flagel, 2017; Sarter & Phillips, 2018; Enkel et al., 

2019). 

Several studies, including pharmacological ones, explored the role of DA for ST and GT 

behavior in rats, confirming that sign-tracking is DA-dependent behavior (Flagel, Clark et al., 2011; 

Saunders & Robinson, 2012; Chow et al., 2016; Iglesias et al., 2023). For example, when rats were 

given an injection of DA antagonist flupenthixol in the core of the NAc during Pavlovian training, 

both sign- and goal-tracking behaviors were initially suppressed. However, under drug-free conditions, 

only goal-tracking behavior recovered (Flagel, Clark et al., 2011). Additional studies have shown that 

blocking DA receptors locally in the NAc (Figure III.4; Saunders & Robinson, 2012) or lesioning the 

NAc (Chow et al., 2016) selectively impairs ST, but not GT. More recently, optogenetic inhibition of 

DA neurons in the VTA during cue presentation prevented the development of sign-tracking behavior 

(Iglesias et al., 2023). According to this framework, DA mediates the transformation of reward-

predictive cues into salient, “wanted” stimuli (Berridge, 1996, 2007; Berridge & Robinson, 1998), and 

is not essential for “liking” (pleasure) or for learning associations per se (Berridge et al., 2009). 

Furthermore, ST also exhibit faster DA reuptake due to a higher density of DA transporters, which 

may increase their sensitivity to psychostimulants (Singer et al., 2016). Additionally, D1 receptors, 

which are associated with excitatory signaling, are necessary for the acquisition of sign-tracking 
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behavior (Clark et al., 2013). In contrast, D2 receptors, but not D3, appear to regulate both sign- and 

goal-tracking expression, although the precise mechanisms remain unclear (Fraser et al., 2016), as 

altered D2 receptor expression in the PFC and striatum has been linked to addiction vulnerability in 

both animal models and humans (Briand et al., 2008; Flagel et al., 2016; Asensio et al., 2010; Volkow 

et al., 2006). These findings underscore the importance of dopaminergic mechanisms in the VStr, 

including NAc, in driving incentive salience and relapse risk, particularly in individuals with a sign-

tracking phenotype. 

 

Figure III. 4 Effects of flupenthixol on STs (n = 16) and GTs (n = 13). Data presented correspond to 
trials 13–25 of experimental sessions. (A) Probability of making a ST or GT CR. (B) Number of contacts in 
STs and GTs CRs (statistical analysis was done on the raw data, but in B the data are expressed as a % of vehicle, 
in order to directly illustrate the relative size of the effect of flupenthixol that would otherwise be obscured by 
group baseline differences in total responding). (C) Latency to make a ST or GT CR. (D) Number of non-CS 
food cup entries. *P < 0.05, **P < 0.01 (relative to vehicle). Error bars indicate SEM. Figure from Saunders & 
Robinson, 2012. 

3.1.4. A clinical application: alterations in reward 

processes in schizophrenia 

Decades of research have emphasized the important role of presynaptic mesostriatal DA dysfunction, 

especially the increased capacity for DA synthesis and release, in the pathogenesis of psychosis. In 
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psychiatric disorders characterized by psychosis, such as SCZ (Gold et al., 2008; Strauss & Gold, 2012; 

Howes et al., 2012, 2020; Radua et al., 2015), this dysfunction in signaling the incentive salience of 

reward (Berridge & Robinson, 1998) is directly connected to impairments in the “wanting” of a reward 

(i.e., anticipation; Radua et al., 2015; Shackman et al., 2025).  

In particular, SCZ is a neurodevelopmental brain disorder (Weinberger, 1987; Murray et al., 

1992; Weinberger, 2017) with a complex clinical manifestation, including positive symptoms 

(delusions, hallucinations, disorganized thinking and behavior), negative symptoms (affective 

flattening, social withdrawal, apathy, loss of initiative), and cognitive symptoms (widespread cognitive 

deficits in domains like attention, working memory, executive functions, verbal and visual learning, 

and processing speed). Specifically, cognitive deficits are the strongest predictors of poor functional 

outcomes, as they are not responsive to existing treatments (Howes & Murray, 2014; McCutcheon, 

2023), which in turn impact an individual’s ability to work, live independently, and maintain social 

relationships (Stepien et al., 2018). Pharmacological treatment involves the use of antipsychotic drugs, 

which act on the dopaminergic system, and can be divided in two classes: first-generation 

antipsychotics—which blocks D2 receptor of the mesolimbic pathway causing a reduction of release 

of DA—and atypical antipsychotics—which exhibit a lower level of D2 receptor affinity (Juckel et al., 

2006; Nielsen et al., 2012; Schlagenhauf et al., 2008).  

According to the aberrant salience hypothesis of SCZ, dysregulated DA signaling in patients 

with SCZ results in an over‐attribution of meaning and motivational value (incentive salience) to 

rewarding and neutral stimuli, with antipsychotics ameliorating psychotic symptoms by normalizing 

these signals (Kapur, 2003; Heinz, 2002; Li et al., 2017; Robinson et al., 2020; Zald et al., 2017). Many 

fMRI studies in patients with psychosis and SCZ indicate blunted activity in the midbrain and striatum 

in response to rewarding and neutral outcomes (Corlett et al., 2007; Romaniuk et al., 2010; Juckel et 

al., 2006a, 2006; Schlagenhauf et al., 2009; Waltz et al., 2009, 2010; Gradin et al., 2013; Katthagen et 
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al., 2018; Nielsen et al., 2012), during both reward anticipation and outcome (Zeng et al., 2022). In 

addition, positron emission tomography (PET) directly quantified elevated DA synthesis and release 

capacity compared to HC, both in the striatum (Howes et al., 2012) and in the midbrain origin of the 

neurons (Howes et al., 2013; Tseng et al., 2018; Mizrahi et al., 2012; Abi-Dargham et al., 2009). 

However, several studies have indicated that these characteristics are not intrinsic to the disease, but 

they may be attributed to the effects of antipsychotics, which are associated either with the blockade 

of D2 receptors (Juckel, 2016; Juckel et al., 2006), or the suppression of dopaminergic neuron firing 

(Bunney & Grace, 1978; Grace et al., 1997; Chiodo & Bunney, 1983). Indeed, Sportelli et al. (2024) 

found that a higher polygenic risk score for SCZ within the dopamine-system-enriched C80 gene set 

predicted greater striatal activation during reward anticipation in HC, consistent with past findings of 

positive correlations between polygenic risk for SCZ and striatal activation during the MID task in a 

large sample of healthy adolescents. The acute depletion of DA through the antipsychotics may 

concomitantly diminish striatal BOLD activity during reward anticipation in both patients (da Silva 

Alves et al., 2013) and controls (da Silva Alves et al., 2011). 

Consequently, the current state of knowledge does not permit a definitive conclusion 

regarding the contribution of DA to the various stages of reward and their relevance to the neural 

phenotypes of patients with SCZ. Considering the relevance of both the complexity of symptoms and 

heterogeneous responses to antipsychotic treatments, understanding alterations in dopaminergic 

neurotransmission and salience attribution by studying the ST/GT model in this clinical population 

can be essential for further characterizing the disorder. 

3.1.5. Hypothesis and aims of the study 

Although researchers have sought to develop experimental paradigms capable of capturing human 

analogs of these distinct behavioral phenotypes (for reviews, see Anselme & Robinson, 2020; Colaizzi 
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et al., 2020), there is a need for more translationally relevant approaches to explore the underlying 

neural mechanisms that distinguish sign- and goal-tracking tendencies in humans (Schad et al., 2020; 

Schettino et al., 2024)—especially when overt dysfunction is absent, as is the case in healthy 

populations. 

To extend the knowledge of individual differences in reward processes, based on the state of 

the art about the ST/GT framework in both animals and humans, the first aim of the current study 

was to assess whether ST/GT phenotypes emerge in humans in the absence of new learning while 

still enabling distinct evaluation of reward anticipation and outcome. Recognizing that behavior 

fundamentally arises from brain activity (Buzsáki, 2004; Fox et al., 2007; Buzsáki, 2010; Poil et al., 

2012), here we focused on the neural substrates of reward processing. We used fMRI to examine brain 

responses during the MID task (Knutson et al., 2000). The MID paradigm used in human fMRI studies 

has the advantage of eliminating the learning component that characterizes the Pavlovian conditioning 

approach, since participants were explicitly instructed on cue–reward associations during a pre-scan 

training session, thereby allowing the isolation of the neural correlates of the salience attributed during 

the anticipation or reward delivery phase. Brain activity is measured during the reward anticipation 

phase—when cues signaled the potential for receiving a monetary reward—and the outcome phase—

when participants received monetary reward feedback based on their performance in a simple 

discrimination task. 

As our Discovery cohort, we utilized data from an open-access consortium of 890 healthy 

young adults to identify two distinct neurocognitive profiles analogous to the ST/GT phenotypes 

observed in rodent models. We hypothesized that individuals with ST tendencies would exhibit 

increased neural activity during reward anticipation, whereas those with GT tendencies would show 

greater activation during reward outcomes. Moreover, we predicted that these imaging phenotypes 

would differentiate behavioral tendencies, with ST demonstrating a more automatic or cue-driven 
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response style, while GT engaged in a more deliberate and controlled behavior (Enkel et al., 2019). 

To validate these findings across different populations, we analyzed an independent sample of 245 

healthy participants, referred to as the Replication cohort, who completed a different version of the 

MID task and underwent additional neuropsychological assessments to test whether the cognitive and 

temperamental predispositions that distinguish ST and GT in rodents similarly characterize these 

human phenotypes. Because rodent ST/GT differences hinge on the persistence of incentive salience 

attribution, we also leveraged the large numbers of trials per condition in the Replication dataset to 

conduct a trial-by-trial analysis of ventral-striatal responses to test the hypothesis that sustained 

incentive salience attribution to reward-anticipation cues may differentiate ST from GT (Flagel et al., 

2009; Schad et al., 2020). 

Once the consistency and the replicability of this neurocognitive model were confirmed, the 

second aim of the study was to test whether ST/GT imaging phenotypes would predict differential 

responses to dopaminergic agents, motivated by preclinical evidence linking DA signaling to cue-

driven behavior (Franken et al., 2005; Flagel et al., 2011; Bergamini et al., 2016; Kuhn et al., 2018; 

Colaizzi et al., 2023). In rodents, ST and GT exhibit distinct sensitivities to D2 modulation, suggesting 

that cue-reactivity in ST depends on DA signaling (Morrow et al., 2011; DiFeliceantonio & Berridge, 

2012; Saunders and Robinson, 2012; Gillis and Morrison, 2019), showing a greater reliance on DA-

mediated reward prediction errors than GT (Schad et al., 2020). To address this translational question, 

we employed a double-blind, placebo-controlled, crossover design in healthy adults, comparing 

risperidone or haloperidol to placebo and assessing dose-response effects in the MID task (Hawkins 

et al., 2018, 2021), specifically in the Pharmacological Challenge cohort. We hypothesized that ST 

would exhibit selective reductions in cue-driven BOLD activity under D2 blockade, thereby providing 

a potential mechanistic basis for targeted therapeutic strategies in disorders characterized by 

maladaptive reward processing. 
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The third aim of the current study was to evaluate the potential clinical translation of the 

ST/GT framework. Prior investigations have consistently reported a blunted ventral striatal response 

to both reward anticipation and outcome in patients with SCZ (Radua et al., 2015), reflecting a global 

attenuation of incentive salience in this population. We therefore sought to determine whether, despite 

the overall attenuation of ventral striatal activation—attributable, at least in part, to antipsychotic 

treatment (Pessiglione et al., 2006; Hawkins et al., 2021)—meaningful interindividual variability in cue- 

versus outcome-driven neural responses analogous to ST and GT profiles could still be detected in 

medicated patients with SCZ and patients at their FEP. Finally, we aimed to investigate the predictive 

utility of these neurocognitive phenotypes to stratify patients according to treatment type and 

psychopathological profiles. 

Studies investigating reward functioning in patients have a significant limitation: the 

comparison of healthy individuals with patients using a group-level approach. Moving beyond this 

methodological procedure, this study holds significant implications for mental health by 

demonstrating that interindividual variability in reward processing observed in healthy individuals may 

also be present in patients with SCZ, where reward abnormalities are also predictive of medication 

outcomes. Identifying distinct neural profiles associated with cognitive functioning could help 

delineate subgroups within the disorder, paving the way for more personalized and targeted 

therapeutic interventions based on specific functional alterations. 
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3.2. Materials and Methods 

3.2.1. Participants 

The study included fMRI data from 1,204 individuals (described in the Supplementary Information, 

Appendix B1), comprising a Discovery cohort of 890 healthy participants from IMAGEN (Schumann 

et al., 2010) (454 female, 436 male; mean age=22.1 years, SD=.7 years), a multi-site European study, 

an independent Replication cohort of 245 healthy individuals collected at the University of Bari Aldo 

Moro (UNIBA; 141 female, 104 male; mean age=25.7 years, SD=5.7), a Pharmacological Challenge 

cohort of 34 healthy males (mean age=26.9 years, SD=6.8), and a Clinical cohort of 34 individuals 

collected at UNIBA (24 males; mean age=24.7 years, SD=5.6), including 17 with FEP (11 with 

Psychotic Disorder NOS, 2 with Brief Psychotic Disorder, 1 with Brief Psychotic Disorder/Mood 

Disorder NOS, 1 with Paranoid Type Schizophrenia, and 2 with an unspecified diagnosis), and 17 

with SCZ, confirmed by the Structured Clinical Interview for DSM Disorders (SCID). Inclusion 

criteria were the same as those for the healthy subjects enrolled in the independent Replication cohort 

(see Supplementary Information, Appendix B1). Demographic descriptions of four cohorts are 

provided in Table III.S1. 

While the Discovery and Replication cohorts included only one time point per participant, the 

Pharmacological challenge cohort participated in a double-blind, placebo-controlled, three-period 

cross-over study. Specifically, data from two cohorts were considered here (Hawkins et al., 2018; 

Hawkins et al., 2021), in which participants were pseudo-randomly assigned to receive either 

risperidone (0.5 mg or 2 mg) and placebo (N=17) or haloperidol (3 mg), and placebo (N=17), 

undergoing three MRI sessions at one-week intervals (a detailed description of the sample and the 

design is provided in the Supplementary Information, Appendix B1). 
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3.2.2. Experimental design  

All four cohorts completed an fMRI scan, performing a variation of the MID task (Knutson et al., 

2000; Knutson and Greer, 2008). Additionally, a neuropsychological assessment was conducted in 

both the Discovery and Replication cohorts, encompassing evaluations of personality and cognitive 

function. 

In the Pharmacological Challenge cohort, participants rated their momentary cognitive-

affective state using 16 visual analog scales (VAS) anchored by opposing descriptors (e.g., Alert–

Drowsy, Focused–Distracted, Calm–Stressed). Ratings were collected 90 minutes before and after 

drug or placebo administration, with higher scores indicating greater endorsement of the right-end 

descriptor on each scale.  

Finally, in the Clinical cohort, clinical symptoms were assessed during a clinical evaluation 

preceding the MRI session using the PANSS. 

A summary of the experimental design is reported in Figure III.5. 

 

Figure III. 5 Experimental design. All four cohorts performed the MID fMRI task. Discovery and 
Replication cohorts include a neuropsychological assessment encompassing both personality (TCI-R, SURPS) 
and cognitive evaluation (CGT, WCST, CPT-AX), as well as reward sensitivity (PALP). In the Pharmacological 
Challenge cohort, participants performed a battery of 16 Visual Analog Scales 90 minutes before and after 
drug/placebo administration. In the Clinical cohort, the standardized clinical interview, i.e., Positive and 
Negative Syndrome scale (PANSS), were used to assess symptom severity. Abbreviations: Monetary Incentive 
Delay (MID), Temperament and Character Inventory-Revised (TCI-R), Substance Use Risk Profile Scale 
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(SURPS), Cambridge Guessing task (CGT), Continuous Performance test (CPT-AX), Passive Avoidance 
Learning Paradigm (PALP), Positive and Negative Symptoms Scale (PANSS). 

3.2.2.1. Neuroimaging task 

The four cohorts employed a slightly different variation of the MID task.  

Discovery cohort 

This version of the MID task (Schumann et al., 2010), consisted of 66 10-second trials in total and 22 

trials per condition, in which small and large monetary gains were indicated by different cues. On each 

trial, an incentive cue indicating potential rewards was displayed on the left or right side of a black 

screen for 250 ms. There were three types of incentive cues (i.e., three within-subject conditions): a 

circle with two lines (large reward: 10 points), a circle with one line (small reward; 2 points), and a 

triangle (no reward: 0 points). After a variable delay (4,000-4,500 ms) of fixation on a white crosshair, 

participants were instructed to respond with a left/right button press as soon as the target appeared. 

Only responses given within the response interval were considered correct (i.e., reward hit). Using a 

tracking algorithm, task difficulty (i.e., target duration varied between 100 and 300 ms) was individually 

adjusted to produce a 66% success rate: the response interval was shortened if the success rate 

exceeded 66% (making the task more difficult) and lengthened if the success rate was below 66% 

(making the task easier). Then, feedback on whether and how many points were won during the trial 

lasted a total of 2000 ms. The inter-trial interval was 3,500–4,150 ms, during which a fixation cross 

was presented. A trial was considered a hit when the response was made while the target was on the 

screen. Participants had first completed a practice session outside the scanner (~5 minutes), during 

which they were instructed that for every 5 points won, they would receive one food snack in the form 

of small chocolate candies. See Figure III.6 for a depiction of the MID task. 
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Figure III. 6 Version of the MID task used in the Discovery cohort. Cues signaling the task condition (no 

reward, small reward, large reward) were displayed for 4,000 to 4,500 ms. The response and feedback phase 

lasted a total of 2 s, during which target was displayed for 250–400 ms and feedback was displayed for 1,450 ms. 

trials were separated by 3,500–4,150 ms intertrial interval. Figure from Cao et al., 2018.  

Replication cohort and Clinical cohort  

The general layout of a trial in this version of the MID task (Sportelli et al., 2024) is divided into three 

phases: anticipation (2000 ms), target (up to 500 ms), and outcome (2000 ms). See Figure III.7 for a 

depiction of the MID task. Immediately prior to scanning, participants were instructed on the task to 

be performed in the scanner, including being explicitly informed of the meaning of each cue. The 

target presentation duration was calculated based on individual performance during the training phase 

to achieve at least 66% success rate. During anticipation, cue stimuli consisted of three different white 

geometric shapes: a full circle, representing a chance of gaining 100 points (reward condition), an 

empty circle, representing a chance of gaining 0 points (control condition) and a full square, 

representing a chance of losing 100 points (punishment condition). The target was the appearance of 

a white triangle. Immediately after the response, feedback appeared for 2000 ms documenting whether 

the participant had won or lost points as well as their cumulative total at that point. Participants were 

instructed to respond with a single button press with their right thumb when the target appeared to 
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gain or not lose points. A trial was considered a hit when the response was made while the target was 

on the screen. The outcome phase provided feedback on money earned from that trial and the total 

amount earned so far. 

 

Figure III. 7 Version of the MID task used in the Replication and Clinical cohorts. Cues signaling the 

task condition (no reward, reward, punishment) were displayed for 2,000 ms. The target was displayed for 250–

500 ms and feedback was displayed for 2000 ms.  

Pharmacological challenge cohort 

This version of the MID task (Knutson et al., 2001) employed four randomized trial types: three active 

reward-level cues (high (£2), low (£0.20), and control (£0)), and a passive trial that required no 

response. If the participant pressed the button during the presentation of the fixation cross or within 

100 ms of the presentation of the target (an unrealistic reaction time), the trial would be set as a no-

win. Each condition was presented 24 times within a total duration of approximately 13.8 minutes. 

The three active trial types were conducted within a fixed 10-second window, while the passive trial 

was a simple ‘X’ displayed for 4.25 seconds without the fixation, target, or feedback screens displayed 

in the active trials. Four separate ‘playlists’ with the 96 trials randomly arranged in each were created 

which participants randomly received on each visit according to a Latin square design, to ensure there 

were no learning effects from completing the same task on each visit. Performance-related criteria 
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were also set to ensure only data from participants who were actively and appropriately engaged in the 

task was included in the final analysis. During active trials, a hit was defined as a button press with a 

reaction time within ±3 standard deviations of the mean, and only participants with a button press 

rate exceeding 66% in the 500ms response window were included, ensuring active engagement. See 

Figure III.8 for a depiction of the MID task. 

 

Figure III. 8 Version of the MID task used in the Pharmacological Challenge cohort. Figure from 
Hawkins et al., 2021. 

3.2.2.2. Neuropsychological, behavioral, and clinical 

assessment 

Discovery cohort 

The neuropsychological assessment in the Discovery cohort included the Temperament and Character 

Inventory-Revised (TCI-R) (Cloninger et al., 1993; Farmer and Goldberg, 2008), which comprised the 

Novelty Seeking scale and its four temperamental subcomponents (exploratory excitability, 
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impulsiveness, extravagance, and disorderliness) to assess lower order trait dimensions more 

specifically related to disinhibitory psychopathology, and the Substance Use Risk Profile Scale 

(SURPS) (Woicik et al., 2009), investigating the role of main personality traits as potential risk factors 

for addiction and co-morbidity in psychopathology development.  

• Specifically, the TCI-R is a self-administered dimensional questionnaire developed to evaluate 

7 basic dimensions of personality as it develops and widely varies within individuals in the 

general population according to Cloninger’s comprehensive biopsychosocial model (Cloninger 

et al., 1993). Cloninger’s personality model includes 4 temperament dimensions (i.e., Novelty 

seeking, Harm Avoidance, Reward Dependence, and Persistence) and 3-character dimensions 

(i.e., Self-directedness, Cooperativeness, and Self-transcendence). In the IMAGEN data 

collection only the 35 self-reported TCI-R items evaluating the Novelty Seeking, as the 

tendency to respond impulsively to novel stimuli with active avoidance of frustration, were 

included to assess lower order trait dimensions more specifically related to disinhibitory 

psychopathology: participants rated each of the 35 items related to Novelty Seeking on a 5-

point Likert scale, with 1=‘definitely false’, 2=‘mostly false’, 3=‘neither true or false’, 

4=‘mostly true’, and 5=‘definitely true’. Thus, we could compute and select for analysis 

purposes only 5 personality summary scores, i.e., the 4 total scores for Exploratory excitability, 

Impulsiveness, Extravagance and Disorderliness and the overall Novelty Seeking score to 

which they contribute as personality sub-dimensions.  

• The SURPS is a self-reported questionnaire largely used in epidemiological and longitudinal 

designs to investigate the role of 4 main personality traits as potential risk factors for addictive 

behaviors and co-morbid psychopathology development. Specifically, in the IMAGEN 23-

items version of the questionnaire, 7 items concur in measuring hopelessness levels (as the 

tendency to develop bleak expectations about oneself and the future), 5 items concur in 
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measuring anxiety sensitivity levels (as the fear of anxiety-related physical sensations), 5 items 

concur in measuring impulsivity levels (as lack of premeditation and difficulties with response 

inhibition), and 6 items concur in measuring sensation seeking levels (as the need for intense 

and novel experiences). Participants rate each item on a 4-point Likert scale, with 1= ‘strongly 

disagree’, 2= ‘disagree’, 3= ‘agree’, 4= ‘strongly agree’. Thus, we could compute and select for 

analysis purposes 4 summary scores, one for each assessed risk personality trait.   

To assess cognitive performance across diverse cognitive domains, including executive 

function, decision-making and cognitive control, we selected scores from the Passive Avoidance 

Learning Paradigm (PALP) (Arnett and Newman, 2000) and from the Cambridge Guessing Task 

(CGT) included in the Imagen computerized neuropsychological battery (Cambridge 

Neuropsychological Test Automated Battery – CANTAB; 

https://www.cambridgecognition.com/cantab/).  

• In the PALP, subjects must learn by trial and error to respond to “good” numbers for 

monetary reward and withhold response to “bad” numbers to avoid punishment (loss of 

money). The 9 outcome measures in the task were the number of commission errors, denoting 

too little behavioral inhibition (pressing the button on no-go trials), and the number of 

omission errors, denoting too much behavioral inhibition (not pressing the button on go trials), 

as well as the reaction times (ms), across each combination (PP=Punishment-Punishment; 

RP=Reward-Punishment; RR=Reward-Reward). 

• The CGT task was developed to assess decision-making and risk-taking behavior outside a 

learning context. Relevant information is presented to the subjects ‘upfront’ and there is no 

need to learn or retrieve information over consecutive trials. On each trial, the subject is 

presented with a row of ten boxes across the top of the screen, some of which are red and 

some of which are blue. At the bottom of the screen are rectangles containing the words ‘Red’ 
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and ‘Blue’. The subject must guess whether a yellow token is hidden in a red box or a blue 

box. In the gambling stages, subjects start with a number of points displayed on the screen 

and can select a proportion of these points displayed in either rising or falling order in a second 

box on the screen to gamble on their confidence in this judgment. A stake box on the screen 

displays the current amount of the bet. The subject must try to accumulate as many points as 

possible. To make the task shorter and more interesting for adolescents, the time between 

stakes is reduced from 5s to 2s. Stakes are displayed in ascending order first, and then in 

descending order. The 6 scores, including delay aversion, deliberation time, overall proportion 

bet, quality of decision-making, risk adjustment, and risk-taking, were computed and included 

in the between-group analysis.  

Replication cohort 

To replicate the neuropsychological and cognitive measures used in the discovery cohort, we 

employed 7 personality scores from the TCI (Cloninger et al., 1993) (Novelty Seeking, Harm 

Avoidance, Reward Dependence, Persistence, Self Directedness, Cooperativeness and Self-

Transcendence), 4 cognitive scores from the Wisconsin Card Sorting test (WCST) (Heaton and 

Pendleton, 1981; Test, 1993), which assess executive functions and 7 scores from the Continuous 

Performance Test (CPT) (Lee and Park, 2006), assessing sustained attention and cognitive control. 

No measure of decision-making and passive avoidance learning was included in the data collection.  

• In particular, the WCST is a well-established measure of general executive function evaluating 

several “frontal” lobe functions including strategic planning, organized searching, utilizing 

environmental feedback to shift cognitive sets, directing behavior toward achieving a goal, and 

modulating impulsive responding. The test uses stimulus and response cards (64-card scoring 

version) characterized by various forms, colors, and numbers. The participant is told to match 

the cards, but not how to match them; however, the subject is told whether a particular match 
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is right or wrong. As the test progresses, there are unannounced shifts in the sorting principle 

which require the subject to alter her/his approach. Performance data are recorded as the 

number of completed categories, number of trials, and number of perseverative and non-

perseverative errors. 

• The CPT–AX examines the attentional domain, specifically sustained and selective attention. 

During the task, single letters were presented sequentially on the screen, and participants 

responded when they saw an X after an A. Randomly, a non-cue letter could precede the target 

(e.g., B-X), or a distractor could follow a cue (e.g., A-Y), or a non-cue letter could precede a 

distractor (e.g., B-Y). The ratio of the target stimuli actually detected (HIT), the ratio of the 

false alarms, i.e. the inappropriate responses given to a distractor appearing after the letter “A” 

(FA) (Antonucci et al., 2020) and “B” (FAC), a sensitivity index calculated using the proportion 

of total false alarms (AP S), the proportion of AY errors (AY), individual’s ability to 

discriminate signal from noise (DP S), and sensitivity of target detection in relation to the 

nature of the preceding stimulus (DPC S), were computed and implemented in the between-

group analysis. 

Pharmacological Challange cohort 

In the Pharmacological Challenge cohort, participants completed a battery of 16 VAS designed to 

assess their momentary cognitive and affective state. Each scale consisted of a 100-mm horizontal line 

anchored by opposing descriptors, with participants indicating their current experience by marking a 

point along the line. Scores were recorded in millimeters from the left (0 mm) to the right (100 mm), 

such that higher values reflected greater endorsement of the right-side descriptor. The 16 VAS items 

included the following pairs: Alert–Drowsy, Energetic–Tired, Strong–Feeble, Motivated–

Unmotivated, Determined–Aimless, Focused–Distracted, Clear-headed–Mentally foggy, Able to 

concentrate–Unable to concentrate, Calm–Stressed, Relaxed–Anxious, At ease–On edge, Confident–
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Unsure, In control–Overwhelmed, Sociable–Withdrawn, Cooperative–Resistant, and Friendly–

Irritable. Ratings were collected at two time-points: immediately before drug or placebo administration 

(pre-dose) and again 90 minutes later (post-dose), approximately 30 minutes before the MRI session. 

Clinical cohort 

In the Clinical cohort, treatment information was available for 23 out of 26 in the final sample on 

ST/GT. For these patients, the chlorpromazine equivalent was computed using Gardner et al. 2010. 

In this sample, clinical symptoms were assessed during a clinical evaluation preceding the MRI session 

using the standardized, clinical interview PANSS. It comprises 30 items on three subscales: 7 items 

covering positive symptoms (hallucinations and delusions), 7 covering negative symptoms (blunted 

affect and social withdrawal), and 16 covering general psychopathology (somatic concern, anxiety, and 

depression). Each item is scored on an item-specific scale ranging from 1 to 7. The psychometric 

properties of the PANSS have been well established within adult literature, and it is considered one 

of the most widely used research measurement tools. 

3.2.3. fMRI Acquisition 

Discovery cohort 

Structural and functional MRI data were acquired at eight IMAGEN assessment sites with 3-T 

scanners of different manufacturers (Siemens, Philips, General Electric, and Bruker). The scanning 

variables were specially chosen to be compatible with all scanners. The same scanning protocol was 

used in all sites. 

High-resolution T1-weighted 3D structural images were acquired for anatomical localization 

and coregistration with the functional time series. BOLD functional images were acquired with a 

gradient-echo echoplanar imaging (EPI) sequence and using a relatively short echo time to optimize 

reliable imaging of subcortical areas. 300 vol were acquired for each participant, and each volume 
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consisted of 40 slices aligned to the anterior commission/posterior commission line (2.4 mm slice 

thickness and 1 mm gap). The echo time was optimized (echo time = 30 ms; repetition time = 2200 

ms) to provide reliable imaging of subcortical areas. The acquisition parameters per site and quality 

control procedures are described elsewhere (Schumann et al., 2010). 

Replication cohort and Clinical cohort 

SMRI and fMRI data were acquired with a 3 T Philips Ingenia scanner. High-resolution T1-weighted 

3D structural images were acquired for anatomical localization and coregistration with the functional 

time series. BOLD functional images were acquired with gradient-recall echo-planar imaging with the 

following parameters: TR = 2000 ms; TE = 38 ms; flip angle = 90; 64 × 64 matrices; FOV = 240 mm; 

and 38 3.6 mm slices acquired with an interleaved order of slice acquisition. 

Pharmacological challenge cohort 

All scans were conducted on a GE MR750 3-Tesla scanner using a 12-channel receive-only head coil. 

Functional scans (MID and breath-hold) were carried out using a temporal series of Gradient Recalled 

Echo Planar Imaging (GE-EPI) whole brain scans, each comprising 38 near-axial slices, with an 

isotropic spatial resolution of 3.3 mm and the following parameters: TR = 2000 ms; TE = 28 ms; flip 

angle = 75; number of volumes = 414; FOV = 214 mm. 

3.2.3.1. fMRI processing and task-activity modeling  

Discovery, Replication and Clinical cohorts 

We followed the same preprocessing pipeline for the Discovery, the Replication and the Clinical 

cohorts using the open source containerized Harmonized AnaLysis of Functional MRI pipeline 

(HALFpipe) version 1.2.2 (Waller et al., 2022) built using fMRIprep version 20.2.7 (Esteban et al., 

2019) in combination with Magnetic Resonance Imaging Quality Control tool (MRIQC) (Esteban et 

al., 2017). Consensus steps for structural images included skull stripping, tissue segmentation, and 
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spatial normalization. For functional images, pre-processing included motion correction (and motion 

parameter extraction), coregistration, spatial normalization to MNI152 NLIN 2009c (asymmetric) 

space and resliced to 2mm3 and smoothing with a 6 mm FWHM Gaussian kernel. Data were high-

pass filtered with a cutoff of 125 s to remove low-frequency drifts. Grand mean scaling was applied 

to the data. Participants were excluded if mean root-mean-square framewise displacement exceeded 

0.5mm. MRIQC provides an interactive widget to rate the quality of each image (Esteban et al., 2019) 

for each site. 

A first-level general linear model (GLM) was run to model BOLD responses to events of 

interest separately for each subject. GLM regressors describing the stimulus presentations for each 

experimental condition (i.e., cues by type, successful/unsuccessful outcomes, missing and error trials) 

are convolved with a double Gamma HRF and the overall model is fit for each voxel in the brain 

using FSL FILM. 

Our contrasts of interest were created to capture the individual reward sensitivity by 

contrasting the BOLD signal of rewarded trials to control cue events. Thus, for the anticipation phase, 

we contrasted the brain activation corresponding to the successful trials preceded by reward cues to 

the brain activation corresponding to the successful trials preceded by control cue (Discovery cohort: 

Hit Large Reward > No-Reward; Replication and Clinical cohorts: Reward > No-Reward). Similarly, 

for the outcome phase, we contrasted the brain activation during the appearance of the successful 

feedback preceded by a reward cue during anticipation to the brain activation during the appearance 

of the successful feedback preceded by a control cue (Discovery cohort: Hit Large Reward > No-

Reward; Replication and Clinical cohorts: Reward > No-Reward). 
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Pharmacological challenge cohort 

Preprocessing was conducted in the Statistical Parametric Mapping (SPM) analysis suite, version 12, 

on Matlab 8.2.0.701, and included resetting of image origins, slice time correction, two-pass 

realignment, co-registration and normalization to MNI space using DARTEL (Diffeomorphic 

anatomical registration through exponentiated lie algebra) (Ashburner, 2007), and smoothing using an 

8 mm FWHM kernel. The origin of the functional and structural images was reset to the anterior 

commissure-posterior commissure line. Functional images were slice time corrected (reference slice: 

19). An initial between-session alignment was performed for each participant where the first volume 

of sessions two and three was aligned to the first volume of the first session prior to two-pass 

realignment within each session. All volumes were then realigned to the mean image of all three 

sessions. The T1-weighted image for each subject was then coregistered to the resampled mean 

functional image from the realignment step, using the normalized mutual information objective 

function in SPM, and a DARTEL (Ashburner, 2007) template created from the T1-w images. The 

realigned and coregistered functional volumes were resliced to original voxel sizes, and the DARTEL 

flow fields were applied to warp the data into MNI space. Normalized images were smoothed using 

an 8mm FWHM kernel. Motion and framewise displacement parameters estimated during the 

realignment process were added as regressors in the first-level design matrix (Siegel et al., 2014). Any 

volumes with a displacement of 1mm or more were flagged and marked with a 3-TR regressor (to 

include the volumes on either side) in the first-level design matrix (Power et al., 2012). Any scan that 

required more than 10% of the volumes of the full run being regressed out in this manner resulted in 

that participant being removed from the analysis. The realignment parameters were visually inspected, 

and any time series for which the maximum detected translation from the first volume was greater 

than the dimensions of one voxel, or those which indicated stimulus-correlated movement, were 

flagged for exclusion. Three participants were excluded based on these criteria. These participants 
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were identified and excluded parallel to data collection, allowing them to be replaced by new recruits 

to maintain a suitably powered study. Participants excluded due to head motion do not form part of 

the sample described above.  

Contrasts of interest were set to explore main effect of anticipation of reward (High Cue > 

Neutral Cue), and main effect of receipt of reward (High Win > Neutral Cue). The MID was modelled 

as outlined elsewhere (Abler et al., 2007). Three cue regressors (high win, low win and neutral) were 

defined for the anticipatory period depending on the cue presented (as a result of temporal jittering; 

this period had a variable total amount of time between 4050ms and 4400ms). The target was defined 

by a single regressor of 500ms. Five feedback regressors (high win, low win, high no win, low no win, 

neutral feedback) were defined for the feedback period depending on the cue type and outcome (win 

or no win) and set for a fixed period (1450ms). The entire duration of passive trials was defined as a 

single event of 4250ms. Motion and framewise displacement parameters estimated during the 

realignment process were also added resulting in the model consisting of the ten task regressors above 

and seven movement-related parameters. Performance-related criteria were also set to ensure only 

data from participants who were actively and appropriately engaged in the task was included in the 

final analysis. 

3.2.3.2. Trial-by-trial Analysis 

Replication cohort 

To investigate group differences in reward anticipation between ST and GT, we analyzed trial-by-trial 

variability across 28 reward and 28 no-reward trials in the Replication cohort. We employed AFNI's 

3dDeconvolve tool (Cox, 1996) to perform deconvolution analyses, obtaining single-trial beta 

estimates via the beta-series regression method (Rissman et al., 2004).  
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Specifically, the -stim_times_IM option was used within 3dDeconvolve to model each trial 

individually for both reward and no-reward conditions. This approach assigns a unique regressor to 

each trial, enabling the extraction of distinct beta coefficients that reflect the hemodynamic response 

associated with each event. The resulting beta estimates were then used to assess trial-by-trial 

variability and compare neural responses between ST and GT during reward anticipation. 

3.2.4. Statistical Analyses 

As illustrated in Figure III.9, the study followed a multi-step pipeline integrating neuroimaging, 

machine learning, neuropsychology, and pharmacological challenges with the aim of identifying 

imaging phenotypes of reward-related brain activity and validating them across independent cohorts. 

All the individual-level analyses were implemented using RStudio (2023.09.1+494). 
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Figure III. 9 Pipeline for neuroimaging-based analyses and clustering framework. The figure illustrates 
the analytic pipeline from (A) Feature Selection and Extraction through (B) Cluster analyses and (C) Individual-
level measures. In Step 1, meta-analytically derived regions of interest (ROIs) were defined for reward 
anticipation (bilateral VStr, thalamus, SMA, bilateral motor cortex, bilateral anterior insula, bilateral lateral 
occipital cortex, and bilateral middle frontal gyrus) and outcome (bilateral VStr, vmPFC, bilateral lateral 
occipital cortex, posterior cingulate cortex, bilateral superior parietal lobule, left middle frontal gyrus, and right 
inferior frontal gyrus). Next (Step 2), subject-level blood-oxygen-level-dependent (BOLD) signals were 
extracted from the above ROIs and used as features in a hierarchical k-means cluster analysis. The algorithm 
was first applied to the Discovery sample, identifying three data-driven clusters (Step 3.1), and validated in a 
leave-site-out framework (Step 3.2). To assess the generalizability of the clustering, the Discovery algorithm 
was applied to independent datasets, i.e., the Replication, Pharmacological Challenge and Clinical cohorts by 
projecting only the ST/GT centroids (Step 4.1), followed by a hierarchical clustering on the external datasets 
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(Step 4.2) to obtain actual data-driven clusters to be compared in a confusion matrix evaluating cross-tabulation 
consistency (Step 4.3). Finally, the clusters were examined in relation to neuropsychological measures (Step 5.1), 
effects of D2 receptor antagonists on reward sensitivity in the VStr (Step 5.2), and symptoms assessed with the 
ANSS (Step 5.3). Abbreviations: ST = sign-trackers; INT = intermediate; GT = goal-trackers. 

3.2.4.1. Machine Learning pipeline 

Feature selection and extraction. Feature extraction began with the definition of meta-ROIs 

derived from a published meta-analysis of 81 studies that did not include the current datasets (Chen 

et al., 2022). These ROIs captured key regions implicated in reward processing, such as the ventral 

striatum during anticipation and the medial prefrontal cortex during outcome (Figures III.9, panel A, 

Step 1 and III.10). Using Marsbar (Brett et al., 2002), the mean BOLD signal was extracted for each 

individual from twelve ROIs during anticipation and ten ROIs during outcome (Step 2). This 

procedure was applied consistently across all cohorts.  

Cluster analysis in the Discovery cohort. Clustering was first performed in the Discovery cohort 

to examine whether participants could be grouped based on reward-related activity (Figure III.9, panel 

B). Hierarchical k-means clustering (Peterson et al., 2018) was applied to the whole dataset, using 

Euclidean distance and Ward’s linkage as implemented in the factoextra R package. Outliers were 

identified with Rosner’s generalized extreme Studentized deviate test (Rosner, 1975) and removed 

iteratively. All features were scaled to a range of [–1,1], and fitting regression residuals accounted for 

site effects. The optimal number of clusters (k = 3) was determined using two complementary 

approaches: the NbClust R package and a hypothesis-driven approach. The latter is based on prior 

work on the ST/GT model 12,69, yielding the ST, GT, and INT phenotypes (Figure III.9, panel B, 

Step 3.1). 

In our clustering, we hypothesized that we would find similar groups based on brain activity during 

the two separate phases of the task. Specifically, ST with elevated brain activity during the anticipation 



129 

 

phase, GT with elevated brain activity during the outcome phase, and INT with mixed brain activity 

during both phases. 

Leave-site-out validation. To validate this solution and assess the clustering's stability, we 

implemented a leave-site-out framework in which the Discovery dataset was split into a training set 

comprising 7 sites and a test set comprising 1 site. Clustering was performed on the training set, and 

predicted memberships were assigned to the test set using only the ST/GT centroids. Validation was 

assessed using confusion matrices (Kuhn, 2008), comparing predicted cluster assignments with those 

obtained from independent clustering in the testing set (Figure III.9, pane B, Step 3.2). Balanced 

accuracy is computed from sensitivity and specificity and represents the stability of our clustering.  

Generalizability of clustering. The Discovery model was then applied to the Replication, 

Pharmacological Challenge, and Clinical cohorts (Figure III.9, panel B, Steps 4.1–4.3). According to 

both animal (Fitzpatrick & Morrow, 2020) and human studies (Colom, 2023; Schad et al., 2020; Dinu 

et al., 2024), we projected only the two centroids – ST and GT – to obtain predicted clusters and 

reduce noise. Additionally, hierarchical k-means clustering with both k = 3 and k = 2 was used to 

examine different options. We compared the predicted clusters, derived from the projections of the 

Discovery centroids, with the true clusters obtained from a hierarchical k-means algorithm. The k = 

3 solution continued to categorize individuals into groups reflecting ST, INT, and GT in the 

Replication cohort (Figure III.S13).  Therefore, for the external three cohorts, we projected the two 

Discovery centroids (ST/GT), excluding the INT group to reduce noise. In each case, data were scaled 

to the same range, clustering was repeated, and predicted assignments were compared with 

independent clustering results via confusion matrices. Sensitivity, specificity, and balanced accuracy 

were computed, using balanced accuracy as the primary measure of replicability. Individuals 

misclassified by the Discovery model were excluded from subsequent individual-level analyses.  
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More detailed information about the Machine Learning pipeline is reported in the Supplementary 

Information. 

 

Figure III. 10 Regions of interest (ROIs) employed in the current study, derived from meta-analytic 

maps. (A) Twelve ROIs utilized for feature extraction of individual BOLD signals during the anticipation 

phase of the MID task. (B) Ten ROIs used for feature extraction during the outcome phase of the MID task. 
Abbreviations: ROIs = regions of interest; BOLD = blood-oxygen-level-dependent; MID = monetary incentive 
delay task; R = right; L = left; MFG = middle frontal gyrus; SMA = supplementary motor area; SPL = superior 
parietal lobe; PCC = posterior cingulate cortex; PFC = prefrontal cortex; IFG = inferior frontal gyrus. 

3.2.4.2. Group-level task activity across clusters 

In both the Discovery and Replication samples, as well as in the Clinical cohort, we evaluated task-

related activity at the group level for each cluster, i.e., ST and GT, by performing separate one-sample 

t-tests for each task phase. These tests were conducted by entering the individual contrast maps 

described above using SPM12. All statistics were non-parametrically corrected for multiple 

comparisons using the Threshold-Free Cluster Enhancement (TFCE) approach (Smith & Nichols, 

2009). Significance was set at 𝛼 <0.05, using the family-wise error rate (FWE) for multiple comparison 

correction. 
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3.2.4.3. Trial-by-trial Analysis  

In the Replication cohort, we implemented trial-by-trial analyses using the beta-series method 

(Rissman et al., 2004) to assess whether ST and GT differentially attributed incentive salience to reward 

anticipation cues throughout the experiment (Gillis & Morrison, 2019). The models included only 

individuals correctly identified as GT or ST. 

We used a linear mixed-effects model (LME) to assess trial-by-trial dynamics to predict 

ventral-striatal BOLD responses. Following best practices for confirmatory hypothesis testing (Barr 

et al., 2013), we initially attempted to fit a maximal random effects structure justified by the 

experimental design, which included a random intercept and random slope for Trial for each subject. 

As this model failed to converge, we implemented a more parsimonious no-random-correlations 

(NRC) model that excluded the correlation parameter. This is a recommended approach to achieve a 

stable solution in such cases while retaining the critical random effect variance. All models were fitted 

using restricted maximum likelihood (REML). Additional information about the analysis is reported 

in Supplementary Information, Appendix B2. 

3.2.4.4. Individual-level analyses 

3.2.4.4.1. Association with personality and cognitive measures 

In both the Discovery and Replication cohorts, we used the Wilcoxon rank-sum test (equivalent to 

the Mann–Whitney U test) to test the differences in personality and cognitive functioning between ST 

and GT (Figure III.9, panel C, step 5.1). Each variable in both the Discovery and Replication cohorts 

was scaled (0-1 range) to remove the differences between features. To remove any confounding effects 

due to the site in the Discovery cohort, we used the residuals of the regression models computed with 

the function adjust implemented in R.  
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We first removed outliers with the Rosner test (Rosner, 1975). In the Replication analyses, we 

excluded subjects who were misidentified in the cross-tabulation of cluster assignments to reduce 

noise in the data (final sample, N = 202). The WCST was included in the Replication cohort to 

reproduce the PALP processes observed in the Discovery cohort. To replicate the PALP results, 

showing ST to be more efficient than GT in learning shifted contingencies, we used a one-tailed 

Wilcoxon rank-sum test to test the specific hypothesis that ST would outperform GT on the WCST 

and assess the same effect direction observed in the PALP results.  

To determine effect size (r equivalent), we used the rstatix R package (Tomczak and Tomczak, 

2014) by dividing the Wilcoxon Z-transformed values by the square root of the number of 

observations (Rosenthal and Rubin, 2003). In each cohort, results were corrected for multiple 

comparisons grouped by task, setting statistical significance at α < 0.05, FDR-corrected (Benjamini, 

1995). 

3.2.4.4.2. Placebo vs. Drug 

An LME was implemented to investigate the effects of a D2 antagonist dose on reward-related 

responses during both the anticipation and outcome phases of the MID (Figure III.9, panel C, step 

5.2). The analysis was performed using R (version 2023.09.1+494), employing the lme4 package for 

model fitting and lmerTest for significance testing. The clubSandwich package was used to compute 

robust standard errors, accounting for potential heteroskedasticity and model assumptions violations, 

thereby ensuring valid standard errors under model misspecification. Robust standard errors were 

computed using a heteroskedasticity-consistent covariance matrix estimator, specifically CR2, which 

adjusts for within-subject correlations and potential non-sphericity in the data. 

The dependent variable used in the model was the BOLD signal, averaged over the 

anticipation ROIs or the outcome ROIs. Additional information about the preliminary analyses is 
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reported in the Supplementary Information, Section B3. The primary model included reward phase 

(anticipation vs. outcome), drug (placebo vs. drug), and cluster (Sign-Trackers [ST] vs. Goal-Trackers 

[GT]) as fixed effects, along with their full factorial interactions. Age was included as a second-degree 

polynomial term to model potential nonlinear effects. Individual differences in risperidone or 

haloperidol levels were accounted for using a binomial variable as a covariate. To account for repeated 

measures, a random intercept was included for each participant. 

Model assumptions were checked using the performance package in R, examining normality of 

residuals, homoscedasticity, and potential influential data points. Likelihood ratio tests were 

performed using the drop1 function to assess whether the inclusion of higher-order interactions 

significantly improved the model fit. Given that a significant three-way interaction was observed, two 

additional models were fitted separately for anticipation and outcome phases, using the same 

specifications described above. 

To follow up on significant interactions, estimated marginal means (EMMs) were computed 

using the emmeans package in R. Post-hoc comparisons were performed for the effect of drug within 

each cluster, the difference between ST and GT within each drug condition, and the interaction 

between drug and phase within each cluster. To control for multiple comparisons, Tukey’s method 

was applied, providing strong control over family-wise error rate while maintaining adequate power 

for pairwise contrasts. 

To further test the drug effect, a classification approach based on iterative leave-one-out cross-

validation was used. A hierarchical k-means clustering (Peterson et al., 2018) was employed to partition 

the placebo dataset into two clusters (k = 2) using Euclidean distance and Ward’s linkage. The resulting 

cluster assignments were stored as the actual labels for subsequent classification analyses. An iterative 

classification with leave-one-out cross-validation was conducted separately for the placebo and drug 

conditions. For each iteration, a single observation was removed from the dataset as the test sample, 
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while the remaining data were used for training. Hierarchical k-means clustering (Peterson et al., 2018) 

was performed on the training set with k = 2, and the cluster centroids were determined. The 

observation in the testing set was assigned to the closest cluster centroid by computing the Euclidean 

distance from the cluster centers. The predicted cluster assignment was then compared with the actual 

label to assess classification accuracy. The classification performance was assessed using several 

metrics. Accuracy was calculated as the proportion of correctly classified test samples across all 

iterations. Receiver Operating Characteristic (ROC) curves were generated to evaluate classification 

performance, and the Area Under the Curve (AUC) was calculated as a measure of discriminative 

ability. Additionally, a confusion matrix was generated to compare predicted and actual classifications. 

To evaluate whether cluster structures identified in the placebo condition generalized to the drug 

condition, a hierarchical k-means clustering model (Peterson et al., 2018) was trained on the placebo 

dataset with k = 2. Each subject from the drug dataset was then assigned to a cluster based on its 

proximity to the placebo cluster centers. Classification accuracy was calculated by comparing the 

predicted cluster assignments in the drug dataset with the original placebo clusters. A contingency 

table was generated to assess the agreement between predicted and actual labels. 

3.2.4.4.3. Dose-response effect in the reward anticipation phase 

Since the Placebo vs. Drug analysis showed an interaction between cluster and drug only for the 

reward anticipation condition, the dose-response effect was tested only on this reward phase in the 17 

subjects included in the risperidone study. An LME was used to investigate the effects of placebo, 

low-dose risperidone, and high-dose risperidone on response values during the anticipation phase of 

a reward-related task. In the LME analysis, drug condition was treated as a categorical fixed effect with 

three levels (placebo, low-dose risperidone, high-dose risperidone), cluster (Sign-Trackers [ST] vs. 

Goal-Trackers [GT]) was treated as a fixed effect factor, age was modeled as a second-degree 
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polynomial, and participants were included as a random effect to account for repeated measures within 

subjects. 

Given the three-level nature of the drug factor, different model specifications were tested to 

determine both categorical and continuous dose-response relationships, including linear and quadratic 

trends. In addition to the categorical model used in the primary analysis, to further explore potential 

dose-dependent effects, additional models were fitted, including an ordinal model testing for a linear 

trend across drug conditions, a quadratic model testing for a curvilinear relationship, and a stepwise 

model testing the contrast between high-dose risperidone and all other conditions combined. Model 

selection was performed using likelihood ratio tests (LRTs) comparing each model against the null 

model, with significance assessed using Chi-square tests. Post-hoc analyses were conducted using 

EMMs, with pairwise comparisons between drug conditions adjusted using Tukey’s method and FDR 

corrections. 

In addition, to assess whether variance differences between ST and GT did not confound the 

observed drug effects, we performed Levene’s test for homogeneity of variance under placebo and 

drug conditions. Finally, Bayesian analyses (BF₀₁) served to eventually test for support in favor of the 

null hypothesis when no significant differences were detected. 

3.2.4.4.4. Behavioral Analysis 

In the Pharmacological Challenge cohort, we examined ST–GT differences in treatment-related 

changes in behavioral outcomes using three self-report factors—Energy, Calm, and Focus—derived 

from confirmatory factor analyses of the full set of 16 VAS items. 

The psychometric properties of the VAS items were evaluated in a two-step process using 

RStudio. First, an Exploratory Factor Analysis (EFA) was conducted on the 16 original items from the 

Placebo Pre-dose condition to identify the underlying factor structure in a baseline state, free from 
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any pharmacological intervention. Following standard practices, we used maximum likelihood 

estimation with an oblimin (oblique) rotation to allow for correlated factors. The number of factors 

to retain was determined by a convergence of criteria: the Kaiser criterion (eigenvalues > 1), a scree 

plot inflection point, and parallel analysis based on 100 permutations. 

Second, based on the EFA results and an iterative process of model refinement to improve fit 

and parsimony, a 10-item, 3-factor model was specified for Confirmatory Factor Analysis (CFA). This 

refined model was composed of Factor 1 (Energy), which included the items Alert_to_Drowsy 

(loading=0.85), Strong_to_Feeble (loading=0.89), and WellCoordinated_to_Clumsy (loading=0.92); 

Factor 2 (Calm), comprising Antagonistic_to_Friendly (loading=0.97), Troubled_to_Tranquil 

(loading=0.82), and Tense_to_Relaxed (loading=0.63); and Factor 3 (Focus), consisting of 

MentallySlow_to_QuickWitted (loading=0.90), Incompetent_to_Proficient (loading=0.92), 

Attentive_to_Dreamy (loading=-0.59), and Muzzy_to_ClearHeaded (loading=0.92). The observed 

loadings are high, indicating strong associations between items and their respective factors. The score 

of Factor 1 was reversed to maintain a consistent scaling of low to high score. Notably, our 3-factor 

solution exhibits both similarities and distinctions compared to foundational factor analyses of similar 

visual analogue scales from the 1970s. Bond and Lader (1974) identified three factors: 'alertness', 

'contentedness', and 'calmness'. Their 'alertness' factor encompassed items related to mental clarity 

and physical vigor, aligning with items in both our Energy and Focus factors. Their 'calmness' factor 

(specifically comprising 'Calm' and 'Relaxed' items) strongly corresponds to our Calm factor. Herbert 

et al. (1976) identified two primary factors, 'alertness' and 'tranquillity'. His 'alertness' factor similarly 

combined aspects of mental and psychomotor performance, while the 'tranquillity' factor merged 

elements of contentedness and calmness. Our model’s differentiation of the broader historical 

‘alertness’ domain into distinct Energy and Focus factors provides a more granular perspective on 

these dimensions. 
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The adequacy of this 3-factor structure was formally tested using the lavaan package. The 

model was fit separately to the data from four distinct conditions: placebo predose, 90 minutes post-

dose in the placebo condition, predose in the drug condition, and 90 minutes post-dose in the drug 

condition. Model fit was assessed using standard indices, including the Comparative Fit Index (CFI), 

Tucker-Lewis Index (TLI), Root Mean Square Error of Approximation (RMSEA), and Standardized 

Root Mean Square Residual (SRMR). To justify the comparison of factor scores across conditions, a 

multi-group CFA was performed to test for measurement invariance (configural, metric, scalar, and 

strict) across the three conditions that were not used in the EFA. Finally, for each participant at each 

timepoint, factor scores for Energy, Calm, and Focus were estimated and saved using the lavPredict 

function for subsequent analysis. As a final step, factor scores for Energy were reversed so that higher 

values consistently reflected greater energy. 

The derived factor scores were analyzed using LMEs to investigate the effects of Time 

(prepose, post-dose), Cluster (GT, ST), and Phase (Placebo, Drug). Analyses were conducted in R 

using the lme4 and lmerTest packages. To align with the study design, separate analyses were conducted 

for the Placebo and Drug phases. For each of the three factors within each phase, an LME was fitted 

with the factor score as the dependent variable. In the applied model, cluster, Time, and their 

interaction were included as fixed effects to test our primary hypothesis. Participant age, its quadratic 

term, and drug cohort (risperidone, haloperidol) were included as covariates. A random intercept for 

each subject was included to account for the non-independence of repeated measures. P-values for 

the fixed effects were obtained using Satterthwaite's degrees of freedom approximation. To control 

for multiple comparisons across the three factors within each phase, the p-values for the Cluster * 

Time interaction terms were adjusted using the FDR correction. Significant interactions were followed 

up with post-hoc pairwise comparisons using a Tukey correction for multiple comparisons. 
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The final 10-item, 3-factor model demonstrated an improved and adequate fit for the data 

compared to the initial 16-item EFA solution. In the Predose condition during pre-dose, fit indices 

were acceptable. Fit remained adequate across the other conditions, with CFI values of .886 in the 

predose condition during drug and .858 for post-dose condition during drug, and SRMR < .09 in all 

conditions. Because of the small sample size, RMSEA values were elevated (> .21). Multi-group CFA 

supported measurement invariance across the post-dose condition during placebo, the predose 

condition during drug, and post-dose condition during. The criteria for configural, metric (ΔCFI 

= .003, p = .223), and scalar invariance (ΔCFI = .002, p = .253) were met, indicating that the factor 

structure, item loadings, and item intercepts were equivalent across conditions. This justifies the direct 

comparison of latent factor scores. Strict invariance was not supported, suggesting that residual 

variances differed between conditions. 

3.2.4.5. Clinical analysis 

In the Clinical cohort, we integrated antipsychotic receptor binding profiles with clinical dosing 

parameters to compute dose-normalized receptor affinity ratios. Equilibrium dissociation constants 

(Ki values) for DA receptors D1–D5 were obtained from the dataset published by McCutcheon et al. 

(McCutcheon et al., 2023) via their public GitHub repository, while clinical data comprised patient-

level medication regimens, individual dosages, and chlorpromazine-equivalent doses (CPZ). Dose-to-

affinity ratios were calculated as CPZ equivalents divided by the respective Ki values (nM) for each 

receptor subtype, yielding dimensionless indices of receptor occupancy potential at therapeutic doses. 

These indices quantitatively measure the relative blockade capacity for each receptor subtype under 

clinically relevant dosing conditions and were generated using a custom R pipeline. The final analytic 

sample consisted of 24 patients, after excluding individuals with missing data or misidentification 

during clustering. Group differences in VStr BOLD signal between patients and HC from the UNIBA 
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cohort were tested with independent-sample t-tests. In contrast, ST–GT differences in positive and 

negative symptoms were examined using Wilcoxon rank-sum tests (N = 25, with PANSS data 

unavailable for one patient). Correlational analyses further assessed associations between receptor 

affinity indices, VStr activity, and clinical symptom dimensions. 
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3.3. Results 

3.3.1. Cluster analysis 

Figure III.11A illustrates that the three-cluster solution in the Discovery cohort delineated ST (N = 

161), who exhibited greater BOLD activity in anticipation-related ROIs rather than outcome, GT (N 

= 319) with increased activity in outcome-related ROIs than anticipation, and an INT group (N = 

410) displaying relatively low brain activation in both phases. There was no evidence of sex differences 

based on the two results. First, the distribution of males and females did not differ between ST (M=89, 

F=72) and GT (M=149, F=170), χ2
(1, N=480)=2.81, p=0.094, and second, very similar imaging 

phenotypes emerged when the cluster analysis was conducted separately for males and females (Figure 

III.S1). Despite inter-site variability, the leave-site-out cross-validation analysis produced an overall 

accuracy of 86.7% and a balanced accuracy of 84.9%, based on sensitivity (87.8%) and specificity 

(82%) (Figure III.11E). Barplots showing the BOLD signal in each ROI across both projected and 

true clusters for each test site are reported in Figures III.S2-S9. 

Cluster generalizability in the independent Replication cohort showed good clustering 

performance, with 82.4% overall accuracy, perfect specificity (100%), but lower sensitivity (57.4%) 

and 78.7% balanced accuracy. While all GT were correctly identified, some ST (N = 43) were 

misidentified (mis-ST), in line with rodent models where a subset of individuals does not fall into 

distinct categories (Figure III.11B). The mis-ST were excluded from further analyses. 

Moreover, cluster replicability in the Pharmacological Challenge cohort was high (balanced 

accuracy of 92.3%), with 94.1% accuracy, perfect specificity (100%), and high sensitivity (84.6%), 

misidentifying only 2 out of 13 ST (Figure III.11C) that were excluded from subsequent analyses.  

Finally, cluster replicability in the Clinical cohort showed good clustering performance (Figure 

III.11D), with 77.1% overall accuracy (sensitivity: 100%; specificity: 66.7%) and 83.3% replicability 
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based on sensitivity and specificity. While all GT were correctly identified, eight ST were misidentified 

(mis-ST) and were excluded from subsequent analyses. 

 

Figure III. 11 Development, validation, and characterization of three reward-related phenotypes. (A) 
A three-cluster solution identified sign-trackers (ST), goal-trackers (GT), and an intermediate group. Bars 
represent 95% CI. (B) Generalization in the Replication cohort showed high classification accuracy (82.4%), 
by projecting the ST and GT centroids. (C) Pattern brain activity of ST and GT in the Pharmacological 
Challenge cohort and in the (D) Clinical cohort. (E) Leave-site-out validation results. The clusters were highly 
reproducible across eight imaging sites (86.7% accuracy, 84.9% replicability). 
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3.3.2. Group-level analysis 

In the Discovery cohort, whole-brain voxel-wise analyses showed significant and widespread 

activation in ST during the anticipation phase, and in GT during the outcome phase (pTFCE-FWE < 0.05; 

Figure III.12A; Table III.S2). Minimal activation was observed in the alternate phase for each group. 

This pattern was replicated in the Replication cohort, where ST again exhibited extensive activation 

during anticipation, and GT during outcome (pTFCE-FWE < 0.05; Figure III.12B; Table III.S2), with 

negligible activation during the alternate phase. 

Similarly, in the Clinical cohort, whole-brain voxel-wise analyses (pTFCE-FWE < 0.05) showed 

robust activation in ST during anticipation and in GT during outcome (Figure III.12C), with no 

significant activation during the alternate phase (Table III.S2). An independent sample t-test showed 

no significant difference in chlorpromazine equivalents between ST and GT (data available for 24 of 

the 26 patients), p = 0.500. 
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Figure III. 12 Group-level activation maps in Discovery (A), Replication (B), and Clinical (C) cohorts. 
Whole-brain analyses confirmed strong anticipatory BOLD activation in the ST and outcome activation in the 
GT, with minimal engagement during the alternate phase. All statistics were corrected for multiple comparisons 
using the Threshold-Free Cluster Enhancement (TFCE) approach (Smith and Nichols, 2009), with significance 
set at a family-wise error rate (FWE) of α < 0.05. 

3.3.3. Trial-by-trial analysis 

We tested the hypothesis that ST and GT attribute differential incentive salience to the reward 

anticipation cues throughout the experiment using trial-by-trial dynamics. As we predicted, these trial-

by-trial group differences would be specific to the reward condition, so we modeled reward and no-

reward trials in separate analyses. We used a stronger VStr response across trials as an index of 

incentive salience and implemented linear mixed-effects models predicting ventral-striatal BOLD 

responses with fixed effects for Group (ST vs. GT), Trial (continuous), and their interaction. The 
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models included random intercepts by subject and random slopes for trial by subject, without 

estimating the correlation between these two terms. This no-random-correlations structure was 

chosen to balance model complexity and avoid potential convergence issues (Barr et al., 2013). The 

trial-by-trial analysis for the no-reward condition showed no differences in the VStr activity between 

ST and GT (β=−0.0076, SE = 0.0276, t(245.3)=−0.276, p=0.783). The Trial effect in the VStr 

responses indicates  a slight decrease in BOLD activity over trials (β=−0.00181, SE = 0.00091, 

t(243.0)=−1.983, p=0.048), with no group differences in habituation rates (β=0.00160, SE = 0.00142, 

t(243.0)=1.126, p=0.261). In the reward condition, ST showed significantly higher VStr responses 

than GT (β=0.0860, SE = 0.0287, t(243.0)=2.990, p=0.003). There was no overall response decrease 

over trials (β=−0.00048, SE = 0.00091, t(241.9)=−0.526, p=0.599). However, a significant Trial × 

Group interaction (β=0.00275, SE = 0.00141, t(241.9)=2.540, p=0.008) indicated that ST maintained 

a stronger VStr response over trials, compared to GT (Figure III.13). 

 

Figure III. 13 Pattern of activity during the MID experiment in the Replication cohort. Trial-by-trial 
analysis showed ST had consistently higher VStr activity than GT during reward trials, with no difference during 
no-reward trials. 
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3.3.4. Personality and cognitive assessment of ST and 

GT 

For both Discovery and Replication cohorts, mean (SD) values for ST and GT, along with full 

statistical details of group effects, are reported in Table III.S3. 

In both the Discovery and Replication cohorts, no significant differences were observed 

between ST and GT in personality characteristics, as assessed by the TCI in both samples and SURPS 

in the Discovery cohort. 

In the Discovery cohort, we found a significant difference in decision-making processes 

between groups, as assessed through the CGT, with ST scoring higher than GT on risk adjustment 

(pFDR = 0.002), which is defined as the extent to which a participant adjusts their bet based on their 

perceived probability of winning. Significant differences emerged between groups in reward-related 

behavior (PALP), with GT performing more poorly than ST. In the absence of contingency switches, 

GT performed more poorly than ST. They made significantly more omission errors (nonresponses to 

'go' trials, indicating too much behavioral inhibition) and commission errors (responses to 'no-go' 

trials, indicating too little behavioral inhibition) in both the reward-reward (Omission: pFDR=0.01; 

Commission: pFDR=0.002) and punishment-punishment (Omission: pFDR=0.001; Commission: pFDR < 

0.001) conditions. This suggests that GT individuals struggle with a lack of behavioral inhibition 

(commission errors) and an excess of it (omission errors), indicating a general impairment in cognitive 

control and behavioral flexibility in a task involving reward and punishment. 

In the Replication cohort, no significant ST-GT differences were found in CPT measures of 

sustained attention, impulsivity, and vigilance, as well as for personality traits (TCI). Instead, in the 

WCST, measuring executive functions, ST outperformed GT, using significantly fewer trials 

(pFDR=0.026) and making significantly fewer perseverative and non-perseverative errors (pFDR=0.042) 

to complete more categories (pFDR>0.05, p=0.13) than GT. Results are depicted in Figure III.14. 
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Altogether, these results suggest that while ST and GT do not differ on measures of personality or 

sustained attention, the ST phenotype is associated with a distinct cognitive profile characterized by 

superior executive functions. 

 

Figure III. 14 Neuropsychological results in both the Discovery and Replication cohorts. Histograms 
depict the effect size r of the Wilcoxon rank-sum tests performed for the neuropsychological scores grouped 
by domain, i.e., reward sensitivity, cognition, personality, and cohorts.  

3.3.5. Placebo vs. Drug effect 

Drug effects on the bilateral VStr BOLD signal were tested using linear mixed‐effects models with 

Phase (anticipation vs. outcome), Drug condition (placebo vs. drug), and Cluster (ST vs. GT) as fixed 

effects, including their interactions, and with subject as a random intercept; F‐tests assessed omnibus 

interactions and post‐hoc contrasts examined estimated β‐coefficients. Results are depicted in Figure 

III.15A. Analyses restricted to the bilateral VStr yielded a significant three-way Phase × Drug × Cluster 

interaction (F(1, 90)=6.905, p = 0.010), and in the anticipation phase, a Drug × Cluster interaction 

(F(1, 30)=6.676, p = 0.015). Under placebo, ST showed higher BOLD responses than GT (β=0.697, 
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SE=0.128, t(53.3)=5.433, p<0.001), and drug (risperidone or haloperidol) significantly reduced ST 

responses (β=-0.514, SE=0.131, t(30)=-3.935, p<0.001) but had no effect in GT (β=-0.097, SE=0.095, 

t(30)=-1.030, p=0.311). There was a significant Drug × Cluster interaction in the outcome phase, F(1, 

30)=4.952, p=.034. Post-hoc tests showed that the drug effect (drug-placebo) was not significant in 

GT (β=0.387, SE=0.200, t(30)=1.934, p=0.062), but it was significant in ST, where drug increased 

BOLD response compared to placebo (β=1.148, SE=0.277, t(30)=4.147, p<0.001). Using whole-

network estimates (in reward-related regions), a leave-one-out cross-validation framework was 

employed to assess classification performance between ST and GT individuals. In the Placebo 

condition, this classification achieved a replicability of 97.62%, considering GT as the positive class 

(sensitivity for ST=100%; specificity for ST=95.24%), with AUC for predicting GT of 0.976, 

confirming clear group separation. When this classification approach (using Placebo-based labels) was 

applied to drug data, the replicability in distinguishing ST from GT individuals dropped to 75.09% 

(AUC for predicting GT, as positive class=0.75; sensitivity for ST=69.23%; specificity for 

ST=80.95%). This result suggests that while the classification is less clear under drug conditions, ST 

individuals are still identified with sufficient sensitivity despite marked reductions in their BOLD signal. 

Similar results, regarding drug effect on BOLD activity, were obtained using estimates from the reward 

anticipation and outcome networks (Supplementary Information, Appendix B4, Figure III.S10). 
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Figure III. 15 Individual-level analyses in the Pharmacological challenge cohort. (A) A three-way 
interaction between phase, drug, and cluster showed that, during anticipation, ST had higher BOLD responses 
than GT under placebo, and D2 antagonists reduced this activity. The drug-by-cluster interaction was not 
significant during the outcome phase. (B) Dose-response analyses indicated that ST anticipatory responses 
linearly decreased with increasing risperidone doses, while GT showed no change. (C) Behavioral analysis 
showed that ST had a lower Energy Factor Score after the drug dose. 

3.3.6. Dose-response effect in the reward anticipation 

phase  

The dose–response effects, available only in the risperidone dataset (N=17), were tested in the 

anticipation phase, where a Cluster × Drug interaction had been reliably identified in the VStr and in 

the whole-network analysis (see Supplementary Information, Appendix B5) and were further tested 

in the bilateral VStr. Results are shown in Figure III.15B. 

In ST, a significant overall Drug effect was observed (χ²(2) = 10.829, p = 0.005) with a robust 

linear trend (χ²(1) = 10.800, p = 0.001), indicating a dose-dependent decrease in BOLD response; the 
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quadratic term was non-significant (χ²(1) = 0.029, p = 0.865). A stepwise comparison confirmed that 

high-dose risperidone significantly reduced ST responses relative to placebo and low-dose 

(χ²(1)=7.825, p=0.005). Post-hoc contrasts showed a significant difference between placebo and high-

dose (β=–0.665, SE=0.181, t(14)=3.677, pFDR=0.008), whereas the low-dose effect was not significant 

(β=–0.3075, SE=0.1808, t(14)=1.700, pFDR=0.111). For GT, no significant drug effects emerged (χ²(2) 

= 1.978, p = 0.372), with non-significant linear (χ²(1) = 0.536, p = 0.464) and quadratic (χ²(1) = 1.442, 

p = 0.230) trends. Post-hoc contrasts showed no differences between placebo, low-dose, and high-

dose (all pFDR ≥ 0.532). Bayesian analysis strongly supported the null hypothesis, showing no 

risperidone effect on anticipatory responses in GT (Bayes Factor, BF₀₁=5.47, 5.93, 3.95, respectively). 

The BF assesses the evidence that the data provide an effect of being present or absent. Specifically, 

“1” corresponds to H1 and “0” to H0. Generally, values of BF01 larger than 3 indicate evidence 

favoring H0 (i.e., no effect). 

Analyses of dose-response effect in the anticipation phase across the whole-network estimates 

are reported in the Supplementary Information (Appendix B5) and depicted in Figure III.S10B. 

3.3.7. Behavioral differences in ST and GT  

The mixed-effects analysis of the three behavioral factors (Energy, Calm, and Focus) showed a 

significant three-way interaction for the Energy factor only (p=0.043). Follow-up analyses showed a 

significant Time × Cluster interaction in the drug phase (β=−0.794, SE= 0.175, t(30)=−4.525, 

p<0.001), indicating that the change over time differed significantly between the ST and GT groups. 

Post-hoc comparisons confirmed that this was driven by a significant decrease in Energy from pre- to 

post-dose for ST (β=0.764, SE=0.142, t(30)=5.373, p<0.001), while there was no significant change 

for GT (β=−0.030, SE=0.103, t(30)=−0.293, p=0.997). Results are shown in Figure III.15C. 
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The analysis found no significant Time × Cluster interaction in the placebo phase (p=0.980). 

Furthermore, there were no significant three-way interactions for the Calm (p=0.444) or Focus 

(p=0.949) factors. 

3.3.8. Clinical assessment  

When comparing patients to neurotypical controls (NC) derived from the Replication cohort 

(collected with the same imaging protocol at UNIBA), ST patients showed a lower BOLD signal in 

the ventral striatum during anticipation, t(71)=7.12, p<0.001, Cohen’s d=2.06 (Figure III.16A). In 

contrast, no differences were found between GT patients and NC, t(153)=1.02, p=.3084, Cohen’s 

d=0.32. Nonetheless, within patients, ST showed larger BOLD activity in the VStr during reward 

anticipation compared to GT, t(24)=2.72, p=.0121, Cohen’s d=1.08, in line with what was observed 

in NC, t(200)=16.02, p<.0001, Cohen’s d=2.49. Furthermore, to investigate the relationship between 

antipsychotic medication and neural activity, we calculated a patient-specific D₂ dopaminergic affinity 

index by integrating individual medication dosages with established receptor binding affinities 

(McCutcheon et al., 2023). Consistent with our hypothesis, this index of D₂ receptor blockade was 

significantly and negatively correlated with striatal BOLD activity during reward anticipation (r=-0.462, 

p=0.023, Figure III.16B), after accounting for age and sex. Affinity for other DA receptors yielded no 

significant associations with striatal BOLD activity in anticipation (D1: p=0.417; D3: p=0.105; D4: 

p=0.323; D5: p=0.245). 

Differences in clinical symptoms, assessed through the PANSS, were tested in association with 

BOLD signal and D₂ dopaminergic affinity. We found that the BOLD signal in the VStr during 

anticipation was significantly and specifically associated with negative symptoms (r=−0.579, p=0.002, 

Figure III.16C), while no association was found with either positive symptoms (r=0.03, p=0.901) or 

general psychopathology items (r=−0.15, p=0.486). Consistent with these findings, GT individuals 
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demonstrated significantly higher negative symptom severity than ST individuals (Wilcoxon W=118, 

p=0.006, Figure III.16D). Furthermore, a significant positive association was found between D₂ 

dopaminergic affinity index of the administered therapy and negative symptom severity (r=0.471, 

p=0.020, Figure III.16E). No other significant associations were detected between striatal BOLD 

activity in anticipation and dopaminergic affinity (D1: p=0.336; D3: p=0.244; D4: p=0.140; D5: 

p=0.320). Together, these results suggest that patients administered antipsychotic treatments 

characterized by stronger D₂ blockade also show a GT-like imaging phenotype and have a higher 

negative symptom burden. 

 

Figure III. 16 Individual-level analyses in the Clinical cohort. (A) BOLD signal in the VStr during 
anticipation, separately illustrated for neurotypical controls (NC) from the Replication cohort and patients (PZ) 
for both ST and GT. (B) Scatterplot shows negative correlation between the BOLD signal in the VStr during 
anticipation and DRD2 affinity. (C) Scatterplot showing negative correlation between the BOLD signal in the 
VStr during anticipation and the negative symptoms measured with the PANSS. (D) Boxplots representing ST 
vs. GT mean difference in relation to the negative symptoms. (E) Scatterplot depicting the positive correlation 
between negative symptoms and DRD2 affinity. Note. All scatter plots display residualized data, adjusted for 
age and sex. 
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3.4. Discussion 

Drawing from a well-characterized behavioral phenotype in rodents, we translated the ST/GT 

framework to humans using neuroimaging to investigate individual differences in reward processing 

and antipsychotics with high affinity for D₂ receptor modulation. While previous human studies have 

explored ST/GT analogs with different approaches (Colaizzi et al., 2020; Heck et al., 2025), our study 

offers a translationally relevant validation by leveraging the well-established MID task to identify 

reproducible imaging phenotypes analogous to ST-like and GT-like profiles across four independent 

cohorts. 

Our results highlight four main findings. First, the ST/GT model is highly replicable in 

humans even without new learning, as BOLD signal clustering consistently delineated ST-like and 

GT-like profiles across all cohorts. Second, ST attribute high incentive salience to reward-anticipation 

cues, showing amplified ventral striatal and whole-network responses during anticipation, whereas GT 

show preferential activation during outcome processing. Third, D₂ blockade selectively attenuated 

anticipatory BOLD activity in ST, with a corresponding decrease in self-reported Energy, while leaving 

GT's neural and subjective responses unchanged. Finally, in patients with SCZ and FEP, those treated 

with strong dopaminergic antagonists displayed the most blunted ventral-striatal anticipation signals 

and also had the highest negative-symptom burden. Together, these findings demonstrate a 

translational pathway from preclinical models to healthy humans and ultimately to clinical populations, 

establishing a neuroimaging biomarker of incentive salience, and offer a phenotype-driven strategy for 

tailoring D₂-targeted interventions. 
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3.4.1. Clustering on the brain activity during the MID 

task is a reliable approach to translate the ST/GT 

animal model into humans 

A critical concern in human ST/GT research is ensuring alignment between the definitions of sign-

tracking behavior used in humans and those established in animal models. One major problem with 

human experimental paradigms is the difficulty in implementing a direct measure of behavioral 

approach, which in animal studies is the time of latency before physical contact or the number of lever 

presses. Consequently, in most paradigms, the approach is inferred from proximal measures (Saunders 

& Robinson, 2013), specifically, the visual attention allocated to a CS. This perspective sounds 

legitimate in the sense that sign-tracking is akin to the “attentional biases” observed, for instance, in 

response to drug cues compared to neutral cues in humans (Anselme & Robinson, 2020; Field & Cox, 

2008). 

Heck et al. (2025) classified the human ST/GT literature into four main categories: (1) physical 

PCA tasks, (2) virtual PCA tasks, either alone or embedded within PIT paradigms, (3) value-modulated 

attentional capture (VMAC) tasks, with or without eye-tracking, and (4) alternative tasks, which 

include game-like paradigms, neuroimaging, and real-world or unclassified approaches.  

For instance, in VMAC tasks, approach behavior is inferred from attentional metrics, 

particularly visual fixation on reward-associated cues (Saunders & Robinson, 2013). Most studies 

exploring ST behavior in humans have relied on computerized reaction-time tasks (Albertella et al., 

2019a, 2019b; Liu et al., 2021), some of which incorporating eye-tracking indices to enhance 

measurement precision (Garofalo & di Pellegrino, 2015; Schad et al., 2020). Another procedure 

sometimes used in the ST/GT literature is the PIT task, which induces a cue-reward association 

through Pavlovian conditioning to alter instrumental responses to the cue (Cartoni et al., 2016; 

Garbusow et al., 2022). In altering the motivational influence of the reward predictive cue, PIT has 
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much in common with sign-tracking (Garbusow et al., 2014; Garofalo & di Pellegrino, 2015). The PIT 

effect has also previously been used to quantify incentive salience attribution (Sebold et al., 2021; 

Wassum et al., 2013), although the propensity to attribute incentive salience to the CS is not directly 

tested. The standard PIT procedure, therefore, cannot easily identify ST/GT phenotypes. 

Achieving consensus on experimental parameters and data analysis strategies is crucial for 

advancing human ST/GT research. The ST/GT model in rats is derived from the observation of a 

characteristic behavior emerging in a Pavlovian conditioning paradigm, which implies a learning 

component, supported by ventral striatal DA signaling relevant for sign-tracking behavior, but not for 

goal-tracking (Flagel et al., 2007, 2008, 2009). However, in a real context, stimuli also have predictive 

value of reward without forming new associations; rather, it may be acquired through direct experience, 

learning, or explicit instructions. In humans, the MID task allows us to study both cue-reactivity and 

reward-related responses, starting from the investigation of the brain activity underlying reward 

sensitivity—and not the opposite—thus evaluating the value of reward itself in two distinct temporal 

phases: the anticipation phase, when cues trigger reward prediction, and the outcome phase, when 

feedback is evaluated (Knutson et al., 2001). 

In this study, we introduce a new method for examining cue-reward sensitivity in humans by 

combining the MID task with the ST/GT framework to address their respective limitations. Since the 

MID is an instrumental task, it allows us to assess the “reward value” and the “incentive salience” of 

reward cues without the variation caused by individual learning styles in the ST/GT model. Therefore, 

applying the ST/GT framework enabled us to complement the phase-based approach of the MID 

task, thereby emphasizing individual differences in cue-reward learning and integrating both reward 

anticipation and outcome phases. 

Far from adding more heterogeneity to the set of approaches used for studying reward and 

ST/GT behavior, this study sheds light on a novel approach that may be preferable to the more 
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complex paradigms reported above, which are both difficult to implement and replicate results 

throughout the literature. 

3.4.2. Hierarchical k-means clustering identifies 

reproducible ST- and GT-like imaging phenotype 

across diverse cohorts 

In the ST/GT animal model, individual variability in the tendency to develop sign-tracking behavior 

allowed researchers to categorize ST and GT (see Flagel et al., 2007, 2008, 2009), suggesting that these 

categories reflect stable phenotypes (Gillis & Morrison, 2019). 

When translating this framework in humans, an additional source of variability is the construct 

validity, and consequently, the categorization of participants into ST and GT groups (Heck et al., 2025). 

The nature of the “response bias score” from which the categories were defined is highly 

heterogeneous. In general, few studies included a third (intermediate) category for individuals whose 

behavior alternated between sign- and goal-tracking. For each category of paradigms—physical and 

virtual PCA, VMAC, and alternative—Heck et al. (2025) presented studies that implemented 

participant profile classification. In both physical and virtual PCA studies, individuals are grouped 

according to their tendency to develop sign-tracking, established from the number and latency of 

physical contacts with (or gazes to) the CS versus the reward location (e.g., Colaizzi et al., 2023; Cope 

et al., 2023; Dinu et al., 2024). While contemporary PCA paradigms typically classify individuals into 

ST, GT, or INT phenotypes (Colaizzi et al., 2023; Colom, 2023, Chapter 9; Cope et al., 2023; Joyner, 

2019), earlier studies often did not. Virtual PCA task studies have all identified different groups of 

participants based on their sign- or goal-tracking behavior, although Lehner et al. (2017) used 

alternative terminology to ST and GT, based on their predominant eye fixation on the CS or the 

reward location (e.g., “high eye index” vs. “low eye index”; Lehner et al., 2017). VMAC tasks, by 

contrast, usually assess attentional bias on a continuous scale and do not typically lead to a ST/GT 
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categorization (exceptions include Duckworth et al., 2022; Liu et al., 2021). Among studies using 

alternative tasks, such as computerized or real-world tasks, only a few categorized individuals into ST 

or GT groups (Nelson et al., 2022; Schembre et al., 2016; Versace et al., 2016). Finally, other studies 

define behaviors akin to sign- and goal-tracking in human participants in very vague ways, such as 

“abnormal responses to reward cues” (Wardle et al., 2018) and “markers of impulsivity and attentional 

problems focusing on individual differences” (Serrano-Barroso et al., 2022). 

In our study, hierarchical k-means clustering was used to stratify healthy individuals based on 

their brain activity in the reward-related network, considering an arbitrary number of clusters (i.e., k 

= 3). It was determined based on the existing literature on ST/GT behavior in animal models (Flagel 

et al., 2008, 2009, 2011; Flagel & Robinson, 2017; Saunders & Robinson, 2013; for a review, see Felix 

and Flagel, 2024). Thus, in the Discovery cohort, we included the INT group, as it more accurately 

reflects the population distribution without differentiating the two extreme phenotypes. However, a 

model with k=2 for the Discovery cohort still identified ST and GT, supporting the idea that a third 

group, which shows a mixture of brain patterns, better reflects the heterogeneity of the population, 

leading to more precise stratification of individuals (Figures III.S11-12). In fact, for the subsequent 

analyses, only the ST and GT clusters were used, despite a decrease in sample size. For the 

generalization of the algorithm in the Replication cohort, we applied hierarchical k-means clustering 

with k = 3 and k = 2 solutions. We compared the predicted clusters, derived from the projections of 

the Discovery centroids, with the true clusters obtained from a hierarchical k-means algorithm. The k 

= 3 solution continued to categorize individuals into groups reflecting ST, INT, and GT in the 

Replication cohort (Figure III.S12). However, for the purpose of obtaining more precise profiles, we 

focused on the projection of the two centroids from the Discovery cohort as the main analysis. 

Therefore, in the other three cohorts, we used the two Discovery centroids corresponding only to ST 

and GT, excluding the INT group to reduce noise. We found stable and reproducible ST and GT 

https://link.springer.com/article/10.3758/s13415-024-01230-8#ref-CR98
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imaging phenotypes across all cohorts, consistent with previous studies in humans, with the INT 

group being excluded from the analyses (Colom, 2023, Chapter 9; Schad et al., 2020; Dinu et al., 2024).  

To further demonstrate that selecting k = 2 would not have altered the results, even in the subsequent 

analysis, Figure III.S14 compares the results from neuropsychological analyses performed with k = 2 

and k = 3 with INT dropped.  

This result demonstrates that the initial subdivision into three groups can be generalized to diverse 

populations, including a clinical one. This interpretation is supported by the high accuracy (balanced 

accuracy > 78.7% across three cohorts), as demonstrated in the confusion matrices, which compare 

predicted clusters from the Discovery algorithm with actual data-driven cluster membership. 

Inconsistencies in conceptual interpretation and operationalization contribute to heterogeneity across 

studies, potentially limiting the validity of cross-species comparisons. 

So far, the various human paradigms have greatly differed in their attempts to identify distinct 

ST and GT phenotypes. Our results indicate that stratification into three groups enhances ecological 

validity as it better defines the reward-cue responsivity of the real population. Thus, future studies may 

rely on the stability of our classification to address the categorization problem in their research on ST 

and GT. 

3.4.3. Neurocognitive characterization of ST and GT 

in humans is consistent with animal models 

On a neurobiological level, several studies support the distinction between “top-down” and “bottom-

up” pathways responsible of the GT and ST behavior, respectively (Flagel et al., 2011; Haight, Fuller, 

Fraser, & Flagel, 2017; Sarter & Phillips, 2018). Whereas GT are thought to rely primarily on “top-

down” cortical mechanisms to guide their goal-directed behaviors, ST are believed to have enhanced 
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“bottom-up” processing, as a function of increased activity in subcortical regions, including the 

striatum, amygdala, midline thalamus, and hypothalamus.  

This different level of control may be reflected in cognitive functioning. GT are considered to 

have greater top-down attentional control than ST, and it has been postulated that a “deficit” in this 

top-down control contributes to the sign-tracking phenotype (Sarter & Phillips, 2018). In support of 

this view, GT perform better than ST on high-demand cortical control tasks, including those 

associated with impulse control (Flagel et al., 2010; Lovic et al, 2011) and sustained attention (Paolone 

et al., 2013).  

In our study, we have found either that ST outperformed GT in reward-related tasks and 

executive functions, or no differences in personality and attentional resources emerged between the 

two imaging phenotypes. These results can be interpreted in light of various studies, including both 

animal and human research. 

For example, Enkel et al. (2019) demonstrated that ST and GT rats show task-dependent 

differences in executive function: although ST rats modestly outperformed GT rats on a place-to-cue 

set-shifting task, they exhibited poorer inhibitory control in a conditional responding paradigm and 

delayed alternation, illustrating that inferences about “top-down” control hinge critically on the 

specific cognitive assay (Enkel et al., 2019). In contrast, our human ST showed superior performance 

on an executive functions test—fewer perseverative and non-perseverative errors—and more efficient 

contingency switching during reward-based tasks. These outcomes are more akin to the enhanced set-

shifting seen in ST rodents but at odds with their deficits in response inhibition. Rather than attributing 

these discrepancies solely to cross-species neurobiology, we suggest they reflect divergent task 

demands and contextual factors: human tests often emphasize explicit rule abstraction and verbal 

strategies, whereas rodent tasks rely on implicit learning and Pavlovian–instrumental transfer (Pitchers 

et al., 2018). Finally, ST rats have been found to be more prone to maladaptive behaviors, i.e., addiction, 
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due to their lack of control and inhibition of reward-related stimuli, even if it is worth noting that 

these rats were in a food-deprived condition. Clearly, human studies cannot replicate this status, 

although a different deprived condition, such as money, may be relevant in the study of variability in 

the attribution of incentive salience to rewarding stimuli related to inappropriate behaviors. 

Therefore, recognizing how task architecture shapes observed phenotypes is essential for 

translating ST/GT frameworks across species and potentially selecting human paradigms that more 

closely model the underlying neurocognitive mechanisms. In humans, research on ST/GT differences 

in cognition is currently in its infancy, and future studies should more precisely characterize cognitive 

profiles to clarify both the parallels and differences from animal models. 

3.4.4. Uncovering the striatal involvement in the 

reward processing in humans 

The involvement of the striatum in reward processing has been widely shown (Cardinal et al., 2002; 

Delgado, 2007; Wang et al., 2016). Findings have highlighted its role in the computation of reward 

prediction errors (O’Doherty et al., 2003) and in the anticipation of reward delivery (Knutson et al., 

2001). 

Studies conducted in rodents (Corbit & Balleine, 2011; Berridge & Kringelbach, 2015)—and 

more recently in humans (Pool, Tord et al., 2022)—provided evidence of dissociable contributions of 

the VStr subregions to the motivational and the hedonic component of the affective processing of 

reward. The motivational mechanisms determine how much effort an individual mobilizes to obtain 

a reward, whereas the hedonic mechanisms determine the degree of pleasure an individual experiences 

during reward consumption (Berridge & Kringelbach, 2015). Animal studies have outlined the critical 

role of the VStr, particularly in pavlovian-triggered motivation (Corbit & Balleine, 2011; Wassum et 

al., 2013), using the PIT paradigm. A growing number of studies have extended animal findings 
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regarding the role of the VStr in Pavlovian motivation to humans by adapting the PIT paradigm for 

use in an MRI scanner (Talmi et al., 2008; Chen et al., 2020; Schad et al., 2020).  

These studies have played a pivotal role in the formulation of the incentive salience hypothesis, 

which postulates that under some particular circumstances the motivational (i.e., “wanting”) and 

hedonic (i.e., “liking”) components of the affective processing of reward can be dissociated, thereby 

making organisms work for a reward that they will not necessarily like once obtained—a key feature 

of compulsive reward-seeking behaviors such as addiction (Berridge & Kringelbach, 2015). The 

ST/GT model offers a unique opportunity to dissociate the neurobiological mechanisms underlying 

the motivational and hedonic components of reward processing. Indeed, our study employed the MID 

task to investigate the anticipation and outcome phases separately within a ST/GT framework. 

Current findings indicate that persistent striatal activation in ST occurs even without a learning 

paradigm, suggesting that heightened ventral striatal responses in ST do not depend on active learning. 

This aligns with findings from studies on cue-induced eating, where ST/GT-like neurobehavioral 

profiles were identified, even when cue-reward contingencies were explicitly instructed rather than 

learned through trial and error, yet still predicted the amount of food consumed (Versace et al., 2019). 

Previous studies have linked ST to model-free learning and insensitivity to outcome devaluation 

(Morrison et al., 2015; Smedley and Smith, 2018). Moreover, a recent human study has shown that ST 

rely on reward prediction error signals (Schad et al., 2020). However, these studies involved 

reinforcement-based tasks, leaving open the question of whether striatal engagement in the ST/GT 

model requires learning. 

By showing that ST maintain elevated striatal activity in a task where reinforcement 

contingencies do not affect behavior, this study rules out a dependence on trial-by-trial learning. These 

findings reinforce the idea that ST behavior is characterized by sustained striatal engagement. 
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3.4.5. Beyond the dopamine role in “wanting” 

The implementation of pharmacological challenges, combined with high-resolution fMRI protocols, 

is a useful tool for scrutinizing the modulation of reward-related activity (Ogawa, Lee, Kay, & Tank, 

1990). Several studies in healthy human volunteers have reported alterations in the reward‐related 

BOLD signal in both subcortical and cortical regions following the pharmacological manipulations 

which alter DA signaling, such as the dopamine D2 receptor antagonists amisulpride (Admon et al., 

2017), haloperidol (Pessiglione, Seymour, Flandin, Dolan, & Frith, 2006), olanzapine (Abler, Erk, & 

Walter, 2007), lurasidone (Wolke et al., 2019) and sulpiride (Diederen et al., 2017); the indirect 

dopamine agonists dextroamphetamine (Knutson et al., 2004) and amphetamine (O'Daly et al., 2014); 

and the dopamine precursor L‐DOPA (Pessiglione, Seymour, Flandin, Dolan, & Frith, 2006). 

For instance, olanzapine is a DA receptor antagonist with high affinity for D1-, D2-, and D4-

receptors, and, in line with other atypical antipsychotics, appears to selectively affect the mesolimbic 

and mesocortical but not the dorsal striatal dopaminergic system (Bymaster et al., 1997; Moore et al., 

1997). It induces an elevation of extracellular DA levels in vivo in the NAc and PFC in rats (Koch et 

al. 2004; Zhang et al. 2000). In healthy subjects, Abler et al. (2007) discovered that reward-related brain 

activation in the VStr, ACC, and inferior frontal cortex was reduced on olanzapine compared to 

placebo. The antipsychotic effects of olanzapine have been attributed to the dampening of increased 

mesolimbic dopaminergic stimulation, which reduces the assignment of salience to important stimuli 

(Kapur 2003; Spitzer 1997). 

Knutson et al. (2004) and Abler et al. (2007) demonstrated the acute effects of dopaminergic 

drugs on brain activation related to a reward paradigm. For instance, using amphetamine as an indirect 

DA agonist in a within-subject, double-blind, placebo-controlled study, Knutson et al. (2004) found 

that the effect of psychostimulants on brain activity, measured with fMRI, was most evident in the 

VStr and psychologically enhanced mood and attention. These findings align with those of Abler et 
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al. (2007), who used olanzapine, and were replicated in a recent study by Hawkins et al. (2021), in 

which risperidone suppressed reward-anticipatory signals in striatal areas. One explanation for the 

reduction in the striatal signal during reward anticipation following risperidone administration, as 

proposed by Hawkins and colleagues (2021), is that D2 blockade on striatal postsynaptic membranes 

results in the suppression of the postsynaptic potential and the associated BOLD signal (Menon et al., 

2007; Schott et al., 2008). Therefore, that manipulating dopaminergic signaling in humans—via D₂-

receptor targeting compounds—alters BOLD responses during reward anticipation is by now well 

established. 

In our study, the novelty lies in the fact that, in humans, ST exhibit a selective response and 

dose-dependent attenuation in BOLD activity after challenge with antipsychotics that have high 

affinity for D₂ receptor antagonism, accompanied by a parallel decrease in self-reported Energy. The 

effect on subjective reports is especially noteworthy for the potential of fMRI-mediated ST-GT 

discrimination in predicting treatment response and side effects of dopaminergic agents. This specific 

dopaminergic sensitivity in ST mirrors findings from rodent work showing that cue-driven incentive 

salience in ST rats depends critically on DA transmission (Flagel et al., 2009). By contrast, GT rats 

acquire cue–reward associations with comparatively less dopaminergic involvement. Together, these 

results underscore the central role of DA in modulating incentive salience (Robinson & Berridge, 

1993; Heinz, 2002) and demonstrate that ST individuals, who attribute greater motivational value than 

GT to cues, are particularly sensitive to compounds with high affinity for the D₂ receptor antagonism 

at both the neural and subjective levels. 

Observations of ST-specific dopaminergic sensitivity in modulating incentive salience may 

inform our understanding of conditions described by the hypothesis of aberrant salience in psychosis. 

This hypothesis proposes that dysregulated DA signaling leads to inappropriate significance 

attribution in psychosis, with antipsychotics ameliorating psychotic symptoms by normalizing these 
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signals (Kapur, 2003). Importantly, identifying ST-like salience attribution in drug-naïve patients could 

guide personalized treatment: those with pronounced cue-driven BOLD responses might benefit most 

from D₂-targeted agents, whereas individuals with GT-like profiles might require alternative strategies 

to avoid unnecessary DA blockade. Such phenotype-driven approaches hold promise for optimizing 

therapeutic efficacy and minimizing side effects in disorders marked by dysregulated salience 

processing, including SCZ. Indeed, the results in our patient cohort suggest that GT might be more 

likely to develop secondary negative or more severe primary negative symptoms when treated with 

strong D2 blockade. 

3.4.6. Blunted activity in the ventral striatum of 

patients with schizophrenia  

In our Clinical cohort, hierarchical k-means clustering again identified ST and GT profiles despite the 

administration of antipsychotic medications. Patients exhibited reduced striatal activity during reward 

anticipation compared to HC, in line with a consistent body of evidence demonstrating blunted ventral 

striatal activation during anticipation in pharmacological challenges (Hawkins et al., 2021), as well as 

in unmedicated patients with SCZ performing the MID (Esslinger et al., 2012; Nielsen et al., 2012). 

Indeed, studies of drug-naïve and chronic patients (Juckel et al., 2006; Grimm et al., 2014; Esslinger 

et al., 2012), along with first-episode individuals, and unaffected first-degree relatives (Grimm et al., 

2014; Lancaster et al., 2016) are important to disentangle intrinsic neurobiological traits from 

medication-induced alterations. 

One compelling hypothesis for the reduced striatal reward activation in SCZ suggests that the 

increased baseline DA tone in the striatum in patients (Abi‐Dargham et al., 2000; Fusar‐Poli & Meyer‐

Lindenberg, 2013; Howes et al., 2012) results in a dampening of the phasic signals associated with 
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rewarding stimuli or reward‐predicting cues. Consequently, these critical signals fail to elicit significant 

changes in the BOLD response and are effectively attenuated (Heinz & Schlagenhauf, 2010). 

In our Clinical cohort, ST-like patients showed markedly blunted ventral-striatal responses 

during reward anticipation compared with healthy ST. In contrast, GT-like patients did not exhibit 

the same blunted activation profile compared to healthy GT individuals. This finding is noteworthy 

because it suggests that the classic “blunted” striatal response, often described in SCZ (Radua et al., 

2015), is not a universal characteristic of the disorder, but rather a variable feature that our ST/GT 

framework may help explain. This perspective reinforces the argument that we should expect different 

treatment responses based on phenotypes. 

Furthermore, while conventional antipsychotics primarily target positive symptoms (Kapur, 

2003), the fact that our ST-like/GT-like phenotyping was linked to an effect on negative symptom 

burden—a dimension often resistant to treatment—is particularly impressive. Particularly, GT-like 

patients, with a lower striatal activation than ST-like patients, also showed more severe negative 

symptoms. In fact, reduced sensitivity of DA receptors during neuroleptic treatment has been 

associated with increased negative symptoms that may be related to a dysfunctional response to 

rewarding stimuli in patients (Schmidt et al. 2001). Furthermore, a consistent body of evidence showed 

alterations in the reward-related signaling in the striatal and cortical activity (Juckel et al., 2006; Simon 

et al., 2010), with ventral striatal hypoactivation predicting negative symptoms, and medial PFC 

deficits correlating with positive symptoms (Radua et al., 2015; Oldham et al., 2018). This result 

highlights the power of a phenotype-driven strategy to uncover a neurobiological link to an important 

symptom dimension, even if it was not the primary target of the medication. 

When dealing with blunted striatal activity, disentangling trait-like salience attribution from 

drug-induced effects is challenging. According to the aberrant salience attribution theory, 

hyperdopaminergic dysregulation within the midbrain-striatal-prefrontal pathway is relevant for the 
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onset of psychosis (Grimm et al., 2014), and it causes specific impairments in the brain’s response to 

motivationally relevant cues (Esslinger et al., 2012). Further studies supported this model, showing 

increased DA synthesis in the striatum also in healthy first-degree relatives of schizophrenic patients 

(Fusar-Poli & Meyer-Lindenberg, 2013; Huttunen, Heinimaa, Svirskis et al., 2008), suggesting that 

deficits in the striatum during anticipation are not merely consequences of chronic illness or 

pharmacological treatment but may reflect a core neurobiological vulnerability associated with SCZ. 

In our results, on the one hand, patients classified as GT based on their BOLD signature may truly 

reflect goal-tracking phenotypes; on the other, long-term antipsychotic exposure itself remodels 

striatal function. Benjamin et al. (2022) reported that chronic D₂ antagonism drives extensive 

transcriptional changes in the human caudate, including alterations in DRD2-related pathways. 

Additionally, Osugo et al. (2025) showed that seven days of D₂/D₃ receptor blockade induce both 

attenuated striatal BOLD responses to reward and emergent motivational deficits reminiscent of the 

negative symptom dimension. By contrast, our single-dose challenge in healthy ST yielded immediate, 

dose-dependent reductions in anticipatory BOLD activity and subjective Energy—effects that do not 

result from underlying molecular adaptations. Together, these findings imply a two-phase impact of 

D₂ antagonists: an acute suppression of DA-mediated incentive salience in ST, followed by a slower, 

gene-expression–mediated dampening of reward processing under chronic treatment. 

The blunted anticipatory BOLD response observed in our GT-like patients, in conjunction 

with their higher negative symptom burden and a positive correlation between D₂ affinity and negative 

symptoms, suggests that the observed neural and behavioral deficits may be a consequence of long-

term effects of drugs with high affinity for the D₂ receptor blockade. This highlights the potential of 

the ST/GT framework to provide an objective biomarker for treatment-emergent side effects, helping 

to distinguish core pathology from drug-induced symptoms. This is further supported by the 
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significant negative correlation between D₂ affinity and ventral striatal activity, which points to a drug-

mechanism link in this population. 

3.4.7. The ST/GT model as a promising framework 

for studying impulsivity 

The ST/GT framework offers a valuable lens for investigating individual differences in personality 

traits and their neurobiological underpinnings. In rodent models, the ST-GT distinction has proven 

to be a powerful predictor of impulsivity and vulnerability to addiction (Flagel & Robinson, 2017). 

Preclinical evidence has consistently reported higher impulsivity and cue-reactivity in ST compared to 

GT, suggesting that individual differences in reward-driven behavior may partly reflect stable 

personality dimensions (Colaizzi et al., 2020; Flagel et al., 2009; Flagel et al., 2008, 2010; Garofalo & 

di Pellegrino, 2015; Robinson & Flagel, 2009; Tomie et al., 2000). 

Impulsivity is a heterogeneous construct (Dalley & Robbins, 2017) but can be broadly defined 

as a lack of behavioral inhibition that may lead to unplanned, premature, and often risky behaviors 

(Belin et al., 2016; De Wit, 2009). Importantly, the manifestation of impulsivity in ST and GT rats 

varies depending on the task. In tasks measuring impulsive action, like the Differential Reinforcement 

of Low Rates of Responding, which requires animals to wait a set time before responding to earn a 

reward, ST rats exhibit greater impulsivity (Lovic et al., 2011; Campus et al., 2016). They struggle to 

control their responses and tend to press a lever quickly, demonstrating challenges in inhibiting 

responses—even when doing so is counterproductive—suggesting a motor control deficit driven by 

the strong pull of reward cues (Flagel et al., 2010; Lovic et al., 2011). Conversely, in tasks like delay 

discounting, which assess impulsive choice by having animals select between a smaller immediate 

reward and a larger delayed reward, GT rats tend to make more impulsive choices, opting for the 

smaller, immediate reward. The better decision of ST rats indicates that their impulsivity is more 
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related to a heightened sensitivity to reward cues that override motor control, rather than a general 

difficulty in valuing future outcomes. 

In humans, translating this model has yielded promising but inconsistent findings. Some 

studies report higher self-reported impulsivity and cue reactivity in ST-like individuals (Garofalo & di 

Pellegrino, 2015), while others, including Study 2 of this thesis, found no significant personality 

differences. In Study 2, impulsivity, measured by the SURPS, showed no difference between ST and 

GT imaging phenotypes. This null result may be due to the limited sensitivity of self-report 

questionnaires in capturing state-dependent or task-specific expressions of impulsivity, or the 

influence of the fMRI paradigm design. The MID task is adjusted based on individual performance 

by altering the time interval needed for a correct response. More broadly, current human research 

suffers from methodological heterogeneity in defining ST/GT and largely relies on self-report 

assessments rather than behavioral measures of impulsivity. 

Future studies should combine behavioral and computational measures of impulsivity, such as 

tasks that evaluate response inhibition or delay discounting, with neuroimaging measures of both task 

activity and connectivity in the prefrontal cortex and striatum. These multimodal methods could clarify 

whether the neural signatures differentiating ST and GT reflect distinct mechanisms of impulse 

control and how motivational salience is attributed. Ultimately, this research could help explain how 

trait impulsivity interacts with cue-driven reward sensitivity, advancing a mechanistic understanding 

of vulnerability to impulse regulation disorders, including addiction and ADHD (Paolone et al., 2013). 

3.4.8. Limitations 

Despite the robust replicability of our clustering approach and the clear correspondence between our 

behavioral and neural findings and those from animal models, several limitations warrant 

consideration. First, the absence of subjective reports on whether participants were aware of the 
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treatment condition during each session, although the observed ST-specific reduction in energy 

suggests that drug effects were behaviorally meaningful despite this uncertainty. Second, the lack of 

observational or clinically-informed measures to supplement the self-reported data in the 

pharmacological cohort is a limitation. Third, our modest patient sample, which included both first-

episode and chronic schizophrenia cases, limits our ability to definitively disentangle trait‐like salience 

attribution from treatment effects. The challenge of separating intrinsic phenotypes from drug-

induced brain adaptations is particularly relevant here, as long-term antipsychotic exposure can 

remodel striatal function. This leaves open the compelling question of whether patients exhibiting a 

GT-like activation profile are those receiving ongoing therapy, rather than reflecting a distinct 

underlying phenotype. 

3.4.9. Conclusion 

In summary, this study identifies robust ST and GT imaging phenotypes in humans, which mirror 

those observed in rodent models of reward processing. ST exhibit heightened anticipatory striatal 

activity and DA-sensitive cue reactivity, while GT preferentially engage in the reward outcome phase. 

These profiles were consistently detected across tasks/cohorts, drug conditions, and clinical status, 

linking them to both subjective drug response and symptom severity in psychosis. By translating 

preclinical models into a replicable human framework, our findings provide a neuroimaging biomarker 

of incentive salience and offer a promising lead for fMRI-based clinical predictions. 
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Chapter 4 

4.  General Discussion 

The primary objective of this doctoral thesis was to demonstrate that shifting from group-level 

averages to an inter-individual perspective provides a more accurate and predictive framework for 

understanding brain-behavior relationships. This work also aimed to demonstrate that utilizing ML 

techniques to characterize individual variability enables the detection of meaningful neurobiological 

patterns that are typically obscured by population averaging. 

To address this overarching objective, the research was conducted across two distinct case 

studies, namely memory and reward. 

Study 1. The first study aimed to overcome the limitations of standard anatomical atlases by mapping 

individual-specific patterns of cortico-thalamic connectivity and memory task-related activity. The 

goal was to test whether mapping the individual spatial overlay of thalamic subdivisions in the FPNs 

and DMN could improve the prediction of interindividual differences in memory performance. In 

this study, a core methodological framework has been established by adopting a novel individual-level 

approach to studying memory, specifically the association between rs-fMRI and task-based brain 

measures extracted from non-normalized spatial maps and individual memory performance. This 

analysis is grounded in the hypothesis that individuals may recruit different neural resources 

supporting their learning abilities. Interindividual variability in thalamic recruitment before, during, 

and after memory encoding has been analyzed using a native individual-space approach. Rigorously 

validated across two independent datasets, this method achieves substantial interindividual variability 

in the corticothalamic functioning involving the anterior and medial thalamus in associative memory 

encoding. This study shows that different individuals may recruit distinct corticothalamic resources, 

which, in turn, are associated with learning success. 



170 

 

Study 2. Once the methodological approach has been validated in the first study as a proof of concept, 

the second study aimed to apply a neuroimaging-based stratification approach to the domain of reward 

processing. By applying a clustering algorithm—an unsupervised technique used to group similar data 

points together into clusters based on their characteristics or attributes—to four different independent 

cohorts, the aim was to investigate the interindividual variability in the response to rewarding stimuli. 

The primary aim was to identify human neuroimaging analogs of ST/GT phenotypes during reward 

anticipation and outcome, without requiring learning. The second aim was to test whether these 

phenotypes predict differential neural and subjective responses to dopaminergic modulation. Third, 

their clinical translational value was evaluated by assessing whether ST/GT-like profiles can be 

detected in patients with psychosis and linked to clinical features. The strong generalizability of these 

phenotypes across four different cohorts, exhibiting a distinct pattern of brain activation during 

reward anticipation and outcome, suggests that this model is highly reliable and stable. Individuals can 

be stratified based on their attribution of incentive salience to rewarding stimuli, even in a clinical 

population. The ultimate goal of this study was to put forward a translational neuroimaging biomarker 

to develop personalized treatment strategies for psychiatric disorders involving reward dysfunction. 

Together, the studies developed in this thesis advocate for the methodological shift proposed 

in the General Introduction: prioritizing interindividual variability in addition to seeking 

commonalities across individuals by averaging participant data. Rather than treating between-subject 

differences as ‘noise’ to discard through averaging individual data (Kanai & Rees, 2011), it posits that 

cognitive functions, such as memory and reward, reflect different brain functioning between 

individuals. Demonstrating that everyone is unique in cognitive processing sheds light on the 

heterogeneity that characterizes clinical conditions.  
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A Transformative Shift Toward Personalized and Biologically Informed Models  

In the General Introduction, the challenges inherent to studying the brain-behavior relationship are 

outlined, moving from group- to individual-level approaches. In neuropsychology, the traditional 

focus has been on how specific brain regions relate to their functions, creating a structured cognitive 

taxonomy. The initial scientific evidence for the relationship between brain structure and behavior in 

humans came from lesion studies (Genon et al., 2018). These studies demonstrated associations 

between localized brain lesions and specific behavioral deficits, thereby supporting the notion that 

certain brain regions are associated with specific behavioral functions. For example, the relationship 

between the hippocampus and episodic memory was highlighted in the foundational work of Scoville 

and Milner (1957). However, the initial one-to-one mapping concept is primarily species-specific and 

does not account for the unique differences between individuals. Thus, in recent years, it has been 

revisited in favor of a many-to-many perspective, especially following the rise of functional and 

structural neuroimaging studies in healthy populations. 

The existence of interindividual variability, meaning that each person has a unique model of 

functioning within the physiologically viable limits, is not immediately apparent and must be 

empirically demonstrated. For instance, if a medication is strongly linked to a behavior—such as falling 

asleep—it is reasonable to assume that the majority of people will exhibit that behavior, although the 

dosage required may vary from person to person. Similarly, when solving a cognitive task, there is an 

interval of variability in which different individuals use their brains in different ways. Unlike studies 

that assume a one-to-one mapping between cognitive functions and brain structure applicable to 

everyone, this perspective allows for the identification of subgroups within the larger population. In 

recent decades, cognitive neuroscience has sought to investigate the intriguing variability of human 

cognition. This exploration holds significant importance, especially in clinical contexts, as it unveils 

the potential for a multitude of innovative solutions tailored to individual needs. This perspective 
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acknowledges the multivariate nature of brain-behavior relationships and supports generalization, 

depicting the relationships between brain and behavioral data using latent dimensions of 

interindividual variability (Genon et al., 2022). 

The next section discusses the methods and findings of Studies 1 and 2 in light of their 

significance to the field using individualized approaches. The final sections will address the limitations 

of the studies and propose future research directions emerging from these results. 

4.1. From Averaging to Individualized Prediction: Evidence 

from Two Case Studies 

As outlined in the General Introduction, heterogeneity in task-based and FC has gained more attention 

in recent years. Building on the latest advancements in the interindividual variability approach in 

cognitive neuroscience, this thesis presents two case studies that investigate learning and memory, as 

well as the affective domain of reward, through this pioneering perspective. This approach is evident 

not only in the theoretical framework of the studies but also in the statistical methods employed.  

Collectively, findings from this thesis highlight the pivotal importance of individual differences in 

enriching our understanding of cognition and behavior, making a compelling case for a transformative 

shift toward personalized and biologically informed models in the field of neuroscience. 

Traditional group-average studies largely rely on spatial normalization to account for 

morphological differences between individuals (Friston et al., 1995), but normalization does not 

address the anatomical and functional heterogeneity often present within a given brain area 

(Fedorenko and Blank, 2020), potentially leading to inaccurate group estimates (Fedorenko, 2021). To 

tackle the challenges associated with the variability in brain function patterns, researchers have 

developed analytical methods and study designs aimed at separating functional signals from specific 

neuroanatomical structures, such as hyperalignment and localizer tasks. Specifically, hyperalignment 
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is a high-dimensional mapping technique that projects individual brain activity patterns into a common 

representational space based on functional response profiles rather than anatomical coordinates, 

effectively rotating individual voxel spaces to maximize cross-subject correlation (Haxby et al., 2011; 

Guntupalli et al., 2016; Feilong et al., 2018). Complementarily, localizer tasks are brief functional 

paradigms designed to identify specific ROIs in individual participants based on their unique 

functional response to a cognitive contrast (e.g., faces vs. objects). This ‘functional ROI’ approach 

ensures that the analyzed signals originate from areas that are functionally equivalent across individuals, 

regardless of their precise macro-anatomical location (Kanwisher et al., 1997; Fedorenko, 2021). While 

hyperalignment optimizes the common representational space across the whole cortex, localizer tasks 

provide a targeted solution for identifying functionally homologous nodes in individual brains 

(Fedorenko, 2021).  

In this paragraph, I will outline the Methods and Results of Studies 1 and 2, which support 

the preference for an interindividual variability approach in the study of cognitive neuroscience. 

Are individual-level analyses better than group-level analyses? A 

proof-of-concept study 

Study 1 addresses a long-standing challenge in memory research: the functional heterogeneity 

of the thalamus. Traditional group-level studies frequently fail to find robust thalamic associations 

with memory performance, often attributing this to the small size of the nuclei or low SNR. However, 

these findings suggest a different interpretation: the information loss occurs during spatial 

normalization. 

By conducting specular analyses at both group and individual levels, this study diverges from 

traditional MNI-based pipelines (Friston et al., 1995) and highlights their limitations. While group-

level one-sample t-tests identified significant clusters within the DMN and FPN networks, the signals 
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extracted from these averages were not behaviorally predictive. This converges with recent critiques 

suggesting that group-level functional ROIs often overfit the mean and fail to generalize to individuals 

(Fedorenko, 2021). In contrast, by mapping thalamic recruitment in native space, this study unveiled 

associations between medial and posterior subdivisions and memory indices that were previously 

invisible at the group level. This aligns with and extends the work of Gordon et al. (2017) and Keller 

et al. (2023), who argued that individual functional topography is more behaviorally relevant than 

macro-anatomical overlap. Notably, our finding that the proportion of significant voxels (a spatially 

informed metric) is more sensitive than FC parallels the findings of Kong et al. (2019), suggesting that 

the precise “where” of an activation is often more informative than the magnitude of the signal itself. 

Stratifying individuals to capture differences across a range of 

variability in the reward processing 

In Study 2, a multi-level approach has been developed to assess ST/GT phenotypes in humans 

without requiring new learning, while still allowing for the distinct evaluation of neural substrates 

underlying reward anticipation and outcomes. Replicated in three independent cohorts of healthy 

individuals and one cohort of patients with psychosis, ST profiles showed greater activation during 

anticipation and blunting in the outcome, whereas GT exhibited the opposite pattern. The results 

converge with preclinical models (Flagel et al., 2011; Robinson & Berridge, 2008), confirming that 

DA-dependent incentive salience (ST) and top-down goal-directed behavior (GT) are 

neurobiologically distinct and reproducible phenotypes in humans. Crucially, while previous human 

studies have reported inconsistent results due to complex behavioral designs, the current use of 

unsupervised clustering on imaging data provides a more robust solution for identifying these profiles. 

ST/GT phenotypes in humans unveil stable, biologically based individual differences in 

incentive salience attribution. The identification of distinct subgroups, each displaying unique patterns 

of neural activity across different cohorts, underscores the power of individualized approaches to 
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enrich our understanding of interindividual variability. This insight holds significant promise for 

clinical applications, as ST and GT phenotypes have been observed even among patients receiving 

medication. The specific dopaminergic sensitivity linked to ST enhances the appeal of this model as a 

transformative framework for personalized interventions in psychiatric disorders associated with 

reward dysfunction. This framework not only aligns with varying antipsychotic treatment patterns but 

also sheds light on the severity of negative symptoms, paving the way for more effective and tailored 

therapeutic strategies. 

To summarize, this thesis highlights the crucial role of individual-level analyses in capturing 

the variability in brain function.  By demonstrating that individualized approaches can uncover 

predictive patterns where group-level analyses fail, this work supports a broader movement in the field. 

This movement seeks to replace the “one-size-fits-all” anatomical template with a framework that 

respects the unique functional landscape of each brain. Ultimately, integrating inter-individual 

variability into the core of neuroscientific inquiry is not just a methodological choice, but a requirement 

for the development of truly translational and clinically relevant models. 

4.2. Limitations 

Since the research question of this thesis aims to ambitiously shift the focus from “group average” to 

“individual variability” in the study of cognitive neuroscience research, the limitations discussed here 

relate to this goal, considering the findings from Studies 1 and 2. Therefore, the limitations in this 

General Discussion should not be viewed as weaknesses, but rather as critical reflections that help 

better frame the scope of the results. 

Generalizability across the functional hierarchy and cognitive domains. A limitation of this 

research concerns the extent to which the findings in memory and reward can be generalized to the 
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whole functional architecture of the human brain. Although these two domains were chosen for their 

significant variability between individuals and clinical relevance, they mainly reflect specific levels 

within the cognitive hierarchy, primarily involving associative and limbic circuits. Evidence indicates 

that interindividual variability is not uniformly distributed across the cortex; for instance, higher-order 

heteromodal regions (such as the frontoparietal networks studied here) typically show significantly 

higher topographical variance than primary sensory and motor regions (Mueller et al., 2013; Noble et 

al., 2019). Therefore, the success of the individualized mapping and stratification approaches 

demonstrated in this thesis may be domain-dependent. It remains to be established whether these 

precision models retain the same predictive power when applied to more “constrained” systems, such 

as basic perception or motor control, where the signal-to-noise ratio and anatomical-functional 

alignment may differ. Future research should aim to integrate these individualized frameworks across 

a broader spectrum of the cognitive taxonomy to determine whether a “universal” model of variability 

can be achieved or whether different systems require specialized analytical pipelines. 

MRI spatial resolution. A central challenge in understanding inter-individual differences is the 

inherent trade-off between fMRI spatial resolution and the mesoscopic scale of brain organization. 

While neuroimaging methods are often optimized for the cerebral cortex, where functional signals 

span larger surface areas (Hermes et al., 2012; Raimondo et al., 2021), applying these techniques to 

small subcortical structures poses significant methodological challenges. This thesis, particularly Study 

1, highlights that standard fMRI—typically with voxel sizes of 2-3mm—may produce ‘mixed signals’ 

or partial volume effects when examining small, densely packed regions, such as thalamic nuclei 

(Pergola et al., 2013b; Phillips et al., 2021). This issue is exacerbated by substantial anatomical 

variability in subcortical regions across individuals (Johansen-Berg et al., 2005; Georgescu et al., 2020), 

which may not be fully captured by personalized mapping when the signal-to-noise ratio is inadequate. 

This ‘scaling problem’ indicates that the accuracy of inter-individual models is limited spatially: we can 
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reliably map differences in broad cortical networks, but resolving the detailed functional topography 

of subcortical ‘hubs’ remains constrained by current hardware and sequence limitations. Although the 

results are consistent across datasets, the advent of ultra-high-field MRI (7T and higher) and advanced 

signal enhancement techniques (Alkemade et al., 2022) suggests that current findings may be 

conservative estimates of variability. Future studies should investigate whether principles of individual 

functional organization in the cortex can be directly applied to subcortical regions or if significant 

modifications to spatial acquisition methods are necessary to accurately distinguish biological signals 

from measurement noise. 

Different MRI acquisition parameters and varying experimental paradigms. In Study 1, two 

fMRI datasets were acquired at different resolutions. Notably, those findings displayed remarkable 

consistency across both datasets. However, recent breakthroughs in enhancing signal quality within 

subcortical regions, particularly the thalamic nuclei (Alkemade et al., 2022), prompt us to approach 

these results with caution. Therefore, while I am encouraged by the robustness of our findings, I 

recommend careful interpretation, considering the evolving landscape of neuroimaging technology. 

In Study 2, a similar issue was observed not only between different cohorts but also within the 

Discovery cohort, which had fMRI data collected from eight different sites. Although a leave-site-out 

cross-validation was performed, confirming the model’s validity despite variations in acquisition 

parameters, this aspect should still be taken into account.  

Therefore, the experimental paradigms also differed from one another. In Study 1, despite the 

distinct retrieval task demands of the two memory tasks—one involving single items and the other 

picture pairs—the remarkable similarity in brain patterns observed during retrieval suggests that both 

demands activate thalamocortical pathways linked to associative memory as captured by fMRI 

(Vatansever et al., 2021; Ambrus, 2024). In contrast, the experimental tasks in Study 2 included 

different variations, such as changes in the shape of the cue during anticipation and the introduction 
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of a punishment condition. While these differences are notable, they are relatively minor in the broader 

context of the research, as the same contrast — i.e., Reward vs. No-Reward — could be created across 

all cohorts. One limitation to acknowledge is that although the MID task offers an established and 

reliable method for examining reward-related activity, it only captures a small part of the ecological 

complexity of real-world motivational behavior and cue–reward interactions. These studies support 

the idea that commonalities across different data collection modes suggest that common processes 

emerge regardless of parameter differences. 

Limited sample size. A critical constraint shared by both studies—and pervasive across the 

neuroimaging field—is determining an adequate sample size to ensure sufficient statistical power. 

Historically, many fMRI studies have relied on heuristics or practical constraints rather than formal, a 

priori power analyses to determine cohort size (Poldrack et al., 2017). This omission is often due to the 

inherent difficulty in pre-specifying effect sizes for complex, multivariate individual-level mapping, for 

which established benchmarks are still lacking (Cremers et al., 2017; Button et al., 2013).  

The implications of this limitation are twofold. In Study 1, clustering analysis was performed 

on a large cohort of 148 participants, showing notable variability in membership across different brain 

hemispheres. This variability indicates that there are clear differences in how memory processes are 

lateralized in the brain. To better understand the interaction between the two hemispheres in 

supporting various memory functions, it is important to replicate these clustering results in larger and 

more diverse groups. This is particularly relevant as recent large-scale studies have demonstrated that 

brain-wide associations with behavioral traits often require thousands of subjects to produce 

reproducible effect sizes (Marek et al., 2022). 

In Study 2, the clustering was validated in a cohort of 890 individuals, providing a more robust 

dataset for analysis. However, it is essential to acknowledge that the sample size used for specific 

analyses, particularly those related to the Pharmacological Challenge and the Clinical cohort—which 
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included only 34 participants each—creates a notable limitation. It should be emphasized that a sample 

of 34 participants is generally considered within the standard range for detecting drug effects in a 

pharmacological fMRI study, particularly given its demanding longitudinal design involving three 

separate assessment timepoints. However, power limitations become a more significant concern 

during the transition from whole-sample to subgroup-level analyses. When individuals are stratified 

into ST/GT imaging phenotypes and misidentified subjects are removed from the analysis, the 

resulting effective sample size is significantly reduced. This reduction limits the statistical robustness 

of group comparisons and increases the risk of inflated effect sizes. Therefore, while these findings 

provide crucial proof of concept, they should be interpreted as preliminary, highlighting the need for 

larger, longitudinal, multi-site trials to validate the stability of these neurobiological subtypes. 

Additionally, including patients at different illness stages—both FEP and chronic SCZ—restricts the 

ability to disentangle medication-induced effects from inherent, trait-like neural characteristics.  

Representativeness of the sample and generalizability (The “WEIRD” Problem). Research on 

individual differences requires very large and diverse samples to accurately distinguish between what 

is “normal” and what is “unique”.  As a direct consequence of the previous limitations, it comes to 

mind that many neuroimaging studies are biased toward “WEIRD” populations—Western, Educated, 

Industrialized, Rich, and Democratic. Using a homogeneous sample, such as college students, can lead 

to an underestimation of the true variability and may not reflect the broader population or other 

cultures. Henrich et al. (2010), along with Marek et al. (2022)—famous for their work on BWAS 

(Brain-Wide Association Studies)—highlight that studying individual differences effectively requires 

thousands of participants to prevent findings that cannot be replicated. 

Cross-sectional design and longitudinal implications for the stability of neural phenotypes. A 

crucial consideration in interpreting the current findings in the literature on “brain fingerprinting” is 
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whether the identified neural profiles represent a stable characteristic of the individual (a trait) or are 

influenced by state-dependent factors and individual strategies. While the clustering approaches 

identified reproducible and behaviorally meaningful profiles—such as distinct corticothalamic 

recruitment patterns in memory (Study 1) and sign-tracker/goal-tracker–like phenotypes in reward 

processing (Study 2)—the cross-sectional designs prevent definitive conclusions about their temporal 

stability. Thus,  we suggest framing our findings cautiously.  

In both studies, our findings shed light on the complex brain-behavior relationships among 

individuals by using a tailored approach that emphasizes the rich variation in biological processes 

across individuals, shaping diverse phenotypes. Although these studies identify individual patterns, 

without longitudinal data (repeated scans of the same subjects over months or years), it is difficult to 

determine how permanent these “signatures” are. Gratton et al. (2018) demonstrated that functional 

networks are dominated by individual traits, but cognitive states can still alter their topography, 

complicating prediction. Indeed, neural signatures captured with fMRI may reflect a combination of 

relatively stable predispositions (e.g., dopaminergic sensitivity, network architecture) and more flexible, 

context-dependent processes, including task strategies, motivational states, or recent learning history.  

Moreover, this limitation is particularly relevant in light of preclinical evidence showing that 

sign- and goal-tracking behaviors, although partially trait-like, can be modulated by environmental 

contingencies and pharmacological manipulations (e.g., dopaminergic antagonists selectively altering 

incentive salience attribution in sign-trackers but not goal-trackers). Consistently, the Pharmacological 

challenge results in the present thesis suggest that dopaminergic modulation can transiently reshape 

reward-related neural responses, highlighting the dynamic interplay between trait vulnerability and 

state-dependent neuromodulation. Similarly, in the memory domain, variability in thalamocortical 

engagement may reflect not only stable individual differences but also differences in cognitive 
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strategies (e.g., encoding vs. retrieval-oriented approaches) that are not directly controlled in the 

current design.  

In this context, it is crucial to distinguish between replicability and test-retest reliability. The 

findings presented in this thesis demonstrate high replicability: the ST/GT phenotypes in Study 2, for 

instance, were consistently identified across independent cohorts with high accuracy (e.g., up to 94% 

in the Discovery cohort), suggesting that these features are robust across different populations, or 

even within a leave-site-out cross-validation framework. However, as noted by Demidenko et al. 

(2024), high group-level replicability does not automatically guarantee high individual-level reliability. 

While the former confirms the existence of a phenomenon, the latter—often measured via Intraclass 

Correlation Coefficients—quantifies the stability of an individual’s score across different time points. 

Recent multiverse analyses of the MID task have highlighted that individual BOLD estimates 

often exhibit low to moderate test-retest reliability, even when group-level effects are robust 

(Demidenko et al., 2024; Holiga et al., 2018). Several factors may account for this discrepancy. First, 

biological maturation plays a significant role, particularly in studies involving adolescents or young 

adults, where the dopaminergic system undergoes substantial remodeling (Baranger et al., 2021). These 

maturational changes, alongside fluctuations in dopamine expression, can naturally alter the neural 

substrates of reward and memory over extended periods. Second, environmental factors and 

psychosocial stressors can impact the brain’s “state”, introducing noise into reliability estimates if the 

assessment window is too broad. As suggested by Baranger et al. (2021), while reward-related 

activation may show longitudinal stability at the group level, individual-specific signatures may be 

more volatile due to the brain’s plasticity in response to experience. 

Consequently, future perspectives for these studies should more directly address the trait–state 

distinction through longitudinal and multi-session designs, test–retest reliability assessments, and 

experimental manipulations of strategy and context. Future studies may deepen understanding of these 
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insights and consider intraindividual designs. Some developmental perspectives are discussed in the 

Section 4.3.3. below. This concept of intraindividual generalizability emphasizes that for a “brain 

fingerprint” to be clinically useful, it must ensure that these results are not only consistent across the 

population but also remain stable over time within each individual, or change in predictable ways. 

Combining fMRI with computational modeling, ecological momentary assessment, and 

pharmacological interventions may further help to characterize the stability, plasticity, and causal 

mechanisms underlying these profiles. Ultimately, understanding the tension between stable traits and 

dynamic states will be essential for moving toward personalized models that are not only consistent 

across populations but truly reliable for the individual. By exploring these personal dimensions more 

thoroughly, we can enhance our understanding of the complex connection between human behavior 

and biology. 

Summary. Together, these limitations do not weaken the potential of studying interindividual 

variability and the developed methodologies; instead, they define their current limits. It is essential to 

acknowledge these challenges in order to enhance the application of personalized approaches in 

understanding brain-behavior relationships, particularly during clinical transitions. The next section 

highlights opportunities for future research to complement and expand these studies. 

4.3. Future perspectives 

Future research should aim to further disentangle the dynamic contributions of thalamic subdivisions 

to memory and the differences in reward processing by integrating multimodal imaging, longitudinal 

designs, and computational modeling. For instance, complementing these studies with longitudinal 

designs may be useful for better understanding the stability over time and potential flexibility of these 

patterns and phenotypes, especially in response to medication or behavioral interventions. For 

example, investigating how thalamic activation patterns change during development and aging, as well 
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as how they respond to cognitive or neuromodulatory interventions, could aid in the development of 

personalized strategies for cognitive improvement. 

Moreover, expanding Study 1 to include clinical populations—such as those with SCZ or 

thalamic stroke—will be essential for validating the translational relevance of thalamic biomarkers. 

Likewise, expanding the validation of ST/GT phenotypes to larger and diagnostically diverse clinical 

populations, such as individuals with affective or substance use disorders, may further elucidate the 

transdiagnostic relevance of these profiles. Identifying subgroups of patients with unique 

thalamocortical connectivity patterns could inform personalized psychiatry, enabling targeted 

treatments based on individual neurocognitive profiles. Combining multiple methods, including 

resting-state and task-based FC, dopaminergic PET scans, and genetic and transcriptomic data, would 

provide a deeper insight into the biological factors that cause differences in reward processing between 

individuals. Also, future studies should integrate fine-grained, ecologically valid assessments of 

affective states, motivation, and reward sensitivity—such as momentary experience sampling, 

laboratory-based decision-making paradigms, or computational modeling of reinforcement learning—

to better characterize the psychological signatures corresponding to these neurobiological phenotypes. 

Thus, integrating task-based and rs-fMRI with diffusion tractography, electrophysiological measures, 

biological and clinical phenotyping may identify distinct patient subgroups characterized by specific 

connectivity signatures and cognitive profiles. 

Ultimately, advancing this framework toward clinical translation will necessitate the 

development of predictive models, potentially utilizing ML, to categorize individuals based on cue-

driven versus outcome-driven reward processing tendencies. Such personalized, phenotype-based 

approaches could ultimately inform precision psychiatry strategies that aim to tailor treatment 

selection and optimize therapeutic outcomes based on individual neurocognitive signatures. A deeper 

understanding of individual variability in cortico-thalamic dynamics and reward processing will pave 
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the way for personalized diagnostics and targeted therapies in neuropsychiatric and neurodegenerative 

disorders. 

4.3.1. A clinical translation: Toward biologically informed models of 

schizophrenia 

As outlined in this Chapter and previously in Paragraph 2.4.6 of Chapter 2, the individualization of 

neural signatures in the domains of memory (Study 1) and reward (Study 2) provides a powerful 

framework for clinical translation, particularly in complex disorders such as schizophrenia (SCZ). 

Traditionally, SCZ has been treated as a monolithic clinical entity, yet it is characterized by profound 

heterogeneity in both cognitive performance and affective symptoms. The findings of this thesis 

suggest that mapping inter-individual variability is not merely a descriptive exercise, but a prerequisite 

for identifying the biological underpinnings of this clinical variability. 

In the domain of memory (Study 1), the delineation of cortico-thalamic pathways associated 

with memory performance within our healthy sample offers a valuable framework for understanding 

the heterogeneous cognitive profiles characteristic of SCZ, a disorder marked by disrupted thalamo-

prefrontal connectivity (Passiatore et al., 2023; Pergola et al., 2015; Giraldo-Chica & Woodward, 2017). 

In this context, memory dysfunction—encompassing working memory, episodic encoding, and 

retrieval—should not be regarded as a secondary manifestation of psychosis but as a core feature that 

strongly predicts functional outcomes and everyday adaptive capacity (Green et al., 2019). Identifying 

individual-specific patterns of thalamic engagement enables categorization of patients based on their 

neurofunctional profiles and tailoring cognitive remediation or neuromodulatory interventions 

accordingly. Importantly, targeting thalamo-prefrontal through neuromodulatory and behavioral 

interventions offers a promising path for translational research. For example, individuals showing 

reduced medial thalamic recruitment or impaired fronto-thalamic coupling could particularly benefit 

from interventions aimed at enhancing network synchrony, such as transcranial magnetic stimulation 
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(TMS), transcranial direct current stimulation (tDCS), or real-time fMRI neurofeedback (Sitaram et al., 

2021; Lo et al., 2022). Additionally, combining these techniques with cognitive remediation or memory 

training may enhance neural plasticity and improve functional outcomes. 

Parallel to this, the application of the Sign-Tracker/Goal-Tracker (ST/GT) model to a Clinical 

cohort enabled the stratification of patients based on their reward-processing profiles. Patients with 

SCZ and first-episode psychosis predominantly exhibited a GT-like imaging phenotype. Crucially, this 

phenotype was significantly associated with antipsychotic treatments characterized by stronger D2 

blockade and was linked to a higher burden of negative symptoms. This suggests that the GT-like 

profile in SCZ may serve as a neurobiological marker of reduced incentive salience attribution, 

potentially exacerbated by medication-induced dopamine antagonism. By parsing the “noise” of 

clinical heterogeneity into these meaningful, dopamine-dependent signatures, we can gain a better 

understanding of why certain patients remain refractory to standard treatments or experience more 

severe motivational deficits. 

The integration of these findings suggests a transformative path for personalized interventions. 

Categorizing patients based on their unique neurofunctional profiles could enable targeted treatment. 

While Study 1 informs more neuromodulatory strategies, Study 2 guides the tailoring of 

pharmacological and behavioral approaches. Identifying a patient’s ST/GT profile could guide the 

choice of antipsychotics—prioritizing agents with different receptor profiles for GT-like patients to 

avoid further blunting of reward circuits—or inform “cue-exposure” therapies designed to de-escalate 

the salience of environmental stimuli for ST-like individuals to manage their high sensitivity to reward-

predictive cues. 

To further refine this translational framework, future perspectives must involve the integration 

of multimodal imaging data. While fMRI provides high spatial resolution of functional activity, it 

remains a proxy for underlying neurochemistry. The incorporation of PET data would be a critical 
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step to directly assess dopaminergic availability, such as presynaptic dopamine synthesis capacity or 

D2/D3 receptor occupancy. Combining PET and fMRI data would confirm whether the ST/GT 

phenotypes identified in this thesis are truly driven by the same molecular mechanisms established in 

preclinical models. 

Ultimately, developing a general framework for inter-individual variability enables us to 

determine whether neurofunctional signatures—whether linked to memory or reward—serve as stable 

trait markers of vulnerability or as reversible, state-dependent changes. By combining personalized 

task-based fMRI with clinical phenotyping, we can shift from an average diagnostic approach to a 

precision psychiatry model that accounts for each patient’s distinct neurobiological profile. 

4.3.2. Precision imaging as a complementary approach to study 

interindividual variability 

Although this thesis concentrated on interindividual variability, there are additional complementary 

approaches that could enrich our understanding and help us generalize these findings at the intra-

individual level. Precision imaging reverses the traditional strategy of maximizing sample size by 

instead concentrating on the intensive scanning of single individuals (Mattoni et al., 2025). This 

approach aligns with our objectives, aiming to fully characterize the neural functioning of each 

individual and to eliminate inaccuracies that can arise from group averages and standardized 

anatomical atlases (Fedorenko, 2021; Seitzman et al., 2019). Precision imaging studies scan individuals 

for longer periods of time, typically on multiple occasions providing hours of data, providing valuable 

insights into brain functioning, such as the amount of data necessary for reliable FC estimation, 

consistency of individual brain network differences, and the relationship between task activation and 

resting state networks (Flournoy et al., 2024, Gordon et al., 2017, Gratton et al., 2018). 
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Precision imaging is an ideal approach to studying the individual for several reasons. First, 

longer scanning times and multi-echo imaging reduce noise in functional signals to provide more 

reliable characterization of individual-level brain functioning (Gordon et al., 2017, Lynch et al., 2020). 

Second, precision imaging addresses anatomical heterogeneity by localizing brain activation or 

networks using BOLD patterns that are specific to each individual. For instance, functional localizer 

tasks can increase the precision of individual-level BOLD responses (e.g., Fedorenko et al., 2010), and 

precision functional mapping can better characterize individual-level network functioning (Gordon, 

Laumann, Gilmore, et al., 2017). Third, repeated sampling enables the longitudinal assessment of 

dynamic changes that are central to an idiographic approach (the study of the individual) in science. 

For example, Lynch et al. (2024) found that expansion of the salience network was a reliable between-

person correlate of depression across multiple precision imaging and consortia datasets. However, in 

an individual scanned 62 times across 1.5 years, salience network expansion was not associated with 

depressive symptoms. Instead, FC between the NAc and ACC predicted depressive symptoms, 

suggesting that depression and FC patterns have distinct interindividual and intraindividual 

relationships. 

Moreover, trial-level analysis (Chen et al., 2021) of task-based studies can provide an intensive 

time series of neural data and behavioral responses. These time series can enable intraindividual study 

and be more practical than numerous repeated scans for certain research questions. For example, trial-

by-trial modeling has been used to study various processes, including reinforcement learning, working 

memory, and cognitive control (Cho et al., 2022; Colas et al., 2022; Pessoa et al., 2002). In Study 2, it 

was relevant for assessing the attribution of incentive salience throughout the fMRI experiment, which 

distinguished ST from GT. Precision imaging enables deep characterization of the individual over 

time and context, providing an ideal study design for intraindividual processes such as cognitive 

mechanisms, development, or within-person brain-behavior associations. 
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Due to the advantages of individual-level precision, several commentaries have highlighted the 

use of precision imaging for clinical translation (Gratton et al., 2020; Kraus et al., 2023; Laumann et 

al., 2023). Building on findings from Study 1, exploring how thalamic recruitment patterns evolve 

across development and aging, and how they respond to cognitive or neuromodulatory interventions, 

could inform precision strategies for cognitive enhancement. Future investigations should pursue 

longitudinal and multimodal designs to examine how thalamic functional organization evolves across 

illness stages and treatment trajectories. 

Ultimately, this evidence advances the broader goal of precision psychiatry and cognitive 

neuroscience. Moving beyond group-level averages to intra-individual studies, interventions are 

tailored to each person's unique neurobiological architecture. By integrating high-resolution imaging, 

personalized analytical pipelines, and behaviorally relevant biomarkers, future studies may bridge the 

gap between basic neuroscience and clinical application, paving the way for more personalized and 

effective strategies to improve cognition and quality of life in SCZ. 

4.3.3. Toward a developmental framework of individual variability  

A longitudinal perspective would be particularly valuable to clarify how individual differences in both 

cognitive and affective neural responses evolve over time and interact with cognitive maturation, 

environmental exposure, and clinical status. The individual functional topographies identified in this 

thesis—whether related to corticothalamic memory pathways (Study 1) or sign- and goal-tracking 

reward profiles (Study 2)—should not be viewed as static snapshots, but as products of a dynamic 

maturation involving the refinement of subcortical-cortical communication.  

In Study 1, mapping thalamocortical circuits showed that individual connectivity patterns 

predict associative memory performance. From an evolutionary perspective, it is well established that 

FC between the thalamus and associative areas (such as the PFC and the DMN) increases significantly 
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during adolescence, shifting from a “sensory-centric” configuration to a complex hierarchical 

organization (Fair et al., 2010; Hwang et al., 2022). Longitudinal studies suggest that strengthening the 

thalamo-prefrontal tracts is a critical prerequisite for the development of working memory and 

cognitive flexibility (Petersen et al., 2024). Therefore, the inter-individual variability observed in the 

thalamic mapping of Study 1 likely reflects different “stages” of maturation of these loops, where 

greater cortical integration marks the shift toward more efficient and stable mnemonic strategies 

(Alcauter et al., 2014). 

This trajectory converges with observations regarding reward processing (Study 2). Recent 

studies exploring sign- and goal-tracking in children and adolescents using adaptations of the PCA 

paradigm show that, despite variability, there is a developmental bias toward sign-tracking behaviors 

during childhood, likely due to the still-maturing PFC and limited top-down control (Colaizzi et al., 

2023; Joyner et al., 2017; Flagel et al., 2008; Casey et al., 2000). Neuroimaging studies show that 

children with fewer sign-tracking behaviors exhibit greater activation in the inferior parietal lobe 

during reward anticipation, indicating better attentional control. Individuals with more sign-tracking 

behavior exhibit stronger amygdala activation (Colaizzi et al., 2023), indicating a shift from cue-driven, 

subcortical behavior to goal-oriented, cortical control. This bias could be explained by changes in 

reward sensitivity that occur during adolescence, leading to impulsive decisions and risk-taking 

behaviors, such as substance use (Jollans et al., 2016; Karoly et al., 2015; Weiland et al., 2013).  

A longitudinal approach encompassing both domains would allow us to determine the growth 

curves of the neural fingerprints identified in this thesis, which emerge precisely from the 

consolidation of these thalamo- and striato-cortical connections. Charting how ST/GT-related neural 

patterns evolve from adolescence into adulthood might unveil whether persistent sign-tracking 

tendencies indicate a delay in the maturation of executive control or represent a unique neurobiological 

route associated with increased risk for psychopathology. For instance, persistent “immature” 
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thalamic connectivity or abnormal developmental trajectories of reward-related circuits could 

represent early vulnerability markers for neuropsychiatric disorders such as SCZ, Alzheimer’s disease, 

and substance use disorders (Ma et al., 2016; Scheres et al., 2007; Marek et al., 2022). Ultimately, 

charting these individual trajectories would allow us to distinguish between developmental flexibility 

and permanent biological traits, providing a predictive framework for mental health across the lifespan. 

4.4. Memory and reward: a combination of theoretical 

concepts to study interindividual variability 

In this thesis, memory and reward processing have been studied separately, adopting a common 

methodological approach to investigate individual differences that characterize these processes.  

However, numerous reports have investigated the relationship between memory and reward. 

On the one hand, encoding and retaining valuable information in long-term memory is a highly 

adaptive process, as it enables us to shape our future behavior through improved choices and actions 

(Shohamy & Adcock, 2010). On the other hand, reward processing promotes associative learning by 

helping organisms learn which actions and stimuli are beneficial, as it links actions to positive 

outcomes. Over time, cues associated with a reward become as motivating as the reward itself, allowing 

for more efficient pursuit of resources (Bhanji & Delgado, 2014). However, as also demonstrated by 

our Study 2, the ST/GT framework suggests that individual differences exist in the motivational value 

assigned to cues anticipating reward, with only ST showing incentive salience to reward cues, mediated 

by striatal dopamine signaling. 

In real life, there are often situations where information that is important to learn is presented 

simultaneously with less important information. Information designated as important is more likely to 

be remembered successfully than unimportant one (Ngo et al. 2019; Cohen et al. 2022). This tendency 
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benefits memory function, implying that the brain probably has several mechanisms that enhance 

memory for important items. 

In laboratory and functional neuroimaging studies of memory, researchers have investigated 

the effects of importance by manipulating the value of items to be remembered and presenting 

reinforcers during learning, such as offering monetary rewards (Adcock et al., 2006; Shigemune et al., 

2014) or arbitrary point values (Castel, 2008). They found that this association elicits an increased 

activity in the mesolimbic dopaminergic system during successful memory encoding when a relatively 

high reward value is anticipated (Shohamy & Adcock, 2010). This dopaminergic response (Wolosin et 

al., 2012), which modulates neuroplasticity (Düzel et al., 2010) and thereby increases the memory 

strength of the studied items (Lisman et al., 2011; Lisman & Grace, 2005), plays a key role in 

prioritizing memories (Wittmann et al., 2008), presumably via enhanced encoding (Knowlton and 

Castel, 2022) and increased consolidation (Bialleck et al., 2011). Dopamine modulates plasticity in the 

hippocampus, a key structure for episodic memory (Lisman & Grace, 2005), determining which 

information enters long-term memory via the hippocampal-VTA loop (Murty et al., 2011). However, 

a more recent study (Cohen et al., 2020) found that when anticipating the possibility of gaining an 

extrinsic reward, activation of the dopaminergic reward system improves memory storage in a non-

selective manner, as it strengthens memory for both the important information and for irrelevant 

aspects of the situation. 

Recent studies have investigated how reward prediction errors (RPEs) contribute to the 

formation of memories of rewarding events. RPEs are quick signals that indicate the difference 

between expected and actual outcomes, also affecting DA levels. Specifically, DA increases when 

rewards exceed expectations and decreases when they fall short (Schultz & Dickinson, 2000; Schultz, 

Dayan, & Montague, 1997). Larger RPEs improve both recognition memory for items and learning 

from rewards, but these effects may involve different brain processes (Rouhani et al., 2018). 
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Additionally, recent studies have confirmed that memory performance is enhanced for neutral items 

that predict a later reward compared to those without a reward association (Lloyd & Nieuwenhuis, 

2024; Nagel et al., 2024). This reward anticipation manipulation is thought to induce a heightened 

state of arousal (e.g., pupil size), leading to stronger encoding and greater subsequent memory success. 

(Lloyd & Nieuwenhuis, 2024). 

Future research may benefit from integrating memory and reward while focusing on individual 

variability. For instance, it would be intriguing to investigate whether individuals differ in their memory 

performance based on varying levels of DA release within the mesolimbic circuit. It is possible that 

certain individuals, identified as ST and displaying unique cortico-thalamic functioning, may exhibit 

enhancements in memory performance. This hypothesis is supported by emerging evidence suggesting 

that individual differences in striatal-hippocampal coupling determine the extent to which reward cues 

prioritize memory encoding (Mason et al., 2017; Wimmer & Shohamy, 2012). By examining the 

interplay between these processes while focusing on individual variability, we can gain deeper insight 

into the complex mechanisms that underlie incremental learning and memory shaped by reward cues.  

Beyond theoretical interest, this compelling approach rated approach holds profound 

implications for clinical prediction. By shifting the focus toward the interplay between these domains, 

we can move beyond descriptive biomarkers toward predictive models of clinical trajectory. In patients 

with SCZ, dealing with memory and reward difficulties, an “integrated biotype”—combining a 

patient’s ST/GT profile with their individualized thalamic connectivity map—could serve as a 

powerful tool for clinical forecasting. It could lead to the discovery of novel translational biomarkers, 

aiding in the development of personalized interventions for this clinical population. For example, 

machine learning models trained on these multi-domain features could predict an individual’s response 

to cognitive remediation or their likelihood of experiencing severe negative symptoms. This multi-

layered characterization would enable clinicians to move away from reactive treatments and adopt a 
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proactive, personalized strategy that predicts and addresses the specific neurobiological needs of the 

patient before functional decline occurs. Such a leap in predictive accuracy is essential for the next 

generation of precision psychiatry, transforming how we diagnose and manage the complex 

heterogeneity of neuropsychiatric disorders. 

Conclusions 

These future directions aim to deepen our understanding of how brain activity relates to behavior, 

enriching our knowledge of these connections. In cognitive neuroscience, traditional methods that 

average brain data have been essential for developing general theories that identify which brain regions 

or systems support specific cognitive functions. However, it is essential to acknowledge that 

individuals differ in their perceptions, thoughts, and actions. This thesis highlights this variability, 

viewing it as a new way to examine brain function through the lens of individual differences in 

cognitive processes. This approach is not merely a methodological choice; it offers a perspective for 

understanding the neurobiological and functional mechanisms that link brain activity to traits. 

Improving these methods, expanding their use, and integrating diverse data types are essential for 

unlocking their full potential in both healthy and clinical contexts. By applying personalized methods 

alongside unsupervised ML techniques, we identified subgroups of individuals with distinct patterns 

of association between brain activity, functional connectivity, and behavior, such as memory (Study 

1) and reward (Study 2). 

Multi-modal and longitudinal studies are essential for ensuring intra-individual generalizability, 

helping researchers gain a detailed understanding of individual differences over time. The studies 

shown here not only lay a strong foundation for future research but also highlight the complexities of 

human behavior and mental processes. By combining different methods and examining trajectories 

over time, these studies could advance the fields of translational neuroscience and precision psychiatry. 
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Going forward, these efforts can enhance our ability to tailor interventions and treatments to meet 

each person's unique needs, ultimately leading to improved mental health outcomes. 

 



195 

 

Appendix A 

A Supplementary Information (Study 1) 

A.1. Comparison across connectivity metrics: FC vs. the 

proportion of significant voxels across subdivisions 

With the hypothesis that FC could flatten the interindividual variability that is highlighted when using 

the spatial informed metric (H0: σ²A = σ²B vs H1: σ²A > σ²B), we compare the connectivity metrics 

previously modeled, i.e., the proportion of significant voxels and the FC across the thalamic 

subdivisions during resting-state. Since the two metrics are on different scales and thus not directly 

comparable, we used the min-max scaling (de Amorim et al., 2023), which scales each distribution 

individually by its minimum and maximum absolute value, not centering the data, thereby preserving 

any sparsity. To test this hypothesis, we used Levene's tests to compare the variance between the 

distributions of FC and the proportion of significant voxels grouped by cohort, network, and 

hemisphere. Additionally, we examined the correlation between the two metrics across thalamic 

subdivisions to assess the discriminatory power of the measurement used through the Kendall-Tau 

correlation. Significance was set at <0.05. 

A.2. The proportion of significant voxels may better 

discriminate the thalamic recruitment across subdivisions 

than FC 

Levene's test comparing the differences in terms of variance distribution across metrics, i.e., the 

proportion of significant voxels and FC, demonstrated significant variance differences between the 

distribution of the proportion of voxels and FC in the right medial subdivision in the RFPN (F(30)= 
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3.68, p=0.03), whereas no differences were reported within the LFPN and DMN (p>0.05; Figure 

II.S1, panel A) in RUB.  

In UNIBA, Levene's test showed significant variance differences between the distribution of 

the proportion of voxels and FC in the right medial subdivision in the RFPN (F(62)= 9.18, p=2e-03), 

and the DMN (F(68)= 17.07, p=5.02e-05) at baseline resting state, whereas statistical trends were 

reported for the comparison between the distribution of the proportion of voxels and FC in the left 

medial subdivision in the LFPN (F(54)= 2.1, p=0.07) and DMN (F(62)= 1.69, p=0.09; Figure II.S1, 

panel B).  

In both cohorts, the correlation across metrics within and between thalamic subdivisions 

showed a higher correlation on average within FC signals during the baseline resting-state (averaged 

Kendall’s rho ~0.2), compared to the proportion of significant voxels count that showed a lower 

correlation (averaged Kendall’s rho ~0.09), as depicted in Figure II.S1, panel C.  

These results suggest that the proportion of significant voxel count metrics may be more able 

to discriminate the contributions of individual thalamic subdivisions (Figure II.S1, panel C).  

A.3 Data and code accessibility 

Data from RUB and UNIBA cannot be shared at the individual level because of ethical restrictions 

based on the protocol approved by the relative institutional ethics committees to protect the privacy 

of the participants.  

All R code, along with detailed group statistics needed to evaluate the conclusions in this work, 

is publicly available at: https://github.com/robertapassiatore/thalamus-memory.git. The THOMAS 

toolbox is publicly available at: https://github.com/thalamicseg/thomas_new.git. The Group ICA 

toolbox is publicly available at the following link: https://trendscenter.org/software/gift. The 

https://github.com/robertapassiatore/thalamus-memory.git
https://github.com/thalamicseg/thomas_new.git
https://trendscenter.org/software/gift
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Presentation® scenarios used for the associative memory tasks are available at the following link: 

https://doi.org/10.5281/zenodo.14374018. 

A.4 Supplementary Figures 

 

Figure II.S 1 Metric comparison between FC and the proportion of significant voxels. Dot plots show 
the differences in the distribution of the proportion of voxels and averaged FC extracted from the medial 
thalamic subdivisions within the left and right FPN and the DMN during baseline (A) in the RUB and (B) 

https://doi.org/10.5281/zenodo.14374018
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UNIBA datasets. C, Averaged correlation matrices across datasets show Kendall’s rho within and between the 
FC and the proportion of significant voxel count signals across thalamic subdivisions for the DMN and FPN 
at the baseline resting state. Abbreviations: R, right; L, left; DMN, default mode network; FPN, frontoparietal 
network; FC, functional connectivity; %Vox, proportion of significant voxels.  

 

A.5 Supplementary Tables 

 

Table II.S 1 Thalamic functional connectivity during resting state scans in the RUB and the UNIBA 
samples. Peak activations were detected through one-sample t-tests on the individual networks’ spatial maps 
from Iraji et al. (2019). All peaks are shown at pFWE. 
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Table II.S 2 Number of non-zero observations in thalamic subdivision recruitment. The table 1277 
reports the number of individuals presenting significant active correlated and anti-correlated voxels 1278 within 
resting state networks’ spatial maps, i.e., DMN, LFPN, RFPN, grouped by hemisphere, 1279 scans, and 
thalamic subdivisions. We set the cutoff for sufficient observations to conduct two-part 1280 model regressions 
with memory performance at N≥10 observations. Abbreviations: DMN = default 1281 mode network; LFPN 
= left frontoparietal network; RFPN = right frontoparietal network; L = left; 1282 R= right. 
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Appendix B 

B Supplementary Information (Study 2)  

B.1 Participants 

Discovery cohort 

The IMAGEN study (Schumann et al., 2010) is a multisite, multinational longitudinal project that was 

carried out in eight European sites, namely Berlin, Dresden, Dublin, Hamburg, London, Mannheim, 

Nottingham, and Paris. The study involved adolescents recruited from high schools, and to obtain a 

diverse sample in terms of socio-economic status, emotional and cognitive development, private, 

state-funded, and special units were equally targeted. All participants underwent four types of 

assessment for different data domains (biological samples, brain imaging, clinical characteristics, and 

functioning data). These assessments were conducted at baseline (14 years of age) and followed up at 

16, 19, and 22 years (i.e., follow-up 1, follow-up 2, and follow-up 3, respectively). Exclusion criteria 

included: the presence of overt neurological conditions such as epilepsy, brain tumors, bacterial 

infections of the CNS, muscular or myotonic dystrophy; cerebral trauma with loss of consciousness 

of more than 30 min; developmental issues such as major neurodevelopmental disorders, nutrition 

and metabolic diseases, uncorrectable visual or auditory deficits, IQ < 70; treatment for SCZ or bipolar 

disorder; presence of medical condition such as type 1 diabetes, systemic rheumatologic disorders, 

malignant tumors requiring chemotherapy, congenital heart defects or cardiac surgery, aneurysms; 

pre/perinatal issues such as maternal diabetes during pregnancy, excessive alcohol use of the mother 

during pregnancy, premature birth < 35 weeks and/or detached placental, hyperbilirubinemia 

requiring transfusion; MRI contraindication such as the presence of metal or electronic implants and 

severe claustrophobia. A detailed description of recruitment and research procedures has been 

previously reported (Schumann et al., 2010). 
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Clinical and behavioral assessments were performed using Psytools software (Delosis Ltd, London, 

UK) via its Internet-based platform. The battery of questionnaires and cognitive tasks was self-

administered both at participants’ homes and at neuroimaging facilities. 

For the current study, the discovery sample was composed of a large sample of 1004 healthy young 

adults within Follow-up 3 (FU3) with MID (Knutson and Greer, 2008) task data available. Data from 

114 participants were excluded because of poor behavioral performance at the MID task (accuracy 

below chance). No additional participants were excluded after the MRI quality check (Esteban et al., 

2017), e.g., if the mean root-mean-square framewise displacement exceeded 0.5mm (see below in the 

fMRI Processing section). The final discovery sample included a total of 890 participants (age: M = 

22.1, SD = 0.7 years; 454 females, 436 males). Demographic details grouped by sites are described in . 

Participants and their parents provided informed consent. The IMAGEN study protocol was 

approved by the KCL (King’s College London) College Research Ethics Committee CREC/06/07-

71 and by local ethics research committees at each site. Parents and adolescents gave written consent 

and verbal assent, respectively. 

Replication cohort 

We recruited an independent sample of 252 healthy adults who underwent an fMRI scan, performing 

a modified version of the MID task (Sportelli et al., 2024) and a neuropsychological and cognitive 

assessment. One subject was removed at his/her request. After removing six subjects for MRI data 

quality (e.g., excessive motion) and poor behavioral performance at the MID task (accuracy below 

chance), the final replication sample included 245 participants (age: M=25.7, SD=5.8; 141 F, 104 M). 

Participants signed an informed consent form complying with the Declaration of Helsinki after fully 

explaining all procedures approved by the local ethics committee. All subjects were Caucasians from 

the region of Apulia, Italy. Inclusion criteria were the absence of any lifetime psychiatric disorder, as 
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evaluated with the Structured Clinical Interview for Diagnostic and Statistical Manual of Mental 

Disorders IV, NP (Non patient version), of any significant neurological or medical condition showed 

by clinical and magnetic resonance imaging evaluation, of history of head trauma with loss of 

consciousness, and of pharmacological treatment or drug abuse in the past year. 

Pharmacological challenge cohort 

Forty-two healthy right-handed males were pseudo-randomly assigned to one of two parallel groups 

in a double-blind, placebo-controlled, fully counterbalanced three-period crossover study design. All 

subjects were scanned three times, with 7 days separating each scan. Scanning was conducted at the 

same time of day per visit, and participants performed a modified version of the MID task (Hawkins 

et al., 2021). During each visit, each volunteer received a single capsule given orally with water. In one 

group the capsule contained either a single dose of risperidone 0.5 mg or risperidone 2 mg or placebo 

(herein referred to as group RIS-H/L); while in the other group participants received either a single 

oral dose of olanzapine (7.5 mg) or haloperidol (3 mg) or placebo (herein referred to as OLAN/HAL). 

Within-group treatment order was randomized using a Williams square design. Two subjects were 

discounted from the HAL/OLAN group due to DESPOT protocol unavailability, while two 

additional subjects were removed due to structural or functional image artifacts, leaving 17 subjects in 

this group (age: M=28.8, SD=6.3). In the RIS-H/L group, four subjects were removed for poor 

behavioral performance at the MID task (accuracy below chance), leaving a final sample of 17 subjects 

(age: M=27.6, SD=6.9 years). The study was approved by the London (Brent) Human Research Ethics 

Committee (REC reference: 13/LO/ 1183). Inclusion criteria required normal ECG, standard 

laboratory blood screens and urinalysis, and alcohol consumption within the recommended guidelines 

at the time of the study (<21 units per week). Exclusion criteria included a history of neurological of 

psychiatric illness, physical illness, and positive drugs of abuse or alcohol breath test on the screening 

or study days. Three volunteers from each group reported smoking one cigarette per day. However, 
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smoking was not permitted on the study days, so it is unlikely the potential acute effects previously 

reported would be a factor here (Franklin et al., 2015). A total of 34 subjects (age range 19–42 years, 

mean ± SD=26.9±6.8) were included in the final pharmacological challenge cohort. 

Clinical cohort  

We also recruited 35 individuals, comprising 17 with first-episode psychosis (FEP) and 17 with 

schizophrenia (SCZ) in the region of Apulia, Italy (12 F 22 M; age: M=24.7, SD=5.6). Recruitment 

procedures were conducted in accordance with The Code of Ethics of the World Medical Association 

(Declaration of Helsinki), and approval was given by the local ethics committee (“Comitato Etico 

Indipendente Locale - Azienda Ospedaliero-Universitaria Consorziale Policlinico di Bari”). Diagnosis 

of SCZ was made using the Structured Clinical Interview for the DSM-5, Axis 1 disorders by board-

certified psychiatrists. Exclusion criteria were: a significant history of drug or alcohol abuse; active 

drug abuse in the previous year; history of head trauma with loss of consciousness; any other critical 

medical condition.  

B2. Trial-by-trial analysis 

The analysis employed linear mixed-effects models to examine changes in VStr BOLD signal over 

trials in relation to cluster membership and other covariates. The models included only individuals 

correctly identified as GT or ST. Before entering the linear mixed model analysis, the dependent 

variables underwent a winsorization procedure to reduce the influence of outliers while retaining all 

data points. Specifically, values below the first percentile and above the 99th percentile were 

winsorized, a process known as 2% winsorization. Sex, age, and quadratic age effects were included 

as covariates to account for potential non-linear age-related differences in brain activity. 
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B3. BOLD activity in the anticipation and outcome ROIS – 

Pharmacological Challenge cohort 

In the Pharmacological Challenge cohort, the BOLD signal extracted from each ROI was averaged 

within each phase to obtain a single estimate per participant. In particular, to assess the effect of the 

drug on BOLD activity, preliminary analyses were conducted to determine whether the BOLD signal 

extracted from anticipation and outcome ROIs could be combined to generate a single estimate for 

each reward phase. Two approaches were employed for this purpose. The first approach involved 

computing the mean BOLD signal separately for anticipation and outcome, yielding two distinct 

estimates corresponding to the respective reward phases. The second approach standardized and 

linearly combined the BOLD signal from anticipation and outcome ROIs into a single principal 

component (PC) for each phase. Given the high correlation between the mean-based and PC-based 

estimates (Anticipation: r = .999; Outcome: r = .987), subsequent analyses in this cohort were 

conducted using the mean-based estimates. 

B4. Machine Learning pipeline 

Feature selection and feature extraction 

For each cohort, we selected our imaging features by first creating a total of 22 meta-ROIs (Figure 

III.9, Panel A, Step 1) based on a published meta-analysis (Chen et al., 2022) on the MID task—which 

identified a set of regions exhibiting enhanced BOLD activity during both reward anticipation (Reward 

vs. No Reward) and reward outcome (Reward vs. No Reward). Specifically, for all four cohorts, we 

created 12 ROIs for the anticipation phase (including bilateral VStr, thalamus, SMA, bilateral motor 

cortex, bilateral anterior insula, bilateral lateral occipital cortex, and bilateral middle frontal gyrus) and 

10 ROIs for the outcome phase (including bilateral VStr, vmPFC, bilateral lateral occipital cortex, 
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posterior cingulate cortex, bilateral superior parietal lobule, left middle frontal gyrus, and right inferior 

frontal gyrus), showed in Figure III.10.  

We then extracted the individual signal from the anticipation and outcome ROIs in each 

individual activation map grouped by the task phase (Figure III.9, Panel A, Step 2) using an 

uncorrected threshold of p<.001 through MarsBar (Brett et al., 2002) implemented in SPM12 

(http://www.fil.ion.ucl.ac.uk/spm). This procedure was applied consistently across all cohorts. 

Cluster analysis  

Clustering was first performed in the Discovery cohort to examine whether participants could be 

grouped based on reward-related activity (Figure III.9, panel B). Then, to assess the validity of the 

algorithm, we implemented a leave-site-out cross validation in the Discovery cohort. Finally, we used 

the Discovery algorithm in the Replication cohort to obtain similar ST-GT imaging profiles, compared 

with clusters obtained from an independent algorithm on the Replication data to further support the 

generalizability of the clustering.  

Implementation in the Discovery cohort 

To investigate whether individuals could be grouped based on their brain activity during a rewarding 

task, we performed a hierarchical K-means clustering (Peterson et al., 2018) using Euclidean distance 

and Ward’s linkage – implemented in the factoextra R package – on the full dataset including as features 

the BOLD signal extracted from the meta-ROIs on the individual task-related activity during i) the 

anticipation and ii) the outcome phases during the MID task (Figure III.9, step 3.1).  

The features were initially checked for the potential presence of outliers using the Rosner’s 

generalized extreme Studentized deviate test (Rosner, 1975) from the EnvStats R package (p<0.05). 

It is indicated for up to k potential outliers in a large dataset, assuming the data without any outliers 

come from a normal (Gaussian) distribution. It removes one potential outlier at a time, recalculates 

http://www.fil.ion.ucl.ac.uk/spm
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test statistics, and continues until the specified number of potential outliers is evaluated, making it 

useful for datasets where multiple anomalies may be present. 

Then, values were scaled to a [-1,1] range to remove the differences between features, and we 

adjusted the data for the effect of the site with the function adjust from the datawizard R package, 

which returned residuals of the regression models. 

The number of optimal clusters (k=3) was defined through the hypothesis from animal studies 

Flagel et al., 2009; Flagel et al., 2017; Saunders and Robinson, 2012; Schad et al., 2020; for a review 

see Felix and Flagel, 2024) suggesting there are three distinct phenotypes, i.e., ST, INT, and GT, 

supported by the results from the  NbClust() function [ in NbClust R package] (Charrad et al., 2014), 

which provides the best clustering scheme by varying all combinations of number of clusters, distance 

measures, and clustering methods with 30 indices (Figure III.9, Step 3.1). 

In our clustering, we hypothesized finding similar groups based on brain activity during the 

two separate phases of the task. Specifically, ST with elevated brain activity during the anticipation 

phase, GT with elevated brain activity during the outcome phase, and INT with mixed brain activity 

during both phases.  

To test the potential effect of the sex in the clustering, we performed a hierarchical k-means 

clustering (k=3) separated for males (N=434) and females (N=454), replicating the results obtained 

with the clustering applied on the full dataset. Results are shown in Figure III.S1. 

Leave-Site-Out Validation  

Discovery cohort 

To validate the clustering performed on the full dataset (N=890) described above, we performed the 

hierarchical k-means clustering (Peterson et al., 2018) within a leave-site-out validation framework 

iteratively for each site (Figure III.9, panel B, step 3.2). To this end, the Discovery dataset was initially 

split into a training set (seven sites) and a testing set (one site). Scaling (-1 to 1 range) was applied 
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separately in both sets, and residuals of regression models for the effect of the site were implemented 

only in the training set. The hierarchical k-means clustering (Peterson et al., 2018) was performed on 

the training set with k=3 using Euclidean distance and Ward’s linkage (Johnson and Wichern, 2002). 

To validate this algorithm on the testing set, we assigned the cluster membership by computing the 

Euclidean distance between the testing set and the two training cluster centers – corresponding to the 

sign- and goal-trackers, due to the small sample size of the testing set. Then, we computed the 

clustering (k=2) on the testing set to label the testing set data. We calculated a confusion matrix (Kuhn, 

2008) from caret R package to evaluate the cross-tabulation of the cluster assignments with associated 

statistics, i.e., sensitivity, specificity, balanced and overall accuracy. For two class problems, the 

sensitivity, specificity, positive predictive value and negative predictive value is calculated using the 

positive argument (if there are only two factor levels, the first level will be used as the “positive” result). 

The overall accuracy rate is computed along with a 95 percent confidence interval for this rate and a 

one-sided test to see if the accuracy is better than the “no information rate”, which is taken to be the 

largest class percentage in the data. Balanced accuracy is computed in relation to sensitivity and 

specificity and, in this study, is used as a measure of replicability. To overcome the issue related to the 

incorrect order, we previously realigned the levels with solve_LSAP() function from the clue R package 

(Papadimitriou and Steiglitz, 1998). 

Generalizability of the Discovery clustering algorithm 

To assess the generalizability of our neurophysiological-based clustering, we applied the Discovery 

clustering algorithm to the independent Replication cohort. 

As in the Discovery cohort, the BOLD signal was scaled (-1 to 1 range) to remove differences 

between features across samples. To assess the goodness of the Discovery algorithm in identifying the 

two imaging profiles in an independent dataset, everyone in the Replication dataset was assigned to a 

cluster based on its proximity to the Discovery cluster centers computed on the full dataset. In line 
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with both animal (Fitzpatrick & Morrow, 2020) and human studies (Colom, 2023; Schad et al., 2020; 

Dinu et al., 2024), which exclude the INT group from further analyses, we projected only the two 

centroids – ST and GT – to obtain predicted clusters (Figure III.9, panel B, step 4.1) and then we 

performed a hierarchical k-means clustering (Peterson et al., 2018) on the independent Replication 

dataset (k=2) with Euclidean distance and Ward’s linkage to obtain the actual data-driven cluster 

memberships (Figure III.9, panel B, step 4.2). 

The generalizability of the Discovery clustering algorithm was evaluated in the Replication 

cohort by implementing a confusion matrix (Kuhn, 2008), which compared the predicted clusters, 

based on the projection of the two Discovery centroids, i.e., ST/GT, and the two actual data-driven 

classes obtained from the independent hierarchical k-means algorithm on Replication data (Figure 

III.9, panel B, Step 4.3). The confusion matrix output distinguished the correctly identified from 

misidentified subjects (false positives and false negatives) for each class, i.e., ST/GT. Thus, we 

obtained overall accuracy and statistical measures of the sensitivity (true positive rates), specificity (true 

negative rates), and balanced accuracy for the two classes (Figure III.9, panel B, step 4.3).  

The Discovery model was then applied to the Pharmacological Challenge, and Clinical cohorts 

(Figure III.9, panel B, Steps 4.1–4.3). In each case, data were scaled to the same range, clustering was 

repeated, and predicted assignments were compared with independent clustering results via confusion 

matrices. Sensitivity, specificity, and balanced accuracy were computed. 

Finally, misclassified individuals resulting from the contingency table were excluded from 

subsequent individual-level analyses for all the four cohorts (Figure III.9 panel C, Steps 5.1, 5.2, 5.3), 

which instead included the predicted cluster membership based on the Discovery clustering algorithm. 
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B5. Placebo vs. drug effect using whole reward networks 

Similarly to what was observed in the VStr, in the estimates obtained from the reward anticipation and 

outcome networks, we found a significant three-way interaction between phase, drug, and cluster 

(F(1,96)=4.172, p=0.0438). We conducted follow-up analyses separately for the anticipation and the 

outcome phases (Figure III.15A). During anticipation (Figure III.15A, left), a Drug × Cluster 

interaction (F(1,32)=9.10, p=0.005) showed that ST under placebo had greater responses than GT 

(β=-0.721, SE=0.123, t(44.4)=-5.85, p < 0.001). Drug administration significantly reduced ST BOLD 

response (β=-0.4125, SE=0.0949, t(32)=-4.35, p < 0.001) but had no effect on GT (β=-0.0644, 

SE=0.0656, t(32)=-0.981, p=0.334). Despite this reduction, ST still exhibited larger BOLD changes 

than GT under drug conditions (β=-0.373, SE=0.123, t(44.4)=-3.03, p=0.0041). Levene’s tests 

confirmed no significant variance differences between groups under placebo (F(1,32)=0.54, p=0.468) 

or drug conditions (F(1,32)=1.42, p=0.242), ruling out variance differences as a confound in the 

observed drug effects. In the reward outcome phase (Figure III.15A, right), the Drug × Cluster 

interaction was not significant (F(1,32)=2.62, p=0.115). 

B6. Dose-response effect in the reward anticipation phase 

using whole reward network 

In the whole-network estimates, dose-response effects tested in the anticipation phase yielded during 

anticipation, for ST, a main effect of Drug (χ²(2)=6.827, p=0.033) with a significant linear trend 

(χ²(1)=6.814, p=0.009), indicating a dose-dependent response decrease (Figure III.15B). The 

quadratic model was not significant (χ²(1)=0.013, p=0.910), confirming a linear effect. High-dose 

risperidone significantly reduced responses compared to placebo and low-dose (χ²(1)=4.578, p=0.032). 

For GT, no significant drug effects were found (χ²(2)=4.617, p=0.099), with non-significant linear 

(χ²(1)=3.523, p=0.060) and quadratic (p=0.296) trends. Post-hoc comparisons showed no differences 
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between placebo and low-dose (β=-0.177, SE=0.097, t(16)=-1.826, pFDR=0.130), placebo and high-

dose (β=-0.186, SE=0.097, t(16)=-1.917, pFDR=0.130), or low-dose and high-dose (β=-0.0089, 

SE=0.097, t(16)=-0.092, pFDR=0.928). Bayesian analysis strongly supported the null hypothesis, 

showing no risperidone effect on anticipatory responses in GT (BF₀₁=6.608, 5.883, 3.153). 

B.7 Supplementary Figures  

 

Figure III.S 1 Pattern of brain activity grouped by sex in the Discovery cohort. Barplots showing BOLD 
activity in each ROI for each cluster, i.e., sign-trackers, intermediate and goal-trackers, in females (A) and males 
(B) in the Discovery cohort. Abbreviations: ANT = anticipation; OUT = outcome; R = right; L = left; VStr = 
ventral striatum; SPL = superior parietal lobule; Thal = thalamus; MFG = middle frontal gyrus; SMA = 
supplementary motor area; IFG = inferior frontal gyrus; vmPFC = ventromedial prefrontal cortex; PCC = 
posterior cingulate cortex. 
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Figure III.S 2 Pattern of brain activity in the leave-site-out validation framework of the Discovery 
cohort. Testing site: BERLIN. Barplots showing BOLD activity in each ROI for each cluster in the (A) 
training set (made up of seven sites) derived with a k=3 solution, (B-D) testing set (Berlin site), derived from 
the projection of the two centroids corresponding to ST and GT, and in the (C-E), testing set, derived from 
the implementation of a hierarchical k-means algorithm with k=2. Abbreviations: ANT = anticipation; OUT = 
outcome; R = right; L = left; VStr = ventral striatum; SPL = superior parietal lobule; Thal = thalamus; MFG 
= middle frontal gyrus; SMA = supplementary motor area; IFG = inferior frontal gyrus; vmPFC = 
ventromedial prefrontal cortex; PCC = posterior cingulate cortex. 

 

Figure III.S 3 Pattern of brain activity in the leave-site-out validation framework of the Discovery 
cohort. Testing site: DRESDEN. Barplots showing BOLD activity in each ROI for each cluster in the (A) 
training set (made up of seven sites) derived with a k=3 solution, (B-D) testing set (Desden site), derived from 
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the projection of the two centroids corresponding to ST and GT, and in the (C-E), testing set, derived from 
the implementation of a hierarchical k-means algorithm with k=2. Abbreviations: ANT = anticipation; OUT = 
outcome; R = right; L = left; VStr = ventral striatum; SPL = superior parietal lobule; Thal = thalamus; MFG 
= middle frontal gyrus; SMA = supplementary motor area; IFG = inferior frontal gyrus; vmPFC = 
ventromedial prefrontal cortex; PCC = posterior cingulate cortex. 

 

Figure III.S 4 Pattern of brain activity in the leave-site-out validation framework of the Discovery 
cohort. Testing site: DUBLIN. Barplots showing BOLD activity in each ROI for each cluster in the (A) 
training set (made up of seven sites) derived with a k=3 solution, (B-D) testing set (Dublin site), derived from 
the projection of the two centroids corresponding to ST and GT, and in the (C-E), testing set, derived from 
the implementation of a hierarchical k-means algorithm with k=2. Abbreviations: ANT = anticipation; OUT = 
outcome; R = right; L = left; VStr = ventral striatum; SPL = superior parietal lobule; Thal = thalamus; MFG 
= middle frontal gyrus; SMA = supplementary motor area; IFG = inferior frontal gyrus; vmPFC = 
ventromedial prefrontal cortex; PCC = posterior cingulate cortex. 
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Figure III.S 5 Pattern of brain activity in the leave-site-out validation framework of the Discovery 
cohort. Testing site: HAMBURG. Barplots showing BOLD activity in each ROI for each cluster in the (A) 
training set (made up of seven sites) derived with a k=3 solution, (B-D) testing set (Hamburg site), derived 
from the projection of the two centroids corresponding to ST and GT, and in the (C-E), testing set, derived 
from the implementation of a hierarchical k-means algorithm with k=2. Abbreviations: ANT = anticipation; 
OUT = outcome; R = right; L = left; VStr = ventral striatum; SPL = superior parietal lobule; Thal = thalamus; 
MFG = middle frontal gyrus; SMA = supplementary motor area; IFG = inferior frontal gyrus; vmPFC = 
ventromedial prefrontal cortex; PCC = posterior cingulate cortex. 

 

Figure III.S 6 Pattern of brain activity in the leave-site-out validation framework of the Discovery 
cohort. Testing site: LONDON. Barplots showing BOLD activity in each ROI for each cluster in the (A) 
training set (made up of seven sites) derived with a k=3 solution, (B-D) testing set (London site), derived from 



214 

 

the projection of the two centroids corresponding to ST and GT, and in the (C-E), testing set, derived from 
the implementation of a hierarchical k-means algorithm with k=2. Abbreviations: ANT = anticipation; OUT = 
outcome; R = right; L = left; VStr = ventral striatum; SPL = superior parietal lobule; Thal = thalamus; MFG 
= middle frontal gyrus; SMA = supplementary motor area; IFG = inferior frontal gyrus; vmPFC = 
ventromedial prefrontal cortex; PCC = posterior cingulate cortex. 

 

Figure III.S 7 Pattern of brain activity in the leave-site-out validation framework of the Discovery 
cohort. Testing site: MANNHEIM. Barplots showing BOLD activity in each ROI for each cluster in the 
(A) training set (made up of seven sites) derived with a k=3 solution, (B-D) testing set (Mannehim site), derived 
from the projection of the two centroids corresponding to ST and GT, and in the (C-E), testing set, derived 
from the implementation of a hierarchical k-means algorithm with k=2. Abbreviations: ANT = anticipation; 
OUT = outcome; R = right; L = left; VStr = ventral striatum; SPL = superior parietal lobule; Thal = thalamus; 
MFG = middle frontal gyrus; SMA = supplementary motor area; IFG = inferior frontal gyrus; vmPFC = 
ventromedial prefrontal cortex; PCC = posterior cingulate cortex. 
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Figure III.S 8 Pattern of brain activity in the leave-site-out validation framework of the Discovery 
cohort. Testing site: NOTTINGHAM. Barplots showing BOLD activity in each ROI for each cluster in the 
(A) training set (made up of seven sites) derived with a k=3 solution, (B-D) testing set (Nottingham site), 
derived from the projection of the two centroids corresponding to ST and GT, and in the (C-E), testing set, 
derived from the implementation of a hierarchical k-means algorithm with k=2. Abbreviations: ANT = 
anticipation; OUT = outcome; R = right; L = left; VStr = ventral striatum; SPL = superior parietal lobule; Thal 
= thalamus; MFG = middle frontal gyrus; SMA = supplementary motor area; IFG = inferior frontal gyrus; 
vmPFC = ventromedial prefrontal cortex; PCC = posterior cingulate cortex. 

 

Figure III.S 9 Pattern of brain activity in the leave-site-out validation framework of the Discovery 
cohort. Testing site: PARIS. Barplots showing BOLD activity in each ROI for each cluster in the (A) training 
set (made up of seven sites) derived with a k=3 solution, (B-D) testing set (Paris site), derived from the 
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projection of the two centroids corresponding to ST and GT, and in the (C-E), testing set, derived from the 
implementation of a hierarchical k-means algorithm with k=2. Abbreviations: ANT = anticipation; OUT = 
outcome; R = right; L = left; VStr = ventral striatum; SPL = superior parietal lobule; Thal = thalamus; MFG 
= middle frontal gyrus; SMA = supplementary motor area; IFG = inferior frontal gyrus; vmPFC = 
ventromedial prefrontal cortex; PCC = posterior cingulate cortex. 

 

 

Figure III.S 10 Whole-network analyses in the Pharmacological challenge cohort. Plots representing the 
Placebo vs. Drug effect (A) and the Dose-Response effect (B) across the whole reward network. Abbreviations: 
ST=sign-trackers; GT=goal-trackers; BOLD=blood-oxygen-level-dependent. 

 

Figure III.S 11 Pattern of brain activity in the Discovery cohort with k=2. Barplots showing BOLD 
activity in each ROI for each cluster, i.e., sign-trackers and goal-trackers, in the Discovery cohort. Abbreviations: 
ANT = anticipation; OUT = outcome; R = right; L = left; VStr = ventral striatum; SPL = superior parietal 
lobule; Thal = thalamus; MFG = middle frontal gyrus; SMA = supplementary motor area; IFG = inferior 
frontal gyrus; vmPFC = ventromedial prefrontal cortex; PCC = posterior cingulate cortex.  
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Figure III.S 12 Hierarchical k-means clustering solution visualized on the first two principal 
components. (A) Two-cluster solution (k = 2) derived from hierarchical k-means clustering, identifying Sign-
Trackers (ST) and Goal-Trackers (GT). (B) Three-cluster solution (k = 3), revealing an intermediate group 
(INT) positioned between the ST and GT clusters. Each point represents an individual participant projected 
onto the first two principal components (Dim1 and Dim2), explaining 35.1% and 15.3% of the variance, 
respectively. Ellipses indicate the dispersion of observations within each cluster. Colors denote cluster 
membership. 

 

Figure III.S 13 Pattern of brain activity in the Replication cohort. Barplots showing BOLD activity in 
each ROI for each cluster, i.e., sign-trackers, intermediate and goal-trackers, predicted through the projection 
of all three centroids from the Discovery algorithm (A), and derived from an independent hierarchical k-means 
clustering (B) in the Replication cohort. Abbreviations: ANT = anticipation; OUT = outcome; R = right; L = 
left; VStr = ventral striatum; SPL = superior parietal lobule; Thal = thalamus; MFG = middle frontal gyrus; 
SMA = supplementary motor area; IFG = inferior frontal gyrus; vmPFC = ventromedial prefrontal cortex; 
PCC = posterior cingulate cortex. 
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Figure III.S 14 Neuropsychological differences between Sign-Trackers and Goal-Trackers across 
Discovery and Replication cohorts. Forest plots showing effect sizes (Pearson’s r) for group differences 
between Sign-Trackers (ST) and Goal-Trackers (GT) across neuropsychological measures in the Discovery 
cohort (left) and Replication cohort (right). Effect sizes are displayed for two clustering approaches: the two-
cluster solution (K = 2) and the three-cluster solution excluding the INT group (K = 3 drop), retaining only 
ST and GT individuals. Points represent effect size estimates, and horizontal bars indicate confidence intervals. 
Positive values indicate ST > GT, whereas negative values indicate GT > ST. Asterisks denote statistically 
significant differences after multiple-comparison correction. The vertical dashed line marks zero effect. 
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B.7 Supplementary Tables  

Table III.S1 

Cohort Sample Size (N) M:F Mean Age ± SD 

Discovery 890 436:454 22.07 ± 0.7 

Sites    

Berlin 123 55:68 22.1 ± 0.6 

Dresden 102 55:47 21.5 ± 0.7 

Dublin 103 58:45 22.3 ± 0.7 

Hamburg 122 62:60 22.1 ± 0.9 

London 104 54:50 22.2 ± 0.6 

Mannheim 115 55:60 22 ± 0.5 

Nottingham 116 54:62 22.1 ± 0.6 

Paris 105 43:62 22.2 ± 0.6 

Replication 245 104:141 26 ± 6 

Pharmacological 

Challenge 
34 34:0 26.9 ± 6.8 

Clinical 35 24:11 24.7 ± 5.6 

Table III.S 1 Demographic characteristics across the four study cohorts. The table presents demographic 
data for all four cohorts, with the Discovery cohort further stratified by site. For each cohort and subgroup, 
the sample size, sex distribution (number of males and females), and mean age with standard deviation (SD) 
are reported. Abbreviations: M=males; F=females. 

Table III.S2 

Phase: Contrast Group 

MNI 

coordinates 

X Y Z 

Regions 

Discovery Cohort 

Anticipation: 

Reward > No Reward 
Sign-trackers 

-28 -78 -18 Lingual Gyrus Fusiform L 

-20 -78 -18 BA18 

-36 -64 -20 Cerebellum L 
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10 -80 -14 Lingual R BA18 

12 -84 8 Cuneus R 

-30 -58 -22 Cuneus R 

4 -86 6 Calcarine R BA17 

30 -76 -20 BA19 Fusiform R 

12 -2 16 Caudate Body R 

-12 0 14 Caudate L 

Anticipation: 

Reward > No Reward 
Goal-trackers 

10 -86 0 Calcarine R 

-16 -90 -12 Lingual L 

38 -22 58 BA4 Precentral R 

12 -16 8 Thalamus R 

-12 -18 8 Thalamus L 

-16 -24 12 Pulvinar L 

14 16 -2 Caudate R 

-10 8 -2 Pallidum L 

30 -54 -18 Fusiform R 

Outcome: 

Reward > No Reward 
Sign-trackers 

-6 2 24 Corpus Callosum 

0 24 -6 Anterior Cingulum L 

-16 -26 -16 ParaHippocampal L 

-6 -32 -58 Midbrain 

32 14 -18 Insula R 

Outcome: 

Reward > No Reward 
Goal-trackers 

2 50 2 Frontal Superior Medial R 

4 46 -6 Frontal Medial Orbital R 

2 46 20 Cingulum Anterior R 

0 60 4 Frontal Superior Medial L 

Replication Cohort 
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Anticipation: 

Reward > No Reward 
Sign-trackers 

4 0 58 Supplementary Motor Area R 

-4 6 56 Supplementary Motor Area L 

28 16 -44 Temporal Pole R 

-42 14 54 Primary Motor Cortex L 

Anticipation: 

Reward > No Reward 
Goal-trackers   

Outcome: 

Reward > No Reward 
Sign-trackers 

-14 -88 -18 Secondary Visual Cortex L 

2 -84 -10 Secondary Visual Cortex R 

-52 18 -10 Superior Temporal Pole L 

-40 18 -10 Inferior Orbital Frontal Gyrus L 

Outcome: 

Reward > No Reward 
Goal-trackers 

-16 -90 -6 Middle Secondary Visual Cortex L 

14 -90 -2 Primary Visual Cortex R 

14 -84 -12 Secondary Visual Cortex R 

Clinical cohort 

Anticipation: 

Reward > No Reward 

Sign-trackers 

-42 -24 58 Supplementary Motor Area L 

-38 -28 64 Primary Motor Cortex L 

-32 -40 58 Primary Sensory Cortex L 

4 -14 44 Ventral Anterior Cingulum R 

  -54 -22 34 Supramarginal Gyrus L 

  -62 -18 18 Primary Sensory L 

  36 -16 18 Insula R 

  -24 12 -8 Putamen L 

  -14 -66 10 Primary Visual Cortex R 

  46 -12 54 Primary Motor Cortex R 

  58 -2 44 Supplementary Motor Area R 

Anticipation: Goal-trackers   
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Reward > No Reward 

Outcome: 

Reward > No Reward 
Sign-trackers     

Outcome: 

Reward > No Reward 
Goal-trackers 

54 26 34 Dorsolateral Prefrontal Cortex R 

12 10 8 Caudate R 

-28 -96 12 Secondary Visual Cortex L 

16 -62 8 Primary Visual Cortex R 

50 -5 -18 Superior Temporal Gyrus R 

24 -88 -8 Secondary Visual Cortex R 

-42 34 24 Dorsolateral Prefrontal Cortex L 

22 -2 -20 Amygdala R 

-40 -12 12 Insula L 

-36 -30 16 Primary Auditory L 

8 16 -12 Subgenual R 

-42 -12 18 Primary Motor Cortex L 

-50 -12 16 Primary Sensory Cortex L 

Table III.S 2 Whole-brain activation during the MID task in the Discovery, Replication, and Clinical 
cohorts. Brain regions' activations were detected through one-sample t-tests on the Reward > No-Reward 
contrast during anticipation and outcome in the Discovery, Replication, and Clinical cohorts. All regions are 
shown at pTFCE-FWE<0.05; cluster extent=20 voxels. Abbreviations: MNI=Montreal Neurological Institute; 
L=left; R= right; BA=Broadmann Area. 

Table III.S3 

Sample  Questionnaire/Task  Score  Z  p(unc.)  pFDR  
effect 

size r  

Cluster  

ST  GT  

Mean ± 

SD (N)  

Mean ± 

SD (N)  

Discovery  

Temperament and 

Character Inventory-

Revised (TCI-R)  

Disorderliness  

-

1.902  

0.057  0.135  0.087  21.65 ± 

4.03 

(160)  

21 ± 4.12 

(317)  
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Exploratory 

excitability  

-

1.745  

0.081  0.135  0.08  34.63 ± 

4.24 

(160)  

33.96 ± 

4.24 (317)  

Extravagance  

-

1.777  

0.076  0.135  0.081  26.21 ± 

3.69 

(160)  

26.78 ± 

4.03 (317)  

Impulsiveness  

-0.71  0.478  0.478  0.033  25.27 ± 

3.96 

(160)  

24.96 ± 

4.15 (317)  

Novelty Seeking  

-

1.411  

0.158  0.198  0.065  107.78 

± 9.18 

(160)  

106.70 ± 

10.46 

(317)  

Substance Use Risk 

Profile Scale (SURPS)  

Anxiety 

sensitivity  

-

1.635  

0.102  0.379  0.075  11.31 ± 

2.51 

(160)  

11.75 ± 

2.51(317)  

Hopelessness  

-

0.624  

0.533  0.710  0.029  12.63 ± 

3.5 

(160)  

12.89 ± 

3.77 (317)  

Impulsivity  

-

0.289  

0.773  0.773  0.013  10.67 ± 

2.11 

(160)  

10.7 ± 

2.27 (317)  

Sensation 

seeking  

-

1.313  

0.189  0.379  0.06  16.84 ± 

3.37 

(160)  

16.47 ± 

3.38 (317)  

Cambridge guessing 

task (CGT)  

Delay aversion  

-

0.173  

0.863  0.863  0.01  0.165 ± 

0.13 

(156)  

0.17 ± 

0.15 (314)  

Deliberation 

time  

-

1.502  

0.133  0.399  0.07  1510.02 

± 

443.43 

(156)  

1569.68± 

478.33 

(314)  

Overall 

proportion bet  

-

0.322  

0.748  0.863  0.02  0.51 ± 

0.13 

(156)  

0.51± 0.13 

(314)  

Quality of 

decision making  

-

0.662  

0.508  0.863  0.03  0.97 ± 

0.05 

(156)  

0.97 ± 

0.05 (314)  
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Risk adjustment  

-

3.588  

0.000  0.002  0.17  2.25 ± 

0.93 

(156)  

1.93 ± 

1.03 (314)  

Risk taking  

-

0.299  

0.765  0.863  0.01  0.57 ± 

0.12 

(156)  

0.57 ± 

0.13 (314)  

Passive Avoidance 

Learning Paradigm 

(PALP)  

Commission RP  

-

3.040  

0.000  0.001  0.14  0.078 ± 

0.07 

(158)  

0.11 ± 

0.09 (315)  

Commission PP  

-

3.945  

0.002  0.005  0.18  0.08 ± 

0.08 

(160)  

0.11 ± 0.1 

(315)  

Commission RR  

-

3.713  

0.000  0.001  0.24  0.06 ± 

0.08 

(81)  

0.1 ± 0.09 

(162)  

Omission PP  

-

2.449  

0.014  0.018  0.11  0.03 ± 

0.04 

(160)  

0.03 ± 

0.05 (315)  

Omission RP  

-

3.394  

0.001  0.002  0.16  0.02 ± 

0.05 

(158)  

0.05 ± 

0.05 (315)  

Omission RR  

-

2.530  

0.011  0.017  0.16  0.02 ± 

0.04 

(81)  

0.03 ± 

0.04 (162)  

RT PP (ms)  

-

1.277  

0.202  0.202  0.06  876.58 

± 

206.03 

(160)  

905.66 ± 

221.4 

(315)  

RT RP (ms)  

-

2.743  

0.006  0.011  0.13  820.57 

± 

173.99 

(158)  

876.11 ± 

192.67 

(315)  

RT RR (ms)  

-

1.825  

0.068  0.077  0.12  857.91 

± 

213.33 

(81)  

918.65 ± 

255.19 

(162)  
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Replication  

Temperament and 

Character Inventory 

(TCI)  

Cooperativeness  
-

0.962  

0.336  0.456  0.08  19.73 ± 

3.6 (42)  

19.08 ± 

4.01 (110)  

Harm 

Avoidance  

-1.05  0.294  0.456  0.09  8.96 ± 

4.11 

(42)  

8.4 ± 4.06 

(110)  

Novelty Seeking  

-0.93  0.352  0.456  0.08  7.89 ± 

4.52 

(42)  

8.5 ± 4.43 

(110)  

Persistance  

-

0.336  

0.737  0.737  0.03  3.05 ± 

1.56 

(42)  

2.97 ± 

1.91 (110)  

Reward 

Dependence  

-

0.859  

0.390  0.456  0.07  9.7 ± 

2.43 

(42)  

9.4 ± 2.47 

(110)  

Self Directedness  

-1.03  0.303  0.456  0.08  19.626 

± 6.01 

(42)  

18.62 ± 

6.14 (110)  

Self-Trascendeces  

-

0.903  

0.366  0.456  0.07  5.3 ± 

6.25 

(42)  

6.01 ± 

6.36 (110)  

Wisconsin Card 

Sorting Test (WCST)  

Number of 

Completed 

Categories  

-

1.144  

0.126  0.126  0.09  5.86 ± 

0.53 

(51)  

5.67 ± 

1.06 (129)  

Number of Non 

Perseverative 

Errors  

-

2.019  

0.022  0.042  0.15  7.06 ± 

7.03 

(51)  

9.58 ± 

9.35 (127)  

Number of 

Perseverative 

Errors  

-

1.861  

0.031  0.042  0.14  7.06 ± 

3.75 

(51)  

9.95 ± 

8.46 (128)  

Number of trials  

-

2.484  

0.007  0.026  0.19  80.54 ± 

15.84 

(51)  

88.33 ± 

20.42 

(128)  

Continuous 

Performance Test 

(CPT-AX)  

HIT   

-

0.143  

0.886  0.430  0.01  0.97 ± 

0.04 

(50)  

0.98 ± 

0.09 (128)  
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FA   

-

0.801  

0.423  0.430  0.06  0.06 ± 

0.06 

(50)  

0.06 ± 

0.07 (128)  

FAC   

-

1.072  

0.284  0.662  0.08  0.02± 

0.03 

(50)  

0.04 ± 

0.06 (128)  

AP S   

-

0.115  

0.909  0.740  0.01  0.97 ± 

0.03 

(50)  

0.98 ± 

0.03 (128)  

AY   

-

1.826  

0.068  0.909  0.14  0.09 ± 

0.11 

(50)  

0.08 ± 0.1 

(128)  

DP S   

-

0.199  

0.842  0.909  0.02  4.19 ± 

0.99 

(50)  

4.18 ± 

1.04 (128)  

DPC S   

-

1.543  

0.123  0.909  0.12  4.91 ± 

0.97 

(50)  

4.62 ± 

1.11 (128)  

Table III.S 3 Descriptive statistics by imaging-derived clusters and Wilcoxon rank-sum test results in 
the Discovery and Replication cohorts. This table reports descriptive and inferential statistics for each 
imaging-derived cluster across both the Discovery and Replication cohorts. Analyses were conducted on 
standardized data (scaled 0–1). Effect sizes (r equivalent) were computed using the rstatix R package (Tomczak 
and Tomczak, 2014), by dividing the Wilcoxon Z-transformed values by the square root of the number of 
observations (Rosenthal and Rubin, 2003). For each variable, the table includes Wilcoxon Z-values, effect sizes, 
uncorrected p-values, and p-values corrected for multiple comparisons using the FDR correction (pFDR < 0.05). 
Means and standard deviations (SD) are reported based on raw (non-standardized) data to facilitate 
interpretability. Cluster sample sizes (N) are also indicated. Abbreviations: FDR=False Discovery rate; ST=sign-
trackers; GT=goal-trackers; SD=standard deviation; RT=reaction times, PP=punishment-punishment, 
RR=reward-reward, RP=reward-punishment. 
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