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Abstract 
Extracting structure from initially incomprehensible streams of events is 

fundamental to a range of human abilities: from navigating in a new 

environment to learning a language. These skills rely on our ability to extract 

spatial and temporal regularities, often with minimal explicit feedback, that is 

known as statistical learning. Despite the importance of statistical learning for 

making perceptual decisions, we know surprisingly little about the brain circuits 

and how they change when learning temporal regularities. 

 In my thesis, I combine behavioural measurements, Diffusion Tensor 

Imaging (DTI) and resting-state fMRI (rs-fMRI) to investigate the structural and 

functional circuits that are involved in statistical learning of temporal structures. 

In particular, I compare structural connectivity as measured by DTI and 

functional connectivity as measured by rs-fMRI before vs. after training to 

investigate learning-dependent changes in human brain pathways. Further, I 

combine the two imaging modalities using graph theory and regression analyses 

to identify key predictors of individual learning performance. 

 Using a prediction task in the context of sequence learning without 

explicit feedback, I demonstrate that individuals adapt to the environment’s 

statistics as they change over time from simple repetition to probabilistic 

combinations. Importantly, I show that learning of temporal structures relates to 

decision strategy that varies among individuals between two prototypical 

distributions: matching the exact sequence statistics or selecting the most 

probable outcome in a given context (i.e. maximising). Further, combining DTI 

and rs-fMRI, I show that learning-dependent plasticity in dissociable cortico-

striatal circuits relates to decision strategy. In particular, matching relates to 

connectivity between visual cortex, hippocampus and caudate, while 

maximisation relates to connectivity between frontal and motor cortices and 

striatum. These findings have potential translational applications, as alternate 

brain routes may be re-trained to support learning ability when specific 

pathways (e.g. memory-related circuits) are compromised by age or disease. 
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1. Introduction 

1.1. Theoretical background 

Extracting structure from initially incomprehensible streams of events is 

fundamental to a range of human abilities: from navigating in a new 

environment to learning a language. This ability to extract spatial and temporal 

regularities from the environment without explicit feedback is known as 

statistical learning. In my thesis, I aim to link behavioural training in statistical 

learning and human brain plasticity. In particular, I focus on decision strategies 

when predicting the upcoming symbol in a probabilistic temporal sequence and 

task-free measures of brain plasticity. 

 

1.1.1. Statistical learning 

To investigate learning of spatial or temporal structures across the lifespan, early 

research focused on the process of sequence learning by employing a Serial 

Reaction Time (SRT) task (Cleeremans & McClelland, 1991; Nissen & 

Bullemer, 1987) or an Artificial Grammar Learning (AGL) task in adults 

(Braine, 1963; Reber, 1967) and word learning tasks in infants (Saffran, Aslin, 

& Newport, 1996; Saffran & Wilson, 2003). 

 In the seminal work by Saffran and colleagues (Saffran et al., 1996), 8-

month old infants were familiarised with sequences of phonemes in a 

continuous speech stream and then tested with old and novel sequences. Their 

findings showed that infants could discriminate between familiar and unfamiliar 

sequences; suggesting that infants are able to extract the temporal statistics 

based on the transitional probabilities between syllables. Modelling work using 

simple recurrent networks has provided further evidence that infants learn 

sequence statistics rather than the rules governing the sequence generation 

(Christiansen & Curtin, 1999; Seidenberg & Elman, 1999). This experience-

dependent type of learning is known as statistical learning, as participants 

extract regularities from the environment by mere exposure (i.e. without explicit 
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feedback) (Armstrong, Frost, & Christiansen, 2016; Perruchet & Pacton, 2006; 

Siegelman, Bogaerts, Christiansen, & Frost, 2017). In particular, observers 

report that stimuli (shapes, tones or syllables) that co-occur spatially or follow in 

a temporal sequence appear familiar after short exposure to the sequences 

(Chun, 2000; Fiser & Aslin, 2002b; Saffran et al., 1996; Saffran, Johnson, Aslin, 

& Newport, 1999). These findings raise the question whether statistical learning 

is implicit, i.e. whether participants have acquired explicit knowledge about 

patterns in the sequence or they were able to perform the task without such 

knowledge. 

 Previous work on an SRT task for learning predictive dependencies has 

shown that participants respond faster to structured compared to random 

sequences after short exposure to these sequences (Cleeremans & McClelland, 

1991). Simulating participant responses with an augmented simple recurrent 

network has been shown to capture this behaviour for grammatical vs. 

ungrammatical sequences (Cleeremans & McClelland, 1991). However, 

debriefing participants after completion of the task indicated that most 

participants did not acquire explicit knowledge of any patterns in the sequence. 

Recent study has replicated these findings and showed that improvement in the 

SRT task relates to language processing skills (Misyak, Christiansen, & 

Tomblin, 2010). Further work comparing performance on high vs. low 

predictable transitions in an SRT task suggests that individuals show faster 

learning of the high probable transitions (Hunt & Aslin, 2001). 

 Further, in the seminal work by Reber (Reber, 1967), participants were 

presented with letter strings constructed by a finite-state grammar. In particular, 

participants were trained with a series of AGL-based or random strings and 

tested at an explicit recall task with feedback. In a second experiment, 

participants trained on AGL strings were asked to classify a set of novel strings 

as valid or invalid based on what they have previously learned. The findings 

suggest that although participants could not verbalise the rules governing the 

AGL strings, they did acquire an implicit knowledge of the rules as their 

performance was significantly better than chance. This type of learning is 
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known as implicit learning, as participants learn without awareness or explicit 

knowledge of what they have learned (Carol Augart Seger, 1994; Shanks, 2004). 

Implicit learning is usually described as learning the rules that govern the 

sequence structure or learning repeated chunks in sequence exemplars 

(Cleeremans, Destrebecqz, & Boyer, 1998). 

 Despite the fact that early work differentiated between implicit and 

statistical learning, there is converging evidence that these two types of learning 

are closely related and might reflect different views of the same phenomenon 

(Aslin & Newport, 2012; Cleeremans et al., 1998; Perruchet & Pacton, 2006). 

Recent work has provided evidence that statistical learning is a complex 

phenomenon that might entail higher-order functions (Fiser & Aslin, 2002a, 

2005; Turk-Browne, Isola, Scholl, & Treat, 2008) and multi-component skills 

(Arciuli, 2017). In particular, statistical learning has been shown to require 

attention (A. Cohen, Ivry, & Keele, 1990; Jiménez & Méndez, 1999; Nissen & 

Bullemer, 1987; Schvaneveldt & Gomez, 1998), memory (Thiessen, 2017) and 

cognitive flexibility (Amso & Davidow, 2012). Further, statistical learning has 

been observed in a range of tasks, from visual (Fiser & Aslin, 2001; Kirkham, 

Slemmer, & Johnson, 2002; Turk-Browne, Jungé, & Scholl, 2005; Turk-Browne 

& Scholl, 2009) to auditory (Saffran et al., 1997, 1999) and tactile (Conway & 

Christiansen, 2005) domain, and across species (Santolin & Saffran, 2017). 

 

1.1.2. Probabilistic learning and strategies 

Typically, regularities in the natural environment are probabilistic; for instance, 

combinations of sounds or syllables appear at different frequencies in the 

context of music or language. Statistical learning studies have focused on 

learning probabilistic sequences; that is, contextual transitions in a sequence are 

not fixed (i.e. deterministic) but occur at a certain probability. The probabilistic 

transitions in the sequences encourage implicit rather than explicit learning 

(Shanks, Wilkinson, & Channon, 2003; Stefaniak, Willems, Adam, & 

Meulemans, 2008) and learning of sequence statistics rather than rules 

(Cleeremans & Jimenez, 1998). However, amnesic patients showed impaired 
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learning on probabilistic but not on deterministic sequences (Vandenberghe, 

Schmidt, Fery, & Cleeremans, 2006); suggesting a potentially important role of 

hippocampus in probabilistic learning. 

 Previous work has highlighted the role of strategies in probabilistic 

learning (Erev & Barron, 2005; Shanks, Tunney, & McCarthy, 2002) and 

perceptual decision-making (Acerbi, Vijayakumar, & Wolpert, 2014; Eckstein 

et al., 2013; Murray, Patel, & Yee, 2015). Further, experience seems to shape 

the selection of decision strategies (Fulvio, Green, & Schrater, 2014; Newell & 

Rakow, 2007; Rieskamp & Otto, 2006) and there is evidence that strategies 

might change during the course of learning (Gluck, Shohamy, & Myers, 2002; 

Lagnado, Newell, Kahan, & Shanks, 2006). Specifically in probabilistic 

learning, observers are shown to either match their choices stochastically 

according to the underlying input statistics or maximise their success by 

selecting the most probable outcomes (James & Koehler, 2011; Koehler & 

James, 2009; Schulze, van Ravenzwaaij, & Newell, 2015; R. Wang, Shen, Tino, 

Welchman, & Kourtzi, 2017a; West & Stanovich, 2003). Further, the matching 

strategy has been associated with exploration and might be the optimal strategy 

in dynamic environments (Gaissmaier & Schooler, 2008; Herrnstein, 1961; 

Sugrue, Corrado, & Newsome, 2004), whereas maximisation has been 

associated with exploitation and might be the optimal strategy under risk or high 

uncertainty (Iigaya et al., 2017; Schulze et al., 2015). 

 

1.1.3. Neural substrates for probabilistic sequence learning 

In the seminal work by Knowlton and colleagues (Knowlton, Mangels, & 

Squire, 1996; Knowlton, Squire, & Gluck, 1994), they investigated probabilistic 

learning in amnesic and Parkinson patients by employing a weather prediction 

task. In particular, they asked participants to predict ―sun or rain‖ when 

presented with an array of one to four tarot cards; each of the combinations 

being assigned to a sunny vs. rainy weather with a certain probability. They 

found a dissociation between declarative (i.e. hippocampus) and non-declarative 

(i.e. striatum) memory systems and indicated the importance of the striatum in 
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probabilistic learning. Functional brain imaging (fMRI) studies in the same task 

suggested a competition between the two memory systems; hippocampus being 

more active in earlier stage of learning, whereas striatum in later stages 

(Poldrack et al., 2001; Poldrack & Packard, 2003). 

 Further imaging work highlighted the role of the striatum, the medial 

temporal lobe and the ventromedial prefrontal cortex in a range of learning 

tasks: motor sequence learning (Albouy et al., 2008; Firk et al., 2015; Gheysen, 

Van Opstal, Roggeman, Van Waelvelde, & Fias, 2011; Rauch et al., 1997; Rose, 

Haider, Salari, & Buchel, 2011; Schendan, Searl, Melrose, & Stern, 2003), 

visuospatial sequence learning (Rosenthal, Andrews, Antoniades, Kennard, & 

Soto, 2016; Stillman et al., 2013, 2016), probabilistic learning (Aizenstein et al., 

2004; Schapiro, Turk-Browne, Botvinick, & Norman, 2016; Turk-Browne, 

Scholl, Chun, & Johnson, 2009) and predictive associations (Hindy, Ng, & 

Turk-Browne, 2016; Hsieh, Gruber, Jenkins, & Ranganath, 2014; Schapiro, 

Kustner, & Turk-Browne, 2012; Schapiro, Rogers, Cordova, Turk-Browne, & 

Botvinick, 2013; Turk-Browne, Scholl, Johnson, & Chun, 2010; Weiermann & 

Meier, 2012). Accumulating evidence across sequence learning studies suggests 

that these brain areas (i.e. striatum, hippocampus and ventromedial prefrontal 

cortex) might not work independently but interact during learning (Foerde & 

Shohamy, 2011; Hancock, Richlan, & Hoeft, 2016). Therefore, this interaction 

suggests a potentially functional role of cortico-striatal circuits in implicit 

sequence learning, besides the established structural role of these circuits in this 

task (Antonenko et al., 2016; Antonenko, Meinzer, Lindenberg, Witte, & Flöel, 

2012; Bennett, Madden, Vaidya, Howard, & Howard, 2011; Flöel, de Vries, 

Scholz, Breitenstein, & Johansen-Berg, 2009; S. Song, Sharma, Buch, & Cohen, 

2012). However, most of the work to date focused on learning with trial-by-trial 

feedback and associated baseline measures of structural connectivity with task 

performance. 
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1.1.4. Cortico-striatal circuits 

Previous fMRI work has indicated that cortical and subcortical areas interact 

during sequence learning, suggesting that measures of functional and/or 

structural connectivity between these areas might provide valuable insight in 

understanding the brain mechanisms involved in such tasks. Such pathways 

between striatum (i.e. caudate nucleus and putamen) and cortex have been 

previously outlined in histological studies (Alexander, DeLong, & Strick, 1986; 

Lawrence, Sahakian, & Robbins, 1998; Carol A Seger, 2009). These pathways 

are formed by projections of the cortex to the striatum which projects to the 

thalamus and then back to the cortex forming a loop. In particular, Alexander 

and colleagues (Alexander et al., 1986) had initially proposed the existence of 

five cortico-striatal circuits, each one serving a distinct functionality. However, 

further studies have suggested slightly different segregations of the cortico-

striatal circuits. In the work presented in this thesis, I follow the segregation 

proposed by Seger (Carol A Seger, 2009): a) visual (cortex: temporal; striatum: 

body and tail of caudate), b) motor (cortex: supplementary motor area and 

primary motor; striatum: posterior putamen), c) motivational (cortex: 

ventromedial prefrontal and anterior cingulate; striatum: ventral striatum) and d) 

executive (cortex: dorsolateral prefrontal and parietal; striatum: head of caudate 

and anterior putamen) cortico-striatal circuits. 

 These four cortico-striatal circuits have been associated with distinct 

brain functions. In particular, the visual circuit has been associated with visual 

discrimination and categorisation learning. Further, areas within the visual 

circuit are involved in novelty seeking (M. X. Cohen, Schoene-Bake, Elger, & 

Weber, 2009), categorisation learning (Carol A. Seger & Cincotta, 2005), 

implicit sequence learning (Albouy et al., 2008; Gheysen et al., 2011; Rose et 

al., 2011; Rosenthal et al., 2016; Schendan et al., 2003; Stillman et al., 2013) 

and predictive associations (Hindy et al., 2016; Hsieh et al., 2014; Turk-Browne 

et al., 2010). The motor circuit has been implicated primarily in visuomotor and 

habitual learning (Balleine & O’Doherty, 2010; Daw, Niv, & Dayan, 2005; de 

Wit et al., 2012; Piray, Toni, & Cools, 2016; S. Song et al., 2012; Tricomi, 
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Balleine, & O’Doherty, 2009) and reflects stimulus-response associations 

(McNamee, Liljeholm, Zika, & O’Doherty, 2015). On the contrary, the 

motivational circuit is involved in goal-directed actions (Balleine & O‘Doherty, 

2010; de Wit et al., 2012; Glascher, Hampton, & O‘Doherty, 2009; Levy & 

Glimcher, 2012; Piray et al., 2016; Valentin, Dickinson, & O‘Doherty, 2007) 

and has shown sensitivity to feedback and reward (Beckmann, Johansen-Berg, 

& Rushworth, 2009; Kahnt, Grueschow, Speck, & Haynes, 2011; Kim & 

Hikosaka, 2015; Nastase, Iacovella, & Hasson, 2014; Carol A Seger, 2009). 

Lastly, the executive circuit has been involved in rule switching (Cools, Clark, 

& Robbins, 2004; Crone, Wendelken, Donohue, & Bunge, 2006; D’Ardenne et 

al., 2012; Ridderinkhof, Van Den Wildenberg, Segalowitz, & Carter, 2004; 

Vincent, Kahn, Snyder, Raichle, & Buckner, 2008), attention (Corbetta & 

Shulman, 2002; Simon, Mangin, Cohen, Le Bihan, & Dehaene, 2002), 

categorisation learning (Carol A. Seger et al., 2000; Carol A. Seger & Cincotta, 

2005) and implicit sequence learning (S. Song et al., 2012). However, we know 

surprisingly little about plasticity in the cortico-striatal circuits when learning 

temporal structures without trial-by-trial feedback. 

 

1.2. Methodological background 

1.2.1. Diffusion Tensor Imaging for measuring structural brain plasticity 

So far, previous imaging work has investigated the role of the cortico-striatal 

circuits in learning by either acquiring fMRI data in humans or anatomical ex-

vivo studies in animals (primarily in rodents and primates). However, recent 

advancements on imaging made it possible to acquire in-vivo structural 

measures in humans. In particular, Diffusion Tensor Imaging (DTI) captures the 

water molecule diffusion in the brain in certain gradient directions. Acquiring 

data in multiple gradients allows reconstructing the white-matter (WM) of the 

brain, as water molecules diffusion is hindered by the physical boundaries of the 

fibre bundles formed by the myelin sheaths (Basser & Pierpaoli, 1996). In 

contrast, water molecules have an isotropic diffusion (i.e. Brownian motion) in 

cerebrospinal fluid (CSF) and grey-matter (GM), as they can diffuse to any 
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direction. This contrast between WM and GM allows modelling the diffusion as 

an ellipsoid and subsequently quantify the local WM integrity (Le Bihan et al., 

2001) or long-distance structural connectivity (Basser, Pajevic, Pierpaoli, Duda, 

& Aldroubi, 2000; Lazar, 2010). 

 White-matter has been shown to change with training, aging or disease 

(Concha, 2014) and this structural plasticity –as measured by DTI– has been 

associated to a range of neurobiological mechanisms; such as axon myelination, 

fibre reorganisation, angiogenesis and more (Sampaio-Baptista & Johansen-

Berg, 2017; Zatorre, Fields, & Johansen-Berg, 2012). Further, learning-

dependent changes in WM integrity has been shown to relate to behavioural 

performance in a range of motor tasks –such as juggling (Scholz, Klein, 

Behrens, & Johansen-Berg, 2009), reaching (Sampaio-Baptista et al., 2013) and 

balancing (Prosperini et al., 2014; Taubert et al., 2010)– as well as in cognitive 

tasks –such as working memory (Darki & Klingberg, 2015; Takeuchi et al., 

2010), spatial navigation (Hofstetter, Tavor, Tzur-Moryosef, & Assaf, 2013; 

Sagi et al., 2012), language (Hofstetter, Friedmann, & Assaf, 2016; Schlegel, 

Rudelson, & Tse, 2012), reasoning training (Allyson P. Mackey, Whitaker, & 

Bunge, 2012), memory training (Engvig et al., 2012), object-location learning 

(Antonenko et al., 2016), implicit sequence learning (Bennett et al., 2011; S. 

Song et al., 2012) and artificial grammar learning (Antonenko et al., 2012; Flöel 

et al., 2009). In addition, long-distance structural connectivity as measured by 

DTI tractography methods has been also related to individual behaviour and 

underlying microstructure (Concha, 2014; Martijn P. van den Heuvel et al., 

2015; Martijn P. van den Heuvel, Scholtens, de Reus, & Kahn, 2016). In 

particular, structural connectivity has been related to behaviour in the context of 

decision making (M. X. Cohen, Elger, & Weber, 2008), novelty-seeking vs. 

reward-based behaviour (M. X. Cohen et al., 2009; Lei et al., 2014), habitual vs. 

goal-directed learning (de Wit et al., 2012; Piray et al., 2016), impulsivity vs. 

patience (van den Bos, Rodriguez, Schweitzer, & McClure, 2014), 

reinforcement learning (van de Vijver et al., 2016) and multisensory processing 
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(van den Brink et al., 2014). Considering findings across studies, DTI is a useful 

tool to measure structural plasticity in learning. 

 

1.2.2. Resting-state fMRI for measuring plasticity in functional connectivity 

As discussed earlier (see 1.1.3), brain activity as measured by fMRI during task 

has been associated with individual behaviour in a range of tasks. However, 

even in the absence of task, it has been shown that the brain exerts low 

frequency fluctuations (lower than 0.1 Hz) (Biswal, Yetkin, Haughton, & Hyde, 

1995) and this spontaneous activity has been consistently identified across 

studies and is known to be organised in functional brain networks (Damoiseaux 

et al., 2006; Fox & Raichle, 2007). Further research has shown that spontaneous 

brain activity predicts individual variability in a range of cognitive functions 

(Vaidya & Gordon, 2013): working memory (Hampson, Driesen, Skudlarski, 

Gore, & Constable, 2006), salience processing and executive control (Seeley et 

al., 2007), intelligence (M. Song et al., 2008), semantic processing (Wei et al., 

2012), perceptual learning (Baldassarre et al., 2012), artificial grammar learning 

(Antonenko et al., 2012), probabilistic sequence learning (Stillman et al., 2013) 

and learning  transfer (Gerraty, Davidow, Wimmer, Kahn, & Shohamy, 2014). 

Considering findings across studies, brain measures at rest may explain 

individual behaviour (Buchel, Coull, & Friston, 1999; Deco & Corbetta, 2011; 

Karl J Friston, 2011) and predict brain activity during task (M. W. Cole, Ito, 

Bassett, & Schultz, 2016; Tavor et al., 2016). 

 Accumulating evidence across studies suggests that functional 

connectivity at rest shows learning-dependent changes with training (Harmelech 

& Malach, 2013; Powers, Hevey, & Wallace, 2012; W. D. Stevens, Buckner, & 

Schacter, 2010; Takeuchi et al., 2013) and this functional plasticity correlates 

with behaviour in a range of tasks (Guerra-Carrillo, Mackey, & Bunge, 2014; 

Harmelech & Malach, 2013; Kelly & Castellanos, 2014). For example, changes 

in extrinsic functional connectivity correlate with accuracy in a perceptual 

learning task (Guidotti, Del Gratta, Baldassarre, Romani, & Corbetta, 2015; 

Lewis, Baldassarre, Committeri, Romani, & Corbetta, 2009) or changes in 
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intrinsic connectivity correlate with post-training performance in an auditory 

prediction task (Ventura-Campos et al., 2013). Additional studies have shown 

correlations of functional plasticity with behaviour in motor learning (Albert, 

Robertson, & Miall, 2009; Ma, Narayana, Robin, Fox, & Xiong, 2011; Sami & 

Miall, 2013; Taubert, Lohmann, Margulies, Villringer, & Ragert, 2011; Vahdat, 

Darainy, Milner, & Ostry, 2011; Yoo, Sohn, & Jeong, 2013), semantic matching 

(Z. Wang et al., 2012), associative memory (Tambini, Ketz, & Davachi, 2010), 

spatial navigation (Wegman & Janzen, 2011), reasoning training (A. P. Mackey, 

Miller Singley, & Bunge, 2013) and language learning (Veroude, Norris, 

Shumskaya, Gullberg, & Indefrey, 2010; Waites, Stanislavsky, Abbott, & 

Jackson, 2005); suggesting that rs-fMRI measures can capture learning-

dependent plasticity after training. 

 

1.2.3. Graph theory for combining imaging modalities 

Recent work has provided converging evidence that brain activity at rest, as 

measured by resting-state fMRI (rs-fMRI), is closely related to the underlying 

anatomical structure as measured by DTI (Hermundstad et al., 2013; Horn, 

Ostwald, Reisert, & Blankenburg, 2014; Koch et al., 2010; Skudlarski et al., 

2008; Martijn P. van den Heuvel & Hulshoff Pol, 2010). Thus, it should be 

expected to observe similarities between DTI and rs-fMRI findings in a task. 

Earlier work in the field focused on independent data analysis for each imaging 

modality and “combined” the findings by discussing their similarities 

(Antonenko et al., 2012; De Schotten, Urbanski, Valabregue, Bayle, & Volle, 

2014; Greicius, Supekar, Menon, & Dougherty, 2009; Mars et al., 2011; 

Rykhlevskaia, Gratton, & Fabiani, 2008). However, this approach is only 

observational and does not provide a statistical framework to combine data from 

multiple modalities. Therefore, more sophisticated methods for data fusion have 

emerged that rely on joint analysis or joint modelling (Calhoun, Liu, & Adali, 

2009; Franco et al., 2008; Krishnan, Williams, McIntosh, & Abdi, 2011; Sui, 

Adali, Yu, Chen, & Calhoun, 2012; Zhu et al., 2014). 
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 To fuse data from different modalities, the first step is to put them in a 

common framework. Initially applied to social sciences, graph theory has 

gradually attracted more attention in brain network analysis as a method that 

provides this framework (Danielle S Bassett & Sporns, 2017; Timothy E J 

Behrens & Sporns, 2012; Bullmore & Bassett, 2011; Bullmore & Sporns, 2009). 

In brief, graph theory analysis decomposes a whole-brain network into a set of 

nodes and edges; the nodes of the graph representing anatomical or functional 

brain regions and the edges the structural or functional connectivity between 

them (Butts, 2009; Fornito, Zalesky, & Breakspear, 2013). Once the structure of 

a graph is defined, the behaviour of the whole network (i.e. global) or of a 

particular node (i.e. local or nodal) can be studied. It has been shown that brain 

networks usually exhibit an economic behaviour; maximising the 

communication with nearby nodes and minimising the cost of long-distance 

connections, thus resembling a small-world topology (Latora & Marchiori, 

2001; Watts & Strogatz, 1998). The increased interest in graph analysis has 

resulted in formulating a variety of global and local metrics that describe the 

network structure (Rubinov & Sporns, 2010) and could relate to learning and 

brain plasticity (Heitger et al., 2012; Mrazek, Mooneyham, Mrazek, & Schooler, 

2016; Polanía, Paulus, Antal, & Nitsche, 2011; Román et al., 2017). 

 Finally, measures of structural and functional connectivity may be 

combined in a multivariate statistical analysis (Krishnan et al., 2011; Sui et al., 

2012) or in a multiplex brain network (Battiston, Iacovacci, Nicosia, Bianconi, 

& Latora, 2016; Battiston, Nicosia, & Latora, 2014; Battiston, Nicosia, Chavez, 

& Latora, 2017; Battiston, Nicosia, & Latora, 2017; Kivelä et al., 2014; Nicosia 

& Latora, 2015). As measures extracted from multiplex networks do not allow 

discerning the contribution of each imaging modality, in this work I will follow 

a multivariate statistical approach: partial least squares regression (PLS 

regression). PLS regression applies a PCA-like decomposition on a set of 

predictors (e.g. graph metrics) and creates orthogonal latent variables that 

maximise the covariance with the response variables (e.g. behavioural 

measures) (Abdi, 2010; Krishnan et al., 2011; McIntosh, Chau, & Protzner, 
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2004; McIntosh & Lobaugh, 2004; Rosipal & Kramer, 2006). Thus, PLS 

regression can be applied in conjunction with graph theory analysis to combine 

multiple imaging modalities and identify neuronal predictors of individual 

behaviour. 

 

1.3. Thesis structure 

Previous work has highlighted the importance of statistical learning in acquiring 

new skills (e.g. language, music) throughout the lifespan. However, we know 

surprisingly little about the brain mechanisms that mediate our ability to learn 

such temporal or spatial regularities without trial-by-trial feedback. Here, I 

designed a study to measure DTI structural connectivity and rs-fMRI functional 

connectivity before and after training, while tracking participant performance 

during training on a task that entails extracting temporal structure from 

probabilistic sequences. 

 In Chapter 2, I describe the experimental paradigm, the data acquisition 

scheme and the behavioural analysis and results. In Chapter 3, I analyse the DTI 

data before and after training to investigate structural plasticity within the 

cortico-striatal circuits and how it relates to individual behaviour. In Chapter 4, I 

follow a similar approach to investigate functional plasticity at rest within and 

between these circuits to explain behaviour. In Chapter 5, I apply graph theory 

analysis and PLS regression for data fusion from the two imaging modalities 

and identify key predictors of individual behaviour. Finally, in Chapter 6, I 

conclude the findings and discuss how they advance our understanding of the 

brain circuits involved in statistical learning and potential translational 

applications. 
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2. Experimental paradigm and 

behavioural results 

In this chapter, I present the experimental paradigm and behavioural results. We 

generated temporal sequences based on Markov models. To simulate event 

structures in the natural environment that typically contain regularities at 

different scales, from simple repetition to probabilistic combinations, we 

exposed participants to sequences of unfamiliar symbols and varied the 

sequence structure unbeknownst to the participants by increasing the context 

length. We presented participants first with sequences determined by frequency 

statistics (i.e. occurrence probability per symbol; 0th-order Markov sequences), 

followed by sequences determined by context-based statistics that increased in 

context length (i.e. the probability of a given symbol appearing depends on the n 

preceding symbols; 1st-order and 2nd-order Markov sequences). Participants 

performed a prediction task, indicating which symbol they expected to appear 

next in the sequence. Following previous statistical learning paradigms, 

participants were exposed to the sequences without trial-by-trial feedback. We 

trained participants at each sequence-order for 3 to 5 sessions on consecutive 

days until they reached plateau performance. We quantified improvement in the 

task as performance after vs. before training, where participants were tested with 

structured sequences intermixed with random sequences. Moreover, we 

modelled and tracked participant responses during training and extracted 

individual decision strategies across time (R. Wang et al., 2017a), as strategies 

have been shown to capture both learning dynamics and individual differences 

(Siegelman et al., 2017). 

 Further, we collected DTI and rs-fMRI data before and after training on 

structured sequences and measured plasticity in structural and functional 

connectivity. We selected these imaging techniques for our study as they have 

been extensively used to measure learning-dependent plasticity and well-
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characterise the brain organisation at rest (Skudlarski et al., 2008). In particular, 

we sought to investigate plasticity within known cortico-striatal circuits 

(Alexander et al., 1986; Lawrence et al., 1998; Carol A Seger, 2009), as these 

circuits have been shown to play an important role in implicit sequence learning. 

Yet, their role in statistical learning without explicit feedback remains largely 

unknown. In addition, we sought to relate these measures of imaging plasticity 

(DTI, rs-fMRI) to individual variability in behaviour (i.e. decision strategy). 

 Finally, to test for training-specific changes in behaviour and brain 

connectivity that could not be simply due to repeated exposure to the sequences 

before and after training, we conducted a no-training control experiment. That 

is, participants took part in two imaging and two test sessions but they did not 

receive training between sessions. The imaging acquisitions and the period 

between sessions were matched to the training group (training group: 23.3 ±2.5 

days; no-training control group: 26.1 ±5.2 days). 
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2.1. Experimental paradigm 

2.1.1. Observers 

Forty-four healthy volunteers (15 female, 29 male) participated in the 

experiment; half participated in the training group and the rest in the no-training 

control group. The data from one participant per group were excluded from the 

study due to excessive head movement, resulting in twenty-one participants per 

group (training group: mean age 21.56 years, standard deviation 1.84 years; no-

training group: mean age 25.53 years, standard deviation 2.60 years). All 

participants were naive to the study, had normal or corrected-to-normal vision 

and signed an informed consent. The training experiment was conducted in the 

School of Psychology, Birmingham and was approved by the University of 

Birmingham Ethics Committee. The no-training control experiment was 

conducted in the Department of Psychology, Cambridge and was approved by 

the University of Cambridge Ethics Committee. We sampled from each 

population using the same advertising procedure and selection criteria (as 

approved by ethics), making it unlikely that our results were confounded by not 

fully randomising across the whole sample (i.e. participants in the training and 

no-training control groups). 

 

2.1.2. Stimuli 

Stimuli comprised four symbols chosen from Ndjuká syllabary (Figure 2.1a). 

These symbols were highly discriminable from each other and were unfamiliar 

to the participants. Each symbol subtended 8.5
o
 of visual angle and was 

presented in black on a mid-grey background. Experiments were controlled 

using Matlab and the Psychophysics toolbox 3 (Brainard, 1997; Pelli, 1997). For 

the behavioural training sessions, stimuli were presented on a 21-inch CRT 

monitor (ViewSonic P225f 1280 x 1024 pixel, 85 Hz frame rate) at a distance of 

45 cm. For the test sessions, stimuli were presented using a projector and a 

mirror set-up in an MRI scanner (1280 x 1024 pixel, 60 Hz frame rate) at a 

viewing distance of 67.5 cm. The physical size of the stimuli was adjusted so 

that the angular size was constant during training and test sessions. 
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2.1.3. Sequence design 

We generated probabilistic sequences by using a temporal Markov model and 

varying the memory length (i.e. context length) of the sequence, following our 

previous work (R. Wang et al., 2017a). The model consists of a series of 

symbols, where the symbol at time i is determined probabilistically by the 

previous ‗k‘ symbols. We refer to the symbol presented at time i, s(i), as the 

target and to the preceding k-tuple of symbols (s(i-1), s(i-2), … , s(i-k)) as the 

context. The value of ‗k‘ is the order or level of the sequence: 

P (s(i) | s(i-1), s(i-2), … , s(1)) = P (s(i) | s(i-1), s(i-2), … , s(i-k)), k<i 

 In our study, we used three levels of memory length; for k=0,1,2. The 

simplest k=0
th

 order model is a memory-less source. This generates, at each 

time step i, a symbol according to symbol probability P(s), without taking into 

account the context (i.e. previously generated symbols). The order k=1 Markov 

model generates symbol s(i) at each time i conditional on the previously 

generated symbol s(i-1). This introduces a memory in the sequence; i.e. the 

probability of a particular symbol at time i strongly depends on the preceding 

symbol s(i-1). Unconditional symbol probabilities P(s(i)) for the case k=0 are 

now replaced with conditional ones, P(s(i)|s(i-1)). Similarly, an order k=2 

Markov model generates a symbol s(i) at each time i conditional on the two 

previously generated symbols s(i-1), s(i-2): P(s(i)|s(i-1),s(i-2)). 

 At each time the symbol that follows a given context is determined 

probabilistically, thus generating stochastic Markov sequences. The underlying 

Markov model can be represented through the associated context-conditional 

target probabilities. We used 4 symbols that we refer to as items A, B, C and D. 

The correspondence between items and symbols was counterbalanced across 

participants. Note, that we designed the stochastic sources from which the 

sequences were generated so that the memory-conditional uncertainty remains 

the same across levels. In particular, for the zero-order source, only two symbols 

are likely to occur most of the time; the remaining two symbols have very low 

probability (0.05); this is introduced to ensure that there is no difference in the 

number of symbols across levels. Of the two dominant symbols, one is more 
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probable (probability 0.72) than the other (probability 0.18). This structure is 

preserved in Markov chain of order 1 and 2, where conditional on the previous 

symbols, only two symbols are allowed to follow, one with higher probability 

(0.80) than the other (0.20). This ensures that the structure of the generated 

sequences across levels differs mainly in the memory length (i.e. context length) 

rather than the context-conditional probabilities. 

 In particular, for level-0, the Markov model was based on the probability 

of symbol occurrence: one symbol had a high probability of occurrence, one low 

probability, while the remaining two symbols appeared rarely (Figure 2.1b). 

For example, the probabilities of occurrence for the four symbols A, B, C and D 

were 0.18, 0.72, 0.05 and 0.05, respectively. Presentation of a given symbol was 

independent of the items that preceded it. For level-1 and level-2, the target 

depended on one or two immediately preceding items, respectively (Figure 

2.1b). Given a context, only one of two targets could follow; one had a high 

probability of being presented and the other a low probability (e.g., 80% vs. 

20%). For example, when Symbol A was presented, only symbols B or C were 

allowed to follow, and B had a higher probability of occurrence than C. 
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Figure 2.1: Trial and sequence design. (a) The trial design: 8-14 symbols were presented 

sequentially followed by a cue and the test display. (b) Sequence design: Markov models of the 

three context-length levels. For the zero-order model (level-0): different states (A, B, C, D) are 

assigned to four symbols with different probabilities. For first- (level-1) and second- (level-2) 

order models, diagrams indicate states (circles) and conditional probabilities (solid arrow: high 

probability; dashed arrow: low probability). Transitional probabilities are shown in a four-by-

four (level-1) or four-by-six (level-2) conditional probability matrix, where rows indicate the 

temporal context and columns the corresponding target. 
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2.1.4. Procedure 

We tested learning of temporal structures starting with sequences determined by 

frequency statistics (level-0) and continuing with sequences defined by context-

based statistics (level-1 and level-2). Participants were initially familiarised with 

the task through a brief practice session (8 minutes) with random sequences (i.e. 

all four symbols were presented with equal probability 25% in a random order). 

Following this, participants took part in multiple behavioural training and test 

sessions that were conducted on different days. In addition, they participated in 

two brain imaging sessions, one before the first training session and one after 

the last training session. Participants were trained with structured sequences and 

tested with both structured and random sequences to ensure that training was 

specific to the trained sequences. 

 In the first test session (Pre), participants were presented with zero-, 

first- and second-order sequences and random sequences. Participants were then 

trained with zero-order sequences and subsequently with first-order and variable 

(first and second)-order sequences (Figure 2.2). For each level, participants 

completed a minimum of 3 and a maximum of 5 training sessions (840-1400 

trials). Training at each level ended when participants reached plateau 

performance (i.e. performance did not change significantly for two sessions). A 

post-training test session (Post) followed training per level (i.e. on the following 

day after completion of training) during which participants were presented with 

structured sequences determined by the statistics of the trained level and random 

sequences (90 trials each). The mean time interval (±standard deviation) 

between the pre-training and the post-training test sessions was 23.3 (±2.5) days. 

 

 

Figure 2.2: Experimental procedure. Timeline of the imaging and behavioural sessions in the 

study. Training involved 3 to 5 sessions for each level. MRI scans and behavioural test sessions 

were completed on a single day. 
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2.1.5. Psychophysical training 

Each training session comprised five blocks of structured sequences (56 trials 

per block) and lasted one hour. To ensure that sequences in each block were 

representative of the Markov model order per level, we generated 10,000 

Markov sequences per level comprising 672 items per sequence. To quantify 

how close the generated sequence was to the ideal Markov model, we estimated 

the Kullback-Leibler divergence (KL divergence) as follows: 

   ∑          

      

   (
         

         
)   

for the level-0 model, and 

   ∑           

       

∑                       (
                 

                 
)

      

 

for the level-1 and level-2 models, where P( ) refers to probabilities or 

conditional probabilities derived from the presented sequence and Q( ) refers to 

those specified by the ideal Markov model. KL divergence is a standard 

measure of distance between distributions and values close to 0 indicate small 

differences between the distributions. We selected fifty sequences with the 

lowest KL divergence (i.e. these sequences matched closely the Markov model 

per level). The sequences presented to the participants during the experiments 

were selected randomly from this sequence set. 

 For each trial, a sequence of 8-14 symbols appeared in the centre of the 

screen, one at a time in a continuous stream, each for 300ms followed by a 

central white fixation dot (ISI) for 500ms (Figure 2.1a). This variable trial 

length ensured that participants maintained attention during the whole trial. 

Each block comprised equal number of trials with the same number of items. 

The end of each trial was indicated by a red dot cue that was presented for 

500ms. Following this, all four symbols were shown in a 2x2 grid. The positions 

of test stimuli were randomised from trial to trial. Participants were asked to 

indicate which symbol they expected to appear following the preceding 

sequence by pressing a key corresponding to the location of the predicted 

symbol. Participants learned a stimulus-key mapping during the familiarisation 
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phase: key ‗8‘, ‗9‘, ‗5‘ and ‗6‘ in the number pad corresponded to the four 

positions of the test stimuli —upper left, upper right, lower left and lower right, 

respectively. After the participant‘s response, a white circle appeared on the 

selected item for 300ms to indicate the participant‘s choice, followed by a 

fixation dot for 150ms (ITI) before the start of the next trial. If no response was 

made within 2s, a null response was recorded and the next trial started. 

Participants were given feedback (i.e. score in the form of Performance Index, 

see 2.2.1) at the end of each block, rather than per-trial error feedback, which 

motivated them to continue with training. 

 

2.1.6. Test sessions 

The pre-training test session included nine runs (i.e. three runs per level), the 

order of which was randomised across participants. Test sessions after training 

per level included nine runs of structured sequences determined by the same 

statistics as the corresponding trained level and random sequences. Each run 

comprised five blocks of structured and five blocks of random sequences 

presented in a random counterbalanced order (2 trials per block; a total of 10 

structured and 10 random trials per run), with an additional two 16s fixation 

blocks, one at the beginning and one at the end of each run. Each trial comprised 

a sequence of 10 stimuli which were presented for 250ms each, separated by a 

blank interval during which a white fixation dot was presented for 250ms. 

Following the sequence, a response cue (central red dot) appeared on the screen 

for 4s before the test display (comprising four test stimuli) appeared for 1.5s. 

Participants were asked to indicate which symbol they expected to appear 

following the preceding sequence by pressing a key corresponding to the 

location of the predicted symbol. A white fixation was then presented for 5.5s 

before the start of the next trial. In contrast to the training sessions, no feedback 

was given during test. 
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2.2. Behavioural analysis and results 

2.2.1. Performance index 

To quantify the ability of the participants to perform the prediction task (i.e. 

predict the target following a sequence of symbols), we assessed participant 

responses in a probabilistic manner. We computed a performance index per 

context that quantifies the minimum overlap (min: minimum) between the 

distribution of participant responses and the distribution of presented targets 

estimated across 56 trials per block by: 

PI(context) = ∑ min (Presp(st|contextt), Ppres(st|contextt)) 

where t is the trial index and the target s is from the symbol set A, B, C and D. 

 The overall performance index (PI) is then computed as the average of 

the performance indices across contexts, PI(context), weighted by the 

corresponding context probabilities: 

PI = ∑ PI(context) · P(context) 

 Therefore, PI measures how closely the probability distribution of the 

participant responses matches the probability distribution of the presented 

symbols. This is preferable to a simple measure of accuracy because the 

probabilistic nature of the sequences means that the ‗correct‘ upcoming symbol 

is not uniquely specified; thus, designating a particular choice as correct or 

incorrect is often arbitrary. To compare across different levels, we defined a 

normalised PI measure that quantifies relative participant performance above 

random guessing. We computed a random guess baseline; i.e. performance 

index PIrand that reflects participant responses to targets with a) equal probability 

of 25% for each target per trial for level-0 (PIrand = 0.53); b) equal probability 

for each target for a given context for level-1 (PIrand = 0.45) and level-2 (PIrand = 

0.44). To correct for differences in random-guess baselines across levels, we 

subtracted the random guess baseline from the performance index (PInormalised = 

PI − PIrand). 

 Comparing normalised performance (i.e. after subtracting performance 

based on random guessing) before and after training per level (Figure 2.3a) 

showed that participants improved substantially in learning probabilistic 
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structures. A two-way repeated measures ANOVA with Session (Pre, Post) and 

Level (level-0, level-1, level-2) showed a significant main effect of Session 

(F(1,20)=117.9, p<0.001) and Level (F(2,40)=17.9, p<0.001), but no significant 

interaction between Session and Level (F(1.44,28.71)=2.7, p=0.098, 

Greenhouse-Geisser corrected) suggesting enhanced performance after training 

and similar behavioural improvement across levels. 

 To test whether the behavioural improvement we observed was specific 

to training, we conducted a no-training control experiment. Participants in the 

no-training control group were tested with structured sequences in two sessions 

but they did not receive training in between sessions (the period between test 

sessions was similar for the training (23.3 ±2.5 days) and the no-training control 

(26.1 ±5.2 days) experiments). Our behavioural results for the control group 

(Figure 2.3b) showed a significant main effect of Level (F(2,40)=14.2, 

p<0.001), but no significant main effect of Session (F(1,20)=0.1, p=0.740) nor a 

significant interaction between Session and Level (F(1.33,26.56)=0.2, p=0.695, 

Greenhouse-Geisser corrected). Comparing performance between the two 

groups showed a significant main effect of Group (F(1,40)=39.0, p<0.001) and a 

significant interaction between Group and Session (F(1,20)=73.0, p<0.001), 

indicating that behavioural improvement was specific to trained sequences 

rather than the result of repeated exposure during the pre- and post-training 

sessions. Finally, comparing pre-training behavioural performance between 

groups showed no significant main effect of Group (F(1,40)=0.1, p=0.739) nor a 

significant interaction between Level and Group (F(1.43,57.36)=1.0, p=0.355, 

Greenhouse-Geisser corrected), suggesting that our results are unlikely to be 

confounded by differences in pre-training performance. 
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Figure 2.3: Behavioural performance across levels. Mean normalised performance index (PI) 

across participants per level during the pre-training (grey bars) and post-training (black bars) test 

sessions for: (a) the training group, (b) the no-training control group. Error bars indicate 

standard error of the mean across participants. 

 

2.2.2. Strategy index: matching vs. maximisation 

Previous work (Acerbi et al., 2014; Eckstein et al., 2013; Erev & Barron, 2005; 

Murray et al., 2015; Shanks et al., 2002; Wozny, Beierholm, & Shams, 2010) on 

perceptual decision making and probabilistic learning has proposed that 

individuals use two possible decision strategies when making a choice: 

matching vs. maximisation. In the context of our task, as the Markov models 

that generated stimulus sequences were stochastic, participants needed to learn 

the probabilities of different outcomes to succeed in the prediction task. It is 
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possible that participants used probability maximisation whereby they always 

select the most probable outcome in a particular context. Alternatively, 

participants might learn the relative probabilities of each symbol (e.g. 

p(A)=0.18; p(B)=0.72; p(C)=0.05; p(D)=0.05) and respond so as to reproduce 

this distribution, a strategy referred to as probability matching. 

 To quantify each participant‘s strategy, we compared individual 

participant response distributions (response-based model) to two baseline 

models: (i) a probability matching model, where probabilistic distributions are 

derived from the Markov models that generated the presented sequences 

(Model-matching), and (ii) a probability maximisation model, where only the 

most likely outcomes are allowed for each context (Model-maximisation). 

Examples of participant response distributions for level-1 sequence are shown in 

Figure 2.4. 

 We used KL divergence to quantify how close the response distribution 

is to matching and maximisation distributions. KL divergence close to 0 

indicates small difference between the distributions. KL is defined as follows: 

   ∑              (
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for the level-0 model, and 

   ∑           

       

∑                       (
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for the level-1 and level-2 models, where R( ) and M( ) denote the probability 

distribution or conditional probability distribution derived from the human 

responses and the models (i.e. probability matching or maximisation) 

respectively, across all the conditions. 

 We quantified the difference between the KL divergence from the 

response-based model to Model-matching and the KL divergence from the 

response-based model to Model-maximisation. We refer to this quantity as 

strategy choice indicated by ∆KL(Model-maximisation, Model-matching). The 

individual strategy choice across blocks against with the model-matching and 

model-maximisation curves for each level are shown in Figure 2.5. 
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Figure 2.4: Examples of participant responses for level-1 sequences. Response tables for 

model-matching (Table A), model-maximisation (Table B), random (i.e. equal responses to all 

context-target contingencies; Table C), under-matching (i.e. responses between random and 

model-matching; Table D) and over-matching responses (i.e. responses between model-

matching and model-maximisation; Table E) are shown. Values indicate proportion of responses 

per target for a given context. 

 

 We then calculated the integral of each participant‘s strategy curve 

across trials and subtracting it from the integral of the exact matching curve 

across trials, as defined by Model-matching. We defined the integral curve 

difference (ICD) between individual strategy and exact matching as the 

individual strategy index, which indicates each participant‘s preference (on a 

continuous scale) for responding using probability matching vs. maximisation. 

That is, strategy index close to zero (positive or negative) indicates a strategy 

closer to matching, while higher positive values indicate deviation from 

matching towards maximisation (Figure 2.6).  
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Figure 2.5: Participant 

strategy during training for 

each sequence level. 

Individual participant‘s strategy 

is plotted across training blocks 

for each participant against the 

two reference models (solid 

black line: model-matching; 

dashed black line: model-

maximisation). We computed 

the strategy index as the 

integral between the 

participant‘s strategy and the 

model-matching across blocks. 

Participant strategy close to the 

model-matching curve 

indicates strategy index close to 

0 and preference for matching, 

whereas participant strategy 

further away from the model-

matching towards the model-

maximisation curve indicates 

positive strategy index away 

from 0 and preference for 

maximisation strategy.  
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 Comparing individual strategy across levels showed a significant main 

effect of Level (F(1.44,28.79)=8.0, p=0.004, Greenhouse-Geisser corrected) 

suggesting that participants‘ strategy shifted closer to maximisation for higher-

order sequences. In particular, strategy index was higher for level-2 compared to 

level-0 (t(19)=3.6, p=0.002), but not for level-2 compared to level-1 (t(19)=1.9, 

p=0.066). Further, the strategy index was highly correlated between level-1 and 

level-2 (r=0.72, p<0.001). We therefore calculated a mean strategy index for 

context-based statistics by averaging the values for level-1 and level-2. This 

mean strategy index for context-based statistics was significantly higher than the 

strategy index for frequency statistics (level-0) (t(19)=2.8, p=0.012). These 

findings suggest that participants adopted a strategy closer to maximisation 

when learning context-based rather than frequency statistics. 

 

 

Figure 2.6: Variability in decision strategy across levels. Strategy index boxplots for level-0, 

level-1 and level-2 indicate individual variability for the training group. The upper and lower 

error bars display the minimum and maximum data values and the central boxes represent the 

interquartile range (25th to 75th percentiles). The thick line in the central boxes represents the 

median. Open circles denote outliers. 
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2.2.3. Learning rate 

Previous work investigating learning of sequential contingencies in the context 

of a serial reaction time task suggests that dissociable brain circuits relate to 

distinct error-driven processes of learning and operate at different learning rates 

(Bornstein & Daw, 2012). Further, there is accumulating evidence for 

interactions between learning and individual decision strategy (Fulvio et al., 

2014; Rieskamp & Otto, 2006). Therefore, following participant responses 

during training, we computed learning rate as the slope of a sigmoid curve 

tracking the mixture coefficient of the correct context length (R. Wang et al., 

2017a), per sequence order. 

 Correlating individual strategy index with learning rate showed 

significant positive correlations (bootstrapped Pearson) for learning frequency 

and context-based statistics (level-0: r=0.41, CI=[0.01, 0.81]; level-1: r=0.56, 

CI=[0.25, 0.76]; level-2: r=0.59, CI=[0.03, 0.90]) (Figure 2.7). These results 

suggest that faster learners adopted a strategy closer to maximisation; that is, 

faster learning of context-target contingencies relates to selecting the most 

probable outcome rather than memorising all presented contingencies. 

 

 

Figure 2.7: Learning rate related to strategy index. Bootstrapped Pearson correlation of 

strategy index with learning rate for each sequence level (level-0: r=0.41, CI=[0.01, 0.81]; level-

1: r=0.56, CI=[0.25, 0.76]; level-2: r=0.59, CI=[0.03, 0.90]). 
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3. Diffusion Tensor Imaging for 

measuring plasticity in 

statistical learning 

3.1. Introduction 

In Chapter 2, I have shown that individuals adapt to the environment‘s statistics; 

that is, they are able to extract predictive structures that change over time. 

Further, I showed that individual learning of structures relates to decision 

strategy. In particular, learning context-based statistics relates to selecting the 

most probable outcomes in a given context (i.e. maximising) rather than 

matching the exact sequence statistics. Despite the fundamental importance of 

statistical learning for making perceptual decisions, we know surprisingly little 

about the brain pathways that support individual ability and strategies for 

learning temporal structures without explicit feedback. 

 Here, we combine behavioural measurements and multi-session 

Diffusion Tensor Imaging (DTI) to investigate the structural (i.e. white-matter) 

pathways that engage in statistical learning of temporal structures. Recent 

advances in DTI allow us to reliably measure brain connectivity as indexed by 

local water molecule diffusion (Basser & Pierpaoli, 1996; Le Bihan et al., 2001) 

or long-distance brain connections (Basser et al., 2000). DTI work provides 

accumulating evidence for learning-dependent changes in white-matter 

connectivity (Sampaio-Baptista & Johansen-Berg, 2017; Zatorre et al., 2012) 

due to training in a range of tasks including motor learning (Sampaio-Baptista et 

al., 2013; Scholz et al., 2009; Taubert et al., 2010), spatial navigation (Hofstetter 

et al., 2013; Sagi et al., 2012), working memory (Takeuchi et al., 2010), 

artificial grammar learning (Flöel et al., 2009) and language (Hofstetter et al., 

2016; Schlegel et al., 2012). Here, we ask whether mere exposure to streams of 

information (i.e. without trial-by-trial feedback) changes white-matter 
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connectivity in pathways that support our ability to extract statistical 

regularities. Further, we test whether these learning-dependent changes in white-

matter connectivity relate to individual decision strategies when learning 

temporal structures. 

 Our DTI results demonstrate that individual strategies for learning 

behaviourally-relevant statistics engage distinct cortico-striatal circuits. In 

particular, learning-dependent changes in white-matter connectivity relate to 

individual variability in decision strategy: matching relates to connectivity 

changes between caudate and hippocampus, while maximising relates to 

connectivity changes between prefrontal, cingulate and basal ganglia (caudate, 

putamen). Moreover, we tested a no-training control group and showed that 

there were no behavioural or white-matter connectivity changes in the absence 

of training, suggesting that the results we observed in the training group could 

not be simply due to repeated exposure to the sequences before and after 

training. Thus, our findings provide evidence for learning-dependent changes of 

white-matter connectivity in distinct cortico-striatal circuits that support our 

ability to extract behaviourally-relevant statistics in variable environments. 
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3.2. Methods 

3.2.1. MRI data acquisition 

Scanning for the training experiment was conducted at the Birmingham 

University Imaging Centre using a 3T Philips Achieva MRI scanner with a 32-

channel head coil. T1-weighted anatomical data (175 slices; 1×1×1 mm
3
 

resolution) were collected during the first scanning session. DTI data were also 

collected in both scanning sessions and the acquisition consisted of 60 

isotropically-distributed diffusion weighted directions (b=1500 smm
-2

; TR=9.5s; 

TE=78ms; 75 slices; 2x2x2 mm
3
 resolution; SENSE) plus a single volume 

without diffusion weighting (b=0 smm
-2

, denoted as b0). The DTI sequence was 

repeated twice during each session, once following the Anterior-to-Posterior 

phase-encoding direction and once the Posterior-to-Anterior direction. This 

acquisition scheme was implemented to allow correction of susceptibility-

induced geometric distortions (Andersson, Skare, & Ashburner, 2003). 

 Scanning for the no-training control experiment was conducted at the 

Wolfson Brain Imaging Centre, Cambridge using a 3T Siemens Trio MRI 

scanner with a 32-channel head coil. T1-weighted anatomical data (175 slices; 

1×1×1 mm
3
 resolution) were collected during the first scanning session. DTI 

data were also collected in both scanning sessions and the acquisition 

parameters were matched as closely as possible to the training group: 60 

isotropically-distributed diffusion weighted directions (b=1500 smm
-2

; TR=8.9s; 

TE=91ms; 72 slices; 2x2x2 mm
3
 resolution; GRAPPA) plus a single volume 

without diffusion weighting (b=0 smm
-2

). The DTI sequence was repeated twice 

during each session, once following the Anterior-to-Posterior (AP) phase-

encoding direction and once the Posterior-to-Anterior direction (PA). 

 

3.2.2. Whole-brain probabilistic tractography 

We used the Automated Anatomical Labeling (AAL) atlas (Tzourio-Mazoyer et 

al., 2002) to define three anatomical regions (vmPFC: medial orbitofrontal in 

AAL, putamen and caudate) in MNI space as seed regions. We then tested 

white-matter connectivity seeded from these regions bilaterally using FSL 5.0.8 
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(FMRIB Software Library, http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/). The volumes of 

the seeds in MNI space are: 718 voxels (5744 mm
3
) for left vmPFC, 855 voxels 

(6840 mm
3
) for right vmPFC, 1018 voxels (8144 mm

3
) for left putamen, 1074 

voxels (8592 mm
3
) for right putamen, 969 voxels (7752 mm

3
) for left caudate 

and 961 voxels (7688 mm
3
) for right caudate. 

 We first corrected the data for susceptibility distortions (Figure 3.1), 

eddy currents and motion artifacts by applying the topup and eddy tools 

(Andersson & Sotiropoulos, 2016) and rotated the gradient directions (bvecs) to 

correct for the estimated motion rotation (Ersoz, Arpinar, Dreyer, & Muftuler, 

2014; Jones & Cercignani, 2010; Leemans & Jones, 2009). We generated a 

distribution model in each voxel using Bayesian Estimation of Diffusion 

Parameters Obtained using Sampling Techniques (BedpostX) (T.E.J. Behrens et 

al., 2003) with default parameters (2 fibres per voxel, weight of 1 for secondary 

fibres, discard the first 1000 iterations before sampling). 

 We aligned each seed region to each participant‘s native space, as 

probabilistic tracking is conducted in the native diffusion space. We followed a 

4-step registration procedure: (a) aligned the non-weighted diffusion volume 

(b0) of each session to their midspace and create a midspace-template (rigid-

body) (Smith, De Stefano, Jenkinson, & Matthews, 2001; Thomas & Baker, 

2013), (b) aligned the midspace-template to the anatomical (T1) scan (affine), 

(c) aligned the T1 to the MNI template of FSL (non-linear) and (d) inverted and 

combined all the transformation matrices of the previous steps to obtain the 

MNI-to-native registration. To extract the seed regions, the final transformation 

matrix was applied to the AAL atlas (nearest-neighbour interpolation). The 

results of each step were visually inspected to ensure that the alignment was 

successful. 

 We simulated tracts (i.e. probabilistic streamlines) starting from each 

seed region and extending to any other area of the brain using the Probabilistic 

Tracking algorithm (ProbtrackX) (T.E.J. Behrens, Johansen-Berg, Jbabdi, 

Rushworth, & Woolrich, 2007). To test the connectivity from each seed area to 

the whole brain, we used a mid-sagittal exclusion mask to prevent tracts from 

http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/
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crossing hemisphere (no termination or waypoint mask were used) (T.E.J. 

Behrens et al., 2007). The parameters we used in ProbtrackX are: 5000 samples 

per voxel, 2000 steps per sample until conversion, 0.5mm step length, 0.2 

curvature threshold, 0.01 volume fraction threshold and loopcheck enabled to 

prevent tracts from forming loops. 

 The main output of ProbtrackX is a visitation map in the native space 

which shows the number of tracts passing through each voxel (streamline 

count). To control for differences in volume across seeds and participants, we 

estimated connection probability between each brain voxel and a seed region by 

dividing the streamline count by the total number of tracts started from the seed 

region (Heidi Johansen-Berg & Rushworth, 2009); resulting in a normalised 

visitation map per participant. 

 

 

Figure 3.1: DTI data of a representative participant before and after susceptibility 

correction. B0 images before correction show distortions primarily in the frontal and temporal 

cortices: Anterior-to-Posterior direction (AP) show distortions towards the posterior and 

Posterior-to-Anterior (PA) towards the anterior direction. Both phase-encoding directions are 

combined in topup to estimate the bias field (brighter regions indicate larger distortions) and 

create the susceptibility corrected data. Brain images are displayed in sagittal (top row) and axial 

views (bottom row) in the native space (radiological convention: left is right). 

  



 

36 
 

3.2.3. Regression analysis of white-matter connectivity with strategy 

To perform statistical tests on the probabilistic tractography maps across 

participants, we aligned each participant‘s normalised visitation map to MNI 

using trilinear interpolation. For further analysis we applied a threshold of 0.1% 

connection probability on this map to remove the less probable pathways and 

reduce the number of voxels to be tested (Schulz et al., 2015). We then binarised 

the connection probability map per participant and averaged the maps across 

participants to generate a map of voxels with connection probability higher than 

0.1% in at least 50% of the participants (M. X. Cohen et al., 2008; de Wit et al., 

2012; van den Brink et al., 2014) and further reduce the number of voxels 

considered for statistical analysis. 

 We used this thresholded map as a mask for the individual participant 

connection probability maps for each of the two test sessions (pre- and post-

training). We then subtracted the pre-training connection probability map from 

the post-training one, resulting in a connection probability change map for each 

participant. To test whether connectivity in this map relates to individual 

behaviour (i.e. strategy), we conducted nonparametric voxel-wise statistical 

testing using a permutation-based statistical tool, FSL Randomise (Winkler, 

Ridgway, Webster, Smith, & Nichols, 2014). We tested a GLM model with 

strategy index for frequency statistics (level-0) and strategy index for context-

based statistics (mean index for level-1 and level-2) as regressors. Note that 

modelling the behavioural data showed that the strategy index was highly 

correlated between level-1 and level-2 (r=0.72, p<0.001), while no significant 

correlations were observed with level-0 (level-0 vs. level-1: r=-0.21, p=0.35; 

level-0 vs. level-2: r=-0.15, p=0.52). To avoid including collinear predictors in 

the regression model (Farrar & Glauber, 1967; Hill & Adkins, 2011), we 

averaged the strategy index across level-1 and level-2, generating a single 

predictor for learning context-based statistics. This allowed us to estimate 

robustly the effect of each predictor (strategy for learning frequency statistics or 

context-based statistics) independently. The Randomise algorithm permutes all 

participants‘ samples 10,000 times to generate a null-distribution based on the 
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data; it then compares the observed data to the generated null-distribution. To 

determine significance we used the Threshold-Free Cluster Enhancement 

(TFCE) method that takes into account the spatial extent of voxel clusters 

(Smith & Nichols, 2009). We accepted voxels that passed multiple comparisons 

using FWER correction at a=0.05. This analysis results in voxel clusters that are 

significantly correlated with each regressor (i.e. strategy for frequency or 

context-based statistics). Further, we present correlation plots showing 

connection probability change values extracted from the peak voxel of each 

significant cluster with strategy index of individual participants to demonstrate 

that our results were not driven by outliers (see 3.3). Note that these plots are 

only descriptive; no additional statistics were conducted on these data to avoid 

circularity. 

 

3.2.4. DTI data quality: comparison between groups 

To ensure that the data quality was similar between the two groups (training vs. 

no-training control) that were tested at different scanners but using highly 

similar sequences and scanning parameters, we tested for differences related to 

head movement, diffusion tensor model fit and white-matter signal-to-noise 

ratio (SNR). First, we calculated the root mean square (rms) movement during 

each scan using eddy‘s output, restricted_movement_rms that defines the motion 

of each volume relative to the 1st volume. Second, we calculated the sum of 

squared errors (sse) from diffusion tensor model fit; that is, we used the dtifit 

algorithm (T.E.J. Behrens et al., 2003) to fit a diffusion tensor model per voxel 

and assessed the quality of the fit based on the residuals (sse of the model per 

voxel). Third, we computed whole brain white-matter SNR from the b0 data 

(i.e. DTI data without diffusion weighting) as √   
      

     
 (Dietrich, Raya, 

Reeder, Reiser, & Schoenberg, 2007), where signal is the mean value in white-

matter and noise is the mean value in an area outside the brain (sphere of 10mm 

radius). No significant differences were observed between groups for head 

movement (F(1,40)=1.84, p=0.182), diffusion tensor model fit for each area of 
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interest (including all seed and target regions) as well as the whole brain and the 

white-matter (F(1,40)=1.05, p=0.311) nor b0 SNR (F(1,40)=0.25, p=0.620). 

Thus, these analyses suggest that it is unlikely that differences in DTI 

connectivity between groups could be due to differences in data quality. 

 

3.2.5. Comparison between training vs. no-training control 

To compare white-matter connectivity between the two groups of participants 

(training, no-training control), we first performed whole-brain probabilistic 

tractography for the control group using the same seed regions, exclusion mask 

and parameters in ProbtrackX, as for the training group. We followed the same 

normalisation steps to derive connection probability change maps which we 

then used for nonparametric voxel-wise regression with strategy for frequency 

and context-based statistics. We defined strategy index from the second test 

session, as there were no training data for the control group. We accepted voxels 

that passed multiple comparisons (FWER corrected, a=0.05). 

 Second, to directly test for differences between groups, we performed a 

voxel-wise ANCOVA on the connection probability change maps with strategy 

for frequency and context-based statistics as predictors per group. This analysis 

results in voxel clusters (FWER corrected, a=0.05) whose correlation with each 

regressor (i.e. strategy for frequency or context-based statistics) is significantly 

different between groups. To illustrate these results, we present correlation plots 

showing connection probability change values extracted from the peak voxel of 

each significant cluster with strategy index of individual participants per group. 

 Finally, we performed seed-to-target probabilistic tractography in 

cortico-striatal pathways related to strategy for learning frequency and context-

based statistics. We focused on the pathways we identified based on the whole-

brain regression analysis for the training group. In particular, we used the same 

seed regions and identified target regions using a sphere of 5mm radius around 

the peak voxel of each significant cluster revealed by the previous analysis 

(Robinson et al., 2012). We used a mid-sagittal exclusion mask and the same 

parameters in ProbtrackX as in the whole-brain tractography and applied the 
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same normalisation procedure to derive connection probability maps. For each 

participant, we computed a single connection probability value per seed-target 

connection; that is, we averaged the connection probability value across voxels 

in the target area. Then for each group, we calculated the connection probability 

change (i.e. post- minus pre-training) and correlated this value with strategy 

index. We computed the correlations using the Robust Correlation Toolbox 

(Pernet, Wilcox, & Rousselet, 2013) which accounts for potential outliers and 

calculates a bootstrapped confidence interval for 1000 permutations. We then 

converted the r-coefficients to z-scores using Fisher z-transform and tested 

whether the correlations were significantly different between groups (a=0.05). 
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3.3. Results 

3.3.1. DTI-based connectivity analysis 

To investigate white-matter connectivity for learning temporal structures, we 

conducted a DTI tractography analysis before and after training. Previous 

studies have implicated the striatum and vmPFC in reward-based learning (de 

Wit et al., 2012; Piray et al., 2016) as well as probabilistic and statistical 

learning (Foerde & Shohamy, 2011; Leaver, Van Lare, Zielinski, Halpern, & 

Rauschecker, 2009; Schendan et al., 2003; Turk-Browne et al., 2009). In 

particular, our previous fMRI work on statistical learning has shown BOLD 

changes after training in striatal, frontal and occipito-temporal regions that relate 

to individual strategy (R. Wang, Shen, Tino, Welchman, & Kourtzi, 2017b). 

Here, we investigate whether statistical learning changes structural connectivity 

in cortico-striatal pathways involving these regions. We defined vmPFC, 

putamen and caudate as seed regions (Figure 3.2a) and used a whole-brain 

probabilistic tracking method to estimate connectivity distributions of white-

matter tracts between each seed region and the rest of the brain. This method 

allowed us to investigate structural connectivity between distant brain regions 

extending beyond local white- and grey-matter changes. Figure 3.2b shows 

average connection probability maps across participants and sessions for each 

seed region. This analysis shows the following cortico-striatal pathways for each 

seed region in accordance with previous DTI studies (de Wit et al., 2012; 

Draganski et al., 2008; Jbabdi, Lehman, Haber, & Behrens, 2013; Lehéricy et 

al., 2004; Carol A Seger, 2013): a) tracts from vmPFC project to the head of 

caudate and anterior-ventral putamen via anterior corona radiata, b) tracts from 

putamen project to pre-SMA via corticospinal tract, to occipital lobe via inferior 

longitudinal fasciculus and to ventromedial and dorsolateral PFC via anterior 

corona radiata, c) tracts from caudate project to temporal lobe (including 

hippocampus) via thalamus and to ventromedial and dorsolateral PFC via 

anterior corona radiata. 
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Figure 3.2: Seed regions and connection probability maps. (a) Seed regions for probabilistic 

tractography overlaid on the MNI template (z=-8). (b) Connection probability maps for each 

seed region (vmPFC, putamen, caudate). Maps (radiological convention: left is right) are 

thresholded at 0.1% of total tracts per seed and are averaged for pre- and post-training sessions 

and across participants. Results are displayed in MNI for I. vmPFC (x=-12, y=40, z=-8), II. 

putamen (x=-32, y=2, z=2) and III. caudate (x=-22, y=-2, z=4) as seeds. Whole brain 

tractography was computed separately for the left and right hemispheres and for pre- and post-

training sessions and the maps were combined for visualisation purposes. 
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 We then tested whether learning-dependent changes in white-matter 

connectivity relate to individual decision strategy. There is accumulating 

evidence for interactions between learning and decision strategy. Previous 

studies have shown that experience shapes the selection of decision strategies 

(Fulvio et al., 2014; Rieskamp & Otto, 2006). Further, we have shown that 

faster learning of complex structures is associated with maximising (i.e. 

selecting the most probable outcomes in a given context) rather than matching 

the exact sequence statistics (R. Wang et al., 2017a). To test for learning-

dependent changes in white-matter connectivity that relate to decision strategy, 

we performed a voxel-wise regression analysis of connection probability seeded 

from vmPFC, putamen and caudate with strategy index. We tested for 

significant regressions between changes in white-matter connectivity (before vs. 

after training) and individual strategy for frequency and context-based statistics 

(Table 3.1). Positive correlations indicate increased connectivity after training 

that relates to maximisation, while negative correlations indicate increased 

connectivity that relates to matching, as negative strategy index indicates 

strategy towards matching. 

 Seeding from vmPFC, we found significant bilateral clusters extending 

from the seed to the head of caudate through anterior cingulate (ACC). These 

clusters showed a positive correlation between changes in connection 

probability with training and strategy index for learning frequency and context-

based statistics (Figure 3.3). For learning frequency statistics (Figure 3.3a) this 

correlation was observed bilaterally, while for learning context-based statistics 

(Figure 3.3b) the spatial extent of this cluster was smaller and observed only in 

the left hemisphere, extending from ACC to the head of caudate. These positive 

correlations suggest that increased connectivity after training in this pathway 

relates to learning by maximising. Previous work has provided evidence for 

both anatomical (Lehéricy et al., 2004; Carol A Seger, 2009) and functional 

connectivity among these brain regions (Kahnt, Chang, Park, Heinzle, & 

Haynes, 2012; Postuma & Dagher, 2005; Tanaka, Balleine, & O‘Doherty, 2008) 

that are known to be part of the motivational cortico-striatal pathway. Our 
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findings are consistent with the role of vmPFC, ACC and caudate in goal-

directed actions (Balleine & O‘Doherty, 2010; de Wit et al., 2012; Glascher et 

al., 2009; Levy & Glimcher, 2012; Valentin et al., 2007) and individual strategy 

choice (Piray et al., 2016). 

 Seeding from putamen, we found a cluster that showed significant 

learning-dependent changes in connection probability extending from the right 

anterior putamen to inferior frontal gyrus (IFG) and to thalamus. This cluster 

showed a positive correlation between changes in connection probability with 

training and strategy index for learning frequency statistics (Figure 3.3a). These 

brain regions are known to be part of the executive cortico-striatal pathway 

(Lawrence et al., 1998; Carol A Seger, 2009) and white-matter connectivity 

between these regions has been implicated in implicit sequence learning (S. 

Song et al., 2012) and artificial grammar learning (Flöel et al., 2009). In 

particular, IFG is implicated in attention (Simon et al., 2002) and rule switching 

(Cools et al., 2004) and its connectivity to anterior putamen has been reported 

by previous DTI studies (Draganski et al., 2008; Leh, Ptito, Chakravarty, & 

Strafella, 2007; Lehéricy et al., 2004). 

 Seeding from caudate, we found two clusters that showed significant 

learning-dependent changes in connection probability between caudate and 

hippocampus. These clusters showed a negative correlation between changes in 

connection probability with training and strategy index for learning context-

based statistics (Figure 3.3b). The first cluster extends from the body and tail of 

left caudate to thalamus (caudally) and then to hippocampus, with an additional 

branch to postcentral sulcus. The second cluster extends from left caudate 

through medial thalamus to posterior hippocampus (close to the anterior part of 

lingual gyrus). Both pathways are part of the visual cortico-striatal pathway as 

suggested by functional and structural connectivity studies (M. X. Cohen et al., 

2009; Robinson et al., 2012; Carol A Seger, 2009, 2013). Our results suggest 

that increased connection probability between these areas after training relates to 

matching when learning context-based statistics. This finding is consistent with 

previous work implicating brain regions in the visual cortico-striatal pathway in 
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Figure 3.3: DTI regression with strategy. Clusters showing significantly positive (red clusters) 

or negative (blue clusters) regressions of connection probability change (post- minus pre-

training) with strategy index calculated across all trials during training per level. (a) For learning 

frequency statistics, clusters comprise left vmPFC to caudate, right vmPFC to caudate and right 

putamen to IFG. (b) For learning context-based statistics, clusters comprise left vmPFC to 

caudate and left caudate to hippocampus. Results are displayed in radiological convention (left 

is right) and are overlaid on the MNI template. An enlarged view of each significant cluster is 

displayed for better visibility. Scatterplots of connection probability change (post- minus pre-

training) with strategy index for the peak voxel of each cluster are shown on the right panel. 

 

categorisation learning (Carol A. Seger & Cincotta, 2005), sequence learning 

(Albouy et al., 2008; Gheysen et al., 2011; Rose et al., 2011; Rosenthal et al., 

2016; Schendan et al., 2003; Stillman et al., 2013) and predictive associations 

(Turk-Browne et al., 2010; Hsieh et al., 2014; Hindy et al., 2016). 
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3.3.2. Control analyses 

We performed additional analyses to control for any possible tractography-

related confounds, following previous studies (de Wit et al., 2012; van den 

Brink et al., 2014). First, we correlated strategy index with: a) grey-matter 

density in each seed area, b) average fractional anisotropy change (i.e. post 

minus pre) in each significant cluster, c) fractional anisotropy change in the 

peak voxel of each cluster and d) age. Further, we correlated the connection 

probability change in the peak voxel of each cluster with cerebral volume and 

age. None of the correlations were significant (Table 3.2), making it unlikely 

that our results were confounded by individual variability in local grey- or 

white-matter metrics. 

 Second, as tractography does not test directionality (i.e. whether the 

projections from area A to area B are afferent or efferent (Jbabdi & Johansen-

Berg, 2011)), we tested whether our results hold when seeding from the clusters 

that showed significant learning-dependent changes in our main analysis. In 

particular, we used bilateral caudate and right triangular IFG as seeds (defined 

based on the AAL atlas) for frequency statistics, whereas left caudate and left 

hippocampus as seeds for context-based statistics. Voxel-wise regression 

analysis of connection probability change with strategy index showed that we 

could recover similar clusters as in the main analysis (Table 3.1) at a lower 

statistical threshold (a=0.05 uncorrected, cluster-size > 20 voxels) with the 

exception of the right triangular IFG seed, which did not yield any significant 

clusters. However, seeding from the left triangular IFG we found a significant 

cluster in lateral putamen and caudate extending to medial thalamus and 

showing a positive correlation with strategy for context-based statistics. Thus, 

this analysis suggests that our findings are connection-specific rather than seed-

dependent, consistent with the known anatomical cortico-striatal connectivity 

(Alexander et al., 1986; Carol A Seger, 2009). 
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Table 3.2: Control correlations for strategy and connection probability change. We 

performed Pearson correlations of (a) strategy index with grey-matter density in the seed area 

and FA change (Post minus Pre) in the cluster, and (b) connection probability change in the peak 

voxel of each cluster with age and cerebral volume. 

a. Strategy correlations 

Cluster 
GM FA 

r p r p 

Frequency statistics  

    left vmPFC - Caudate -0.01 0.98 -0.08 0.72 

    right vmPFC - Caudate -0.33 0.14 0.07 0.77 

    right Putamen - IFG -0.06 0.79 -0.23 0.31 

Context-based statistics  

    left vmPFC - Caudate -0.14 0.53 0.13 0.58 

    left Caudate - Hippocampus -0.13 0.58 -0.21 0.36 

    left Caudate - Hippocampus -0.13 0.58 -0.10 0.66 

b. Connection probability change correlations 

Cluster 
age 

cerebral 

volume 

r p r p 

Frequency statistics  

    left vmPFC - Caudate 0.03 0.88 0.22 0.34 

    right vmPFC - Caudate 0.15 0.53 -0.05 0.83 

    right Putamen - IFG 0.03 0.91 0.06 0.81 

Context-based statistics  

    left vmPFC - Caudate -0.12 0.61 0.25 0.27 

    left Caudate - Hippocampus -0.06 0.80 0.39 0.08 

    left Caudate - Hippocampus/Lingual 0.07 0.77 -0.17 0.47 
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 Third, we repeated the whole-brain tractography analysis with length 

correction enabled. This method weights the streamline count in each voxel with 

its distance from the seed; to compensate for the fact that the count decreases 

with the distance due to the probabilistic nature of the analysis (Tomassini et al., 

2007). This weighting procedure assigns a higher weight for longer and lower 

weight for shorter connections, resulting in higher connection probability values 

compared to the previous analyses. Therefore, we applied a threshold of 4% 

connection probability (instead of 0.1%) to yield a comparable number of 

voxels for the regression analysis. We followed the same procedure as 

previously to correlate voxel-wise connection probability change with strategy 

index. We found similar connectivity clusters as in the main analysis (Table 

3.3) when seeding from bilateral vmPFC and left caudate (FWER corrected) as 

well as right putamen (albeit at uncorrected p < 0.005) as seeds, suggesting our 

findings could not be significantly confounded by distance from the seed. 
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 Finally, here we focused on learning-dependent changes in long-range 

white-matter connectivity, as measured by probabilistic tractography. 

Probabilistic tractography is an established methodology (M. X. Cohen et al., 

2008; de Wit et al., 2012; van den Brink et al., 2014; Martijn P. van den Heuvel 

et al., 2016) that is grounded on biological mechanisms (Martijn P. van den 

Heuvel et al., 2015) and has been previously employed to investigate learning-

dependent changes (Crossley et al., 2017; Schlaug, Marchina, & Norton, 2009). 

Yet, previous work (Hofstetter et al., 2016, 2013; Sagi et al., 2012; Schlegel et 

al., 2012; Scholz et al., 2009; Takeuchi et al., 2010; Taubert et al., 2010) has 

also reported changes in local white-matter due to training, as measured by 

fractional anisotropy (FA). To test for local white-matter changes related to 

learning temporal statistics, we used TBSS analysis of FA maps (Smith et al., 

2006). When performed on the whole brain, this analysis did not result in any 

significant clusters. We next conducted the same FA analysis within the 

pathways revealed by the whole-brain tractography: a) left vmPFC and caudate, 

b) right vmPFC and caudate, c) right putamen and IFG, d) left caudate and 

hippocampus. We projected the voxels in these pathways on the FA skeleton, 

calculated a FA change map (i.e. post minus pre) and performed a voxel-wise 

regression with strategy index. Our results showed a significant cluster (FWER 

corrected, a=0.05) in the left vmPFC that was positively correlated with strategy 

for context-based statistics (cluster-size=24, peak-voxel: x=-10, y=52, z=-16, p-

value=0.003, t-value=4.25). Although long-range connectivity is more relevant 

to the brain circuits involved in learning, our FA analysis suggests that it is 

possible to measure local white-matter changes due to training that are 

consistent with changes in long-range connectivity, as revealed by whole-brain 

tractography. The lack of correlations for the other pathways could be explained 

by the findings of a recent study, where they showed that the tensor model 

might perform poorly in pathways with more than one fibre population (De 

Santis, Drakesmith, Bells, Assaf, & Jones, 2014). 
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3.3.3. Comparing DTI-based connectivity between groups 

To test whether the learning-dependent changes we observed in white-matter 

connectivity are specific to training, we performed the same regression analysis 

for a no-training control group. We correlated voxel-wise connection probability 

change with strategy after training, as there were no behavioural training data 

for the control group. This analysis showed no significant clusters for the 

control group (FWER corrected, a=0.05), indicating that the white-matter 

connectivity changes with strategy that we observed (Figure 3.3) are specific to 

the training and they could not be simply explained by the repeated exposure to 

temporal sequences during the pre- and post-training sessions. 

 Second, to directly compare between the training and the no-training 

control groups, we performed a voxel-wise ANCOVA on connection probability 

change maps with strategy index for frequency and context-based statistics. We 

found two significant clusters, in consistence with the main analyses of the 

training group data; that is, bilateral clusters extending from vmPFC (seed 

region) to the head of caudate through ACC. These clusters showed 

significantly higher correlation with strategy for frequency statistics for the 

training compared to the no-training control group (Table 3.4, Figure 3.4). 
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Figure 3.4: Group comparison (training vs. no-training control) of whole brain 

tractography. Clusters showing significantly higher correlation coefficient of connection 

probability change (post- minus pre-training) with strategy index for the training vs. the no-

training control group. Results are displayed in radiological convention (left is right) and are 

overlaid on the MNI template. An enlarged view of each significant cluster is displayed for 

better visibility. Scatterplots of connection probability change with strategy index for the peak 

voxel of each cluster are shown on the right panel. Individual participant data for the training 

group are indicated by black circles; data for the no-training control group are indicated by grey 

triangles. 
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 Finally, we performed seed-to-target tractography per group using the 

same seeds as in the main analysis and defining the significant clusters from the 

main analysis as target regions (see 3.2.5). We calculated connection probability 

between seed and target per test session and the difference between sessions (i.e. 

second minus first test session). For each group of participants (training, no-

training control), we correlated connection probability change with strategy 

index. Comparing correlations between groups (Figure 3.5) showed significant 

differences in connection probability between: a) right putamen and IFG for 

learning frequency statistics (Fisher‘s z test, z=2.1, p=0.037), b) left vmPFC and 

caudate for learning frequency statistics (Fisher‘s z test, z=2.0, p=0.043), c) left 

caudate and hippocampus for learning context-based statistics (Fisher‘s z test, 

z=-3.1, p=0.002). Comparing pre-training connection probability between 

groups showed no significant main effect of Group (F(1,40)=1.3, p=0.267) nor a 

significant interaction between Group and Pathway (F(2.53,101.05)=1.7, 

p=0.185, Greenhouse-Geisser corrected). These results show training-specific 

connectivity changes in key dissociable pathways that cannot be simply 

explained by differences in connectivity between groups (training, no-training 

control) before training. Taken together, these results provide evidence for 

training-specific changes in connection probability related to individual decision 

strategy. 
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Figure 3.5: Group comparison (training vs. no-training control) of seed-to-target 

tractography. Correlations of connection probability change (post- minus pre-training) with 

strategy index for the training vs. the no-training control group. For learning frequency statistics, 

correlations were significantly different between groups for white-matter connectivity between 

right putamen and IFG (training: r=0.65, CI=[0.44,0.90]; no-training control: r=0.09, CI=[-

0.45,0.53]) and between left vmPFC and caudate (training: r=0.47, CI=[0.16,0.74]; no-training 

control: r=-0.16, CI=[-0.62,0.37]). For learning context-based statistics, correlations were 

significantly different between groups for white-matter connectivity between left caudate and 

hippocampus (training: r=-0.69, CI=[-0.86,-0.37]; no-training control: r=0.16, CI=[-0.25,0.57]). 

Individual participant data for the training group are indicated by black circles; data for the no-

training control group are indicated by grey triangles. 
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3.4. Discussion 

Here, we sought to identify the white-matter pathways involved in statistical 

learning of temporal structures. Our behavioural results demonstrate that 

individuals differ in their strategy when learning to extract predictive statistics. 

Our DTI results demonstrate that these strategies engage distinct cortico-striatal 

circuits for learning behaviourally-relevant statistics. Our findings advance our 

understanding of the brain pathways involved in statistical learning in three 

main respects. 

 First, we provide evidence that training without trial-by-trial feedback 

results in changes in white-matter connectivity that relate to behavioural 

improvement in a statistical learning task. Human and animal studies have 

shown that DTI measurements can capture short-term (Sagi et al., 2012) and 

long-term (Scholz et al., 2009) white-matter plasticity. However, most of this 

work has focused on reward-based learning that involves training with trial-by-

trial feedback, rather than statistical learning that occurs by mere exposure to the 

environment. For example, white-matter changes have been shown to predict 

behavioural performance in motor learning (Sampaio-Baptista et al., 2013; 

Scholz et al., 2009; Taubert et al., 2010) and reward-based learning (M. X. 

Cohen et al., 2008, 2009; de Wit et al., 2012). Our results are consistent with 

studies showing white-matter connectivity changes related to implicit sequence 

learning (Bennett et al., 2011; S. Song et al., 2012) in the context of a serial 

reaction task. However, our prediction task extends beyond sensory-motor 

learning or previous work using implicit measures of anticipation (i.e. RT 

reduction or familiarity judgments). Our paradigm allows us to directly test 

whether exposure to temporal sequences facilitates the observers‘ ability to 

explicitly predict the identity of the next stimulus in a sequence. Importantly, 

modelling the participants‘ predictions allows us to characterise individual 

decision strategies (matching vs. maximisation) when learning to extract 

behaviourally relevant statistics. 

 Second, we demonstrate that individual decision strategies engage 

dissociable cortico-striatal pathways (Alexander et al., 1986; Lawrence et al., 
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1998) that show learning-dependent changes in white-matter connectivity. In 

particular, we show that matching (i.e. extracting exact sequence statistics) 

relates to white-matter connectivity changes between the caudate, hippocampus 

and thalamus; these areas are known to be involved in the visual cortico-striatal 

pathway (Carol A Seger, 2009, 2013). In contrast, maximising relates to white-

matter connectivity changes between prefrontal (vmPFC), cingulate and basal 

ganglia (caudate) regions that are thought to be involved in the motivational 

cortico-striatal pathway as well as prefrontal (lateral PFC: IFG) and basal 

ganglia (anterior putamen) regions that are thought to be involved in the 

executive cortico-striatal pathway. These findings are consistent with previous 

work showing that white-matter integrity or structural connectivity relate to 

individual variability in performance in the context of decision making tasks. 

For example, connectivity in dissociable brain circuits involving hippocampal 

and striatal regions predicts performance in reversal learning (M. X. Cohen et 

al., 2008) and novelty-seeking vs. reward dependence (M. X. Cohen et al., 

2009). Further, connectivity in dissociable cortico-striatal circuits involved in 

habitual vs. goal-directed learning (de Wit et al., 2012) is shown to predict 

individual strategy choice (Piray et al., 2016). Here, we demonstrate that 

learning-dependent changes of structural connectivity in these pathways relate 

to individual variability in decision strategy. Considering individual decision 

strategy provides further insights into individual variability in learning: we show 

that individuals engage dissociable structural brain networks to solve the same 

task depending on their decision strategy (matching vs. maximisation), 

suggesting alternate brain routes to learning predictive structures. 

 Our previous fMRI work on learning temporal structures provides 

complementary evidence that functional changes in brain regions involved in 

these cortico-striatal pathways relate to individual decision strategies (R. Wang 

et al., 2017b). In particular, Wang et al. have shown that increased BOLD after 

training in dorsolateral prefrontal, cingulate and striatum (i.e. body of caudate, 

putamen) relates to maximisation; whereas increased BOLD in medial temporal 

(i.e. hippocampus, parahippocampus), visual cortex, thalamus and striatum (i.e. 
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tail of caudate) relates to matching. Similar to our DTI results, these findings 

suggest that brain regions within the motivational and executive pathways relate 

to maximisation, whereas regions within the visual pathway relate to matching. 

 Although fMRI reveals learning-dependent changes in the processing 

within specific brain regions, it does not test for structural connectivity between 

these regions. In contrast, DTI before vs. after training allows us to test for 

changes in the structural connectivity between nodes within a brain network, 

extending beyond fMRI changes in local network nodes. Our DTI findings are 

consistent with previous functional imaging studies showing that brain regions 

in the visual cortico-striatal pathway are involved in implicit sequence learning 

(Albouy et al., 2008; Gheysen et al., 2011; Rose et al., 2011; Rosenthal et al., 

2016; Schendan et al., 2003; Stillman et al., 2013) and predictive associations 

(Hindy et al., 2016; Hsieh et al., 2014; Turk-Browne et al., 2010). In contrast, 

brain regions in the motivational cortico-striatal pathway (i.e. prefrontal and 

cingulate cortex) are thought to be involved in decision making, monitoring 

performance and switching between associations and strategies (Heekeren, 

Marrett, & Ungerleider, 2008; Rushworth & Behrens, 2008) as well as 

predictive coding (Bar, 2009; Monchi, Petrides, Petre, Worsley, & Dagher, 

2001). Previous work on humans and animals provides evidence for the role of 

caudate in switching between strategies (Cools et al., 2004; Monchi et al., 2001; 

Carol A. Seger & Cincotta, 2006) and learning after a rule reversal (Cools, 

Clark, Owen, & Robbins, 2002; Pasupathy & Miller, 2005). Further, putamen –

known to be involved in skilled and habitual performance (Balleine & 

O‘Doherty, 2010; Daw et al., 2005)– may facilitate learning by maximising. 

 Finally, our findings suggest that learning temporal structures implicates 

cortico-striatal pathways that are common for learning frequency and context-

based statistics. Our findings show that following training connectivity in the 

motivation (vmPFC, ACC, caudate) and executive (IFG, putamen) cortico-

striatal pathways increases for individuals who select the most probable 

outcome in a context. This is consistent with the role of the former pathway in 

goal-directed and model-based learning, while the role of putamen in habitual 
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and model-free learning (Balleine & O‘Doherty, 2010; de Wit et al., 2012; Piray 

et al., 2016). Thus, it is possible that individuals recruit goal-directed circuits to 

acquire temporal structures (from simple repetitive patterns to probabilistic 

contingencies), while habitual learning mechanisms when selecting the most 

probable outcome in a given context. In addition to these common pathways, 

learning context-based statistics involves connectivity changes between caudate 

and hippocampus that relate to matching. That is, extracting the exact context-

target contingencies engages a pathway that is known to be involved in 

probabilistic learning and novelty seeking (M. X. Cohen et al., 2009; Stillman et 

al., 2013). As our paradigm tested learning of structures that increased in 

context-length over time, it does not allow us to dissociate learning time course 

from task demands. It would be interesting in the future to investigate the time 

course with which these pathways are involved in the learning of frequency and 

context-based statistics. 

 In sum, our findings provide evidence that white-matter connectivity 

changes with learning to support our ability to extract behaviourally-relevant 

statistics. This learning-dependent plasticity relates to individual decision 

strategies, implicating distinct cortico-striatal circuits in learning predictive 

statistics. Interestingly, these pathways have been previously implicated in 

reward-based learning (M. X. Cohen et al., 2008, 2009; de Wit et al., 2012; 

Piray et al., 2016), artificial grammar (Flöel et al., 2009) and language learning 

(Hofstetter et al., 2016; Schlegel et al., 2012). Considering findings across 

studies, it is possible that common white-matter pathways subserve learning of 

temporal structures with feedback or by mere exposure, suggesting potential 

common brain mechanisms for supervised vs. unsupervised learning that may 

support a range of functions from learning simple temporal contingencies to 

extracting complex linguistic structures. 
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4. Resting-state connectivity for 

measuring plasticity in 

statistical learning 

4.1. Introduction 

In Chapter 3, I showed that statistical learning of temporal structures engages 

distinct cortico-striatal circuits and white-matter plasticity within those circuits 

relates to individual decision strategy. In particular, matching strategy is 

associated with connectivity changes in the visual circuit, whereas maximisation 

is associated with connectivity changes in the motivational and the executive 

circuits. Here, we investigate whether grey-matter connectivity –as measured by 

resting-state fMRI (rs-fMRI)– shows plasticity with training in the same task. 

 Previous rs-fMRI work has shown that functional connectivity within 

and across brain networks subserve task performance (Biswal et al., 1995; 

Buchel et al., 1999; Deco & Corbetta, 2011; Fox & Raichle, 2007; Karl J 

Friston, 2011; Martijn P. van den Heuvel & Hulshoff Pol, 2010). Importantly, 

there is accumulating evidence for changes in functional brain connectivity at 

rest due to training in a range of tasks: perceptual learning (Guidotti et al., 2015; 

Lewis et al., 2009), probabilistic sequence learning (Stillman et al., 2013), 

auditory prediction (Ventura-Campos et al., 2013), motor learning (Albert et al., 

2009; Ma et al., 2011; Sami & Miall, 2013; Taubert et al., 2011; Vahdat et al., 

2011; Yoo et al., 2013), semantic matching (Z. Wang et al., 2012), associative 

memory (Tambini et al., 2010) and language learning (Veroude et al., 2010; 

Waites et al., 2005), suggesting learning-dependent plasticity in human brain 

networks that mediate adaptive behaviour. 

 We ask whether learning-dependent changes in functional brain 

connectivity account for individual strategy in learning temporal statistics. First, 

we applied ICA analysis (Calhoun & Adali, 2012; Calhoun et al., 2009; 
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Haberecht et al., 2001; McKeown et al., 1998) of the rs-fMRI signals to identify 

cortical networks associated with known cortico-striatal circuits (Alexander et 

al., 1986; Lawrence et al., 1998; Carol A Seger, 2009). We then tested whether 

connectivity changes within these functional brain networks relate to individual 

decision strategy. Second, we employed DTI-based tractography to segment the 

striatum into finer subdivisions based on the structural connectivity of these 

regions to the whole brain (i.e. ventral striatum, head of caudate and anterior 

putamen, body and tail of caudate, posterior putamen). Third, we employed a 

DTI-informed connectivity analysis (J. Wang et al., 2012; W. Zhang et al., 

2016; Y. Zhang et al., 2014) to combine DTI (i.e. striatal segments) and rs-fMRI 

(i.e. cortical components) information to measure functional connectivity within 

cortico-striatal circuits at a finer scale. Our results demonstrate dissociable 

cortico-striatal networks that relate to individual decision strategy extending our 

previous DTI findings; that is, learning-dependent functional connectivity 

changes in the visual circuit relate to matching, whereas connectivity changes in 

the motivational, executive and motor circuits relate to maximisation. Therefore, 

our findings provide evidence for alternate brain routes to learning and propose 

a strong link between learning-dependent plasticity in brain connectivity and 

adaptive behavior. 

  



 
 

4. Resting-state plasticity in statistical learning

 

63 
 

4.2. Methods 

4.2.1. MRI data acquisition 

Scanning for the training experiment was conducted at the Birmingham 

University Imaging Centre using a 3T Philips Achieva MRI scanner with a 32-

channel head coil. T1-weighted anatomical data (175 slices; 1×1×1 mm
3
 

resolution) were collected during the first scanning session. Resting-state echo-

planar imaging (EPI) data (gradient echo-pulse sequences) were acquired in 

both scanning sessions (whole brain coverage; 180 volumes; TR=2s; TE=35ms; 

32 slices; 2.5x2.5x4 mm
3
 resolution; SENSE). We collected resting-state fMRI 

(rs-fMRI) from three runs that each lasted for 6 minutes. Participants were 

instructed to keep their eyes open and maintain fixation to a white dot presented 

at the centre of the screen. Note that we did not collect rs-fMRI data with 

opposite phase-encoding directions as susceptibility artifacts in fMRI data are 

smaller compared to the DTI data due to the shorter echo times (Port & Pomper, 

2000); therefore, we did not perform susceptibility distortion correction during 

rs-fMRI pre-processing. 

 Scanning for the no-training control experiment was conducted at the 

Wolfson Brain Imaging Centre, Cambridge using a 3T Siemens Trio MRI 

scanner with a 32-channel head coil. T1-weighted anatomical data (175 slices; 

1×1×1 mm
3
 resolution) were collected during the first scanning session. 

Resting-state echo-planar imaging (EPI) data (gradient echo-pulse sequences) 

were acquired in both scanning sessions with the same sequence as the one used 

in the training experiment (whole brain coverage; 180 volumes; TR=2s; 

TE=30ms; 36 slices; 2.5x2.5x4 mm
3
 resolution; GRAPPA). We collected 

resting-state fMRI (rs-fMRI) from three runs that each lasted for 6 minutes. 

 

4.2.2. Resting-state data pre-processing 

We pre-processed the resting-state data in Matlab R2013a and SPM12 (v6685) 

software packages (http://www.fil.ion.ucl.ac.uk/spm/software/spm12/) 

following the optimised pipeline described in recent work (Vergara, Mayer, 

Damaraju, Hutchison, & Calhoun, 2016). We first processed the T1-weighted 
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anatomical images by applying brain extraction and segmentation. From the 

segmented T1 we created a white-matter (WM) mask and a cerebrospinal fluid 

(CSF) mask. For each resting-state run, we corrected the EPI data for slice scan 

timing (i.e. to remove time shifts in slice acquisition) and motion (least squares 

correction). We co-registered all EPI runs to the first run per participant (rigid 

body) and subsequently to the T1 image (rigid body) and calculated the mean 

CSF and WM signal per volume. We then aligned the T1 image to the MNI 

space (affine) and applied the same transformation to the EPI data. We resliced 

the aligned EPI data to 3 x 3 x 4 mm
3
 resolution and applied spatial smoothing 

with a 5mm isotropic FWHM Gaussian kernel. Finally, we despiked any 

secondary motion artifacts using the Brain Wavelet Toolbox (Patel et al., 2014), 

regressed out the signal from CSF and the motion parameters (translation, 

rotation and their squares and derivatives (Karl J. Friston, Williams, Howard, 

Frackowiak, & Turner, 1996)) and applied linear detrending (Satterthwaite et 

al., 2013; Van Dijk et al., 2010). 

 

4.2.3. Independent Component Analysis (ICA) 

We used group spatial ICA (GICA) (Calhoun & Adali, 2012; Calhoun et al., 

2009; Haberecht et al., 2001; McKeown et al., 1998) to extract participant- and 

session-specific hemodynamic source locations using the Group ICA fMRI 

Toolbox (GIFT) (http://mialab.mrn.org/software/gift/). Pre-processed EPI data 

from both groups (i.e. training, no-training control) and from both sessions (i.e. 

Pre, Post) were included in the GICA. Following pre-processing of each run, the 

mean value per voxel was removed and dimensionality reduction was 

performed. We used the Minimum Description Length criteria (MDL) 

(Rissanen, 1978) to estimate the dimensionality and determine the number of 

independent components. We used a two-level dimensionality reduction 

procedure using PCA; first at the participant level and then at the group level. 

The ICA estimation (Infomax algorithm) was run 20 times and the component 

stability was estimated using ICASSO (Himberg, Hyvärinen, & Esposito, 2004). 
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 This procedure resulted in 22 spatially independent components. We 

then generated participant-specific spatial maps for each component using 

GICA3 back reconstruction (Calhoun, Adali, Pearlson, & Pekar, 2001). Lastly, 

participant and group spatial maps were scaled to z maps for further analysis 

(Ma et al., 2011; Ma, Wang, Chen, & Xiong, 2007). 

 

4.2.4. Component selection 

We used a quantitative method, as described in previous work (M. C. Stevens, 

Kiehl, Pearlson, & Calhoun, 2007), to remove components of non-neuronal 

origin. We first thresholded the group spatial maps at z=1.0 and calculated the 

spatial correlation of each component with CSF and grey-matter (GM) 

probabilistic maps (as extracted from the MNI template). We rejected any 

component with a spatial correlation of R
2 

> 0.025 with CSF or of R
2 

< 0.025 

with GM. To supplement this method, we visually inspected all rejected 

components to verify that they were not of neuronal origin. This method 

resulted in 5 rejected components: 2 components had a high spatial correlation 

with CSF and 3 components had low correlations with GM. 

 We correlated the thresholded maps of the remaining components with 

known network templates and labelled each component based on its highest 

correlation value to these templates (Laird et al., 2011; Shirer, Ryali, 

Rykhlevskaia, Menon, & Greicius, 2011). We selected 7 components (Table 

4.1) that showed high correlation with templates of cortical regions involved in 

executive, motor, visual and motivational networks (Alexander et al., 1986; 

Lawrence et al., 1998; Carol A Seger, 2009). We should note that no component 

showed a high spatial correlation with the Basal Ganglia template (R
2
 < 0.13); 

as expected based on previous rs-fMRI studies (Vaidya & Gordon, 2013). 

Therefore, we defined the striatum (i.e. caudate and putamen) anatomically from 

the AAL atlas (Tzourio-Mazoyer et al., 2002). 
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4.2.5. DTI connectivity-based segmentation of striatum 

In our DTI study (Chapter 3), we have shown that distinct cortico-striatal 

circuits are associated with individual decision strategy (matching vs. 

maximisation). However, our previous analysis could not disentangle the part of 

the seed yielded the pathways that relate to behaviour. To investigate learning-

dependent changes in these cortico-striatal circuits at a finer scale, we conducted 

a DTI connectivity-based segmentation analysis to segment the striatum into 

finer subdivisions (i.e. segments) based on their whole-brain connectivity profile 

(T E J Behrens et al., 2003; H. Johansen-Berg et al., 2004; H Johansen-Berg et 

al., 2005). Our goal was to combine the striatal segments with the ICA cortical 

components to investigate functional connectivity changes within known 

cortico-striatal circuits (Alexander et al., 1986; Lawrence et al., 1998; Carol A 

Seger, 2009). 

 Following the DTI pre-processing and BedpostX modelling –as 

presented in Chapter 3– we simulated tracts (i.e. probabilistic streamlines) 

starting from the seed area in MNI space (i.e. striatum) to the rest of the brain 

(i.e. target area) using the ProbtrackX algorithm (T.E.J. Behrens et al., 2007). 

Following a hypothesis-free classification method (Beckmann et al., 2009; Piray 

et al., 2016; Tomassini et al., 2007), we down-sampled the target area (AAL 

atlas excluding the seed areas: bilateral caudate and putamen) to 4x4x4 mm
3
 

resolution. As the seed areas were in MNI space, we provided the MNI-to-

native transformation matrix and used the omatrix2 option to create a seed-by-

target connectivity matrix (the ProbtrackX algorithm transforms the seed from 

MNI to native space and performs the probabilistic tractography simulation in 

native space; the results are then transformed back into MNI space). We used a 

mid-sagittal exclusion mask to prevent tracts from crossing hemispheres (T.E.J. 

Behrens et al., 2007) and length correction to account for the distance-from-the-

seed bias towards shorter connections (Tomassini et al., 2007). The parameters 

we used in ProbtrackX are: 5000 samples per voxel, 2000 steps per sample until 

conversion, 0.5mm step length, 0.2 curvature threshold, 0.01 volume fraction 
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threshold and loopcheck enabled to prevent tracts from forming loops. We 

repeated this procedure for each hemisphere. 

 This analysis generated a connectivity matrix from each voxel in the 

seed area to every voxel in the target area. Seeding from the MNI space 

guaranteed the same number of voxels in the seed across participants, 

alleviating differences in individual brain size. Subsequently, we concatenated 

the connectivity matrices across participants and groups and correlated the 

connectivity values of each voxel to every other voxel in the seed; generating a 

seed-by-seed correlation matrix. We then performed k-means clustering on this 

correlation matrix for 2 to 8 classes (squared Euclidean distance). Lastly, we 

converted each class to a binary mask in MNI space to create the striatal 

segments and down-sampled them to the resting-state resolution (3x3x4 mm
3
) 

for further analysis. 

 To find the optimal number of clusters, we computed the mean 

silhouette value per clustering by averaging the values across voxels 

(Rousseeuw, 1987). The silhouette value shows how similar each voxel is to 

voxels of its class compared to voxels of other classes. Therefore, we selected 

the highest number of clusters that shows the maximum mean silhouette value 

averaged for the two hemispheres (Figure 4.1b). This method resulted in 4 

striatal segments per hemisphere (average silhouette value of 0.397) that 

corresponded to known anatomical subdivisions of the striatum (Table 4.2): 

ventral striatum, head of caudate and anterior putamen, body and tail of caudate, 

posterior putamen. 
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Figure 4.1: Validation of striatal segmentation. (a) Mean silhouette value per clustering (i.e. 2 

to 8 clusters) for left and right striatum, separately. (b) Averaged mean silhouette value per 

clustering by combining the segmentations of the two hemispheres. (c) Silhouette plots for the 

optimally-defined four (4) clusters for left and right striatum, separately. 
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4.2.6. Resting-state timecourse 

To extract the resting-state timecourse for each cortical ICA-based component 

and DTI-based striatal segment, we used an autoregressive AR(1) model (first-

level analysis) on the pre-processed data before ICA to treat for serial 

correlations (Arbabshirani et al., 2014). Following the whole-brain modelling, 

we extracted the timecourse per voxel per component, as defined by participant-

specific spatial maps thresholded at z=2.576 (p=0.01). We then applied a 5th 

order Butterworth band-pass filter, between 0.01 and 0.08 Hz, to remove effects 

of scanner noise and physiological signals (respiration, heart beat) (Murphy, 

Birn, & Bandettini, 2013; Van Dijk et al., 2010). In addition, we extracted the 

first eigenvariate across all voxels in each component to derive a single 

timecourse per component for subsequent connectivity analysis (see 4.2.8). 

 

4.2.7. Intrinsic connectivity analysis 

We first assessed the temporal coherence of the selected cortical components by 

calculating intrinsic functional connectivity (Campbell et al., 2016). Intrinsic 

connectivity is a measure of signal coherence in a local region and it represents 

the connectivity strength within an area. That is, intrinsic connectivity quantifies 

how correlated the activity across voxels within a network is. Therefore, we 

correlated the filtered timecourse of each voxel with every other voxel in the 

participant-specific component. We then applied Fisher z-transform on the 

correlation matrix and averaged the z-values across voxels; resulting in one 

component connectivity value for each participant and run. Lastly, we averaged 

the intrinsic connectivity values across runs to derive a single value for each 

participant and session. 

 To test whether changes in intrinsic connectivity with training relate to 

individual learning (i.e. strategy), we performed a semipartial correlation of 

intrinsic connectivity change (Post minus Pre) with strategy index for each level 

(level-0, mean index for level-1 and level-2). We computed Pearson skipped 

correlations using the Robust Correlation Toolbox (Pernet et al., 2013). This 
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method accounts for potential outliers and determines statistical significant 

using a bootstrapped confidence interval (CI) for 1000 permutations. 

 To correct for multiple comparisons, we used False Coverage Rate 

(FCR) (Benjamini & Yekutieli, 2005). FCR is equivalent to the False Discovery 

Rate (FDR) correction for multiple comparisons when significance is 

determined by CI rather than p-values. In particular, for N number of tests we 

sorted the p-values for all statistical tests in ascending order (i.e. p(1)≤…≤p(N)). 

We then computed the parameter R for significance level at a=0.05: R=max{i: 

p(i)≤i*a/N}. Finally, we assessed significance after multiple comparison 

correction based on the adjusted CI at 1-R*a/N percent (Benjamini & Yekutieli, 

2005). In particular, we found R=1 for the N=7 tests; therefore, FCR-corrected 

significance for intrinsic connectivity correlations was determined at 99.3% CI. 

 

4.2.8. Extrinsic connectivity analysis 

To investigate changes in cortico-striatal functional connectivity due to training, 

we correlated the resting-state timecourse of striatal segments (as determined by 

the DTI-based segmentation) with the timecourse of cortical components (as 

determined by the ICA of the rs-fMRI signals). We then standardised the 

correlation coefficients (Fisher z-transform) and averaged the z-values across 

runs to derive a single extrinsic connectivity value for each participant and 

session. 

 To test whether learning-dependent changes in cortico-striatal functional 

connectivity relate to individual learning, we followed the same semipartial 

correlation method as before (see 4.2.7). We used the Robust Correlation 

Toolbox (Pernet et al., 2013) to test for significant correlations (i.e. 95% 

bootstrapped CI) between extrinsic connectivity change (Post minus Pre) and 

strategy index for frequency and context-based statistics. We tested whether 

these correlations were significant after FCR correction. FCR-corrected 

significance for extrinsic connectivity correlations was determined at 99.3% CI 

(R=2 for N=14 tests). 
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4.2.9. MRI data quality: comparison between groups 

To ensure that the data quality was similar between the two groups (training vs. 

no-training control) that were tested at different scanners but using highly 

similar sequences and scanning parameters, we tested for differences related to 

a) head movement and b) spikes for the rs-fMRI data, and c) head movement 

and d) diffusion tensor model fit for the DTI data. 

 For the rs-fMRI data, we calculated the maximum root mean square 

(rms) movement per run (from x,y,z motion parameters) and the maximum 

number of spikes per run (based on the Spike Percentage output of the Brain 

Wavelet toolbox (Patel et al., 2014)). For the DTI data, we calculated the rms 

movement per session (based on eddy‘s restricted_movement_rms output) and 

the sum of squared errors (sse) from diffusion tensor model fit (Behrens et al., 

2003). No significant differences were observed between groups for head 

movement (rs-fMRI: F(1,40)=0.31, p=0.578; DTI: F(1,40)=1.84, p=0.182), 

number of spikes (F(1,40)=1.19, p=0.283) or diffusion tensor model fit for the 

seed areas, the whole brain and the white-matter (F(1,40)=0.77, p=0.386). Thus, 

these analyses suggest that it is unlikely that differences in connectivity between 

groups could be due to differences in data quality.  
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4.3. Results 

4.3.1. Resting-state ICA 

We identified functional brain networks during rest by decomposing the resting-

state fMRI timecourse into functionally connected components (i.e. components 

comprising voxel clusters with correlated timecourse) using GICA. We selected 

components associated with known cortico-striatal pathways (Alexander et al., 

1986; Lawrence et al., 1998; Carol A Seger, 2009) that have been implicated in 

learning. We have previously shown that these networks are also involved in 

temporal statistical learning during task (Giorgio et al., 2017; R. Wang et al., 

2017b). We used a spatial correlation method with known brain networks (Laird 

et al., 2011; Shirer et al., 2011) to identify and label the selected components 

(Figure 4.2, Table 4.1): a) Right Central Executive (RCEN, CP_9, peak 

activations in right middle frontal gyrus and right inferior parietal lobule), b) 

Left Central Executive (LCEN, CP_14, peak activations in left inferior frontal 

gyrus and left inferior parietal lobule), c) Visuomotor (CP_4, peak activations in 

bilateral supplementary motor area), d) Visuospatial (CP_5, peak activations in 

bilateral postcentral gyrus), e) Secondary Visual (CP_2, peak activations in 

bilateral middle occipital gyrus), f) Higher Visual (CP_12, peak activations in 

bilateral calcarine sulcus), and g) Anterior Cingulate (ACC, CP_15, peak 

activations in bilateral anterior cingulate). We then tested whether learning-

dependent changes in intrinsic functional connectivity of these networks relate 

to individual behaviour (i.e. decision strategy). Note that we did not include a 

Default Mode Network (DMN) or a Salience Network (SN) in our analysis, 

although these networks have been implicated in a range of other tasks; such as 

working-memory (Metzler-Baddeley, Caeyenberghs, Foley, & Jones, 2016; 

Vatansever, Menon, Manktelow, Sahakian, & Stamatakis, 2015), cognitive 

flexibility (Vatansever, Manktelow, Sahakian, Menon, & Stamatakis, 2016), 

syntactic processing (Campbell et al., 2016) and auditory prediction (Ventura-

Campos et al., 2013). However, there are no evidence to our knowledge that 

DMN and/or SN are implicated in statistical learning and we have not observed 

any regions within these networks in our previous fMRI (R. Wang et al., 2017b) 
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or DTI work (Chapter 3). Further, the segregation of the cortico-striatal circuits 

we followed in this work does not describe anatomical projections of key 

regions within the DMN (i.e. posterior cingulate, precuneus) or the SN (i.e. 

insula) to the striatum. 

 

 

Figure 4.2: Spatial maps of ICA components. The 7 selected components are shown 

organised into known functional groups (Laird et al., 2011; Shirer et al., 2011). Group spatial 

maps are thresholded at z=1.96 (p=0.05) for visualisation purposes and displayed in 

neurological convention (left is left) on the MNI template. The x,y,z coordinates per component 

denote the location of the sagittal, coronal and axial slices, respectively. 
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4.3.2. Intrinsic connectivity 

Intrinsic connectivity is a measure of signal coherence within a local network 

and quantifies activity correlation across voxels within the network. Previous 

work has shown that functional networks during task and rest are highly similar, 

suggesting that task-related BOLD activity relates to intrinsic connectivity at 

rest (Smith et al., 2009). Further, variability in intrinsic connectivity has been 

suggested to explain task performance (Campbell et al., 2016; Van Dijk et al., 

2010). Here, we test whether intrinsic connectivity at rest within each cortical 

network relates to individual variability in decision strategy when learning 

temporal statistics.  

 We calculated an intrinsic connectivity measure for each network 

indicating its local connectivity strength (N=7, see 4.2.7). We then correlated 

the intrinsic connectivity change (Post minus Pre) with strategy for frequency 

(level-0) and context-based (mean index for level-1 and level-2) statistics. 

Positive correlations (i.e. higher connectivity change relates to higher strategy 

values) indicate increased connectivity after training that relates to 

maximisation, while negative correlations indicate increased connectivity that 

relates to matching. 

 For frequency statistics, we found that increased connectivity after 

training in the Visuospatial network showed a positive correlation with strategy 

index (r=0.77, CI=[0.60, 0.89], surviving FCR correction)  (Figure 4.3a). For 

context-based statistics, we found that increased connectivity after training in 

the LCEN and ACC networks correlated positively with strategy index (LCEN: 

r=0.42, CI=[0.01, 0.68]; ACC: r=0.35, CI=[0.04, 0.63]). In contrast, increased 

connectivity in the Secondary Visual network correlated negatively with 

strategy index (r=-0.49, CI=[-0.74, -0.10]) (Figure 4.3b). Our intrinsic 

connectivity findings suggest that areas within the motor (Visuospatial 

network), executive (LCEN network) and motivational (ACC network) cortico-

striatal circuits are related to maximisation strategy, whereas areas within the 

visual network (Secondary Visual network) are related to matching strategy. 

These findings are consistent with the results of our DTI study (Chapter 3), 
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where we found that white-matter plasticity in the motivational and executive 

pathways relates to maximisation, while plasticity in the visual pathway relates 

to matching strategy. 

 

 

Figure 4.3: Intrinsic connectivity related to strategy index. Significant Pearson skipped 

correlations of intrinsic connectivity change (post minus pre-training) with strategy index for 

learning: (a) Frequency statistics: Visuospatial network; (b) Context-based statistics: Left 

Central Executive, Anterior Cingulate and Secondary Visual networks. Open circles in the 

correlation plots denote outliers as detected by the Robust Correlation Toolbox.  
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4.3.3. DTI-based segmentation of striatum 

To investigate learning-dependent functional connectivity changes in cortico-

striatal circuits for learning temporal statistics, we used DTI data to segment the 

striatum into finer sub-regions and define regions of interest for the functional 

connectivity analysis of the rs-fMRI data. 

 We defined striatum (i.e. caudate and putamen) anatomically from the 

AAL atlas (Tzourio-Mazoyer et al., 2002) and segmented it into sub-regions 

based on the structural connectivity profile using a hypothesis-free classification 

method (Beckmann et al., 2009; Piray et al., 2016; Tomassini et al., 2007). We 

derived four segments per hemisphere that corresponded to a) ventral striatum, 

b) head of caudate and anterior putamen, c) body and tail of caudate, and d) 

posterior putamen (Figure 4.4a, Table 4.2); in agreement with the segregation 

observed in previous anatomical studies (Alexander et al., 1986; Lawrence et 

al., 1998; Carol A Seger, 2009). Figure 4.4b shows the connectivity profile for 

each segment as the average connection probability map across participants and 

sessions. 

 

Table 4.2: Striatal segments. Four striatal segments for each hemisphere were estimated by a 

DTI connectivity-based and hypothesis-free classification method. The size of the segments and 

the MNI coordinates of their centre of gravity are shown. 

Hemisphere Name voxels 
Centre of gravity 

x y z 

Left 

ventral striatum 102 -13 13 -9 

caudate head, anterior putamen 117 -16 14 -1 

caudate body/tail 120 -16 7 13 

posterior putamen 208 -27 -1 5 

Right 

ventral striatum 99 14 13 -8 

caudate head, anterior putamen 126 17 15 -1 

caudate body/tail 129 14 6 15 

posterior putamen 197 27 1 4 
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Figure 4.4: Striatal segments. (a) The striatal segments as estimated by a DTI connectivity-

based and hypothesis-free classification method. Segments are overlaid on the MNI template 

(x=12, y=12, z=-6) and displayed in neurological convention (left is left). (b) Connection 

probability maps for each segment. Maps are thresholded at 0.1% of total tracts and averaged 

across groups and sessions. Whole brain tractography was computed separately for the left and 

right hemisphere and the maps were combined for visualisation purposes (x=-20, y=-12, z=-2). 
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4.3.4. Extrinsic connectivity 

Extrinsic connectivity is a measure of functional connectivity between brain 

regions. In particular, extrinsic connectivity is computed as the correlation of the 

brain signals in –typically distant– regions across time and quantifies the 

coherence of their activity (Fox & Raichle, 2007; Martijn P. van den Heuvel & 

Hulshoff Pol, 2010). Previous work suggests that extrinsic connectivity changes 

with training and relates to behavioural performance (Harmelech & Malach, 

2013; Kelly & Castellanos, 2014). Here, we test whether changes in cortico-

striatal functional connectivity relate to individual decision strategy. 

 We selected pairs of striatal (Figure 4.4, Table 4.2) and cortical areas 

(Figure 4.2, Table 4.1) based on known anatomical circuits (Alexander et al., 

1986; Lawrence et al., 1998; Carol A Seger, 2009): a) motivational: ventral 

striatum to ACC, b) executive: caudate head and anterior putamen to RCEN and 

LCEN (i.e. dorsolateral prefrontal and parietal cortices), c) visual: caudate body 

and tail to Secondary Visual and Higher Visual networks, and d) motor: 

posterior putamen to Visuomotor and Visuospatial networks (N=14). These 

pathways have been identified by previous functional (Barnes, 2010; Di Martino 

et al., 2008; Pauli, O’Reilly, Yarkoni, & Wager, 2016) and structural 

connectivity (Draganski et al., 2008; Leh et al., 2007; Lehéricy et al., 2004) 

studies. We calculated the Pearson correlation between the timecourses of these 

cortico-striatal areas as a measure of extrinsic functional connectivity. We then 

correlated the connectivity change (Post minus Pre, after Fisher z-transform) 

with strategy for frequency (level-0) and context-based (mean index for level-1 

and level-2) statistics. 

 For learning frequency statistics, we found that increased connectivity 

between the right posterior putamen and the Visuospatial network (r=0.51, 

CI=[0.20, 0.74], surviving FCR correction) showed a significant positive 

correlation with strategy index (Figure 4.5a). This result suggests the 

involvement of the motor cortico-striatal circuit when learning by maximising. 

In contrast, for context-based statistics, we found that increased connectivity 

between the left body/tail of caudate and the Higher Visual network (r=-0.46, 
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CI=[-0.83, -0.13], surviving FCR correction) showed a significant negative 

correlation with strategy index (Figure 4.5b). This result suggests that the visual 

cortico-striatal circuit is involved in extracting exact sequence statistics (i.e. 

matching). Taken together, we have extended our previous findings and 

provided further evidence for the role of the motor cortico-striatal circuit in 

learning by maximising and for the visual circuit in learning by matching. 

 

 

Figure 4.5: Extrinsic connectivity related to strategy index. Functional connectivity of rs-

fMRI data between striatal segments (as identified by DTI-informed segmentation) and cortical 

regions (as identified by ICA). Significant Pearson skipped correlations are shown for functional 

connectivity change (post minus pre-training) with strategy index for: (a) Frequency statistics: 

between right posterior putamen and Visuospatial network; (b) Context-based statistics: between 

left body/tail of caudate and Higher Visual network. Open circles in the correlation plots denote 

outliers as detected by the Robust Correlation Toolbox.  
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4.3.5. Control analyses 

To ensure that our extrinsic connectivity results were not confounded by weak 

correlations between the striatal segments and the cortical components and 

ensure that these areas are functionally connected, we performed a rs-fMRI 

seed-based connectivity analysis for each striatal segment. We created the 

whole-brain functional connectivity profile for each segment by correlating the 

first eigenvariate of its timecourse (after band-pass filtering) to every voxel in 

the brain. We standardised the correlation coefficients (Fisher z-transform) and 

averaged the z-values across runs to derive a single map for each participant. 

We performed this analysis only on the pre-training session data to demonstrate 

that the selected pairs of cortical and striatal areas were functionally connected 

before any learning-dependent plasticity in these networks. Thus, we performed 

a one-sample t-test on the pre-training maps across participants and thresholded 

the t-maps at t=3.2 (p<0.005) to map the strongest functional connections for 

each segment (Figure 4.6). 

 In particular, a) the ventral striatum showed positive connectivity with 

the anterior cingulate and the ventromedial prefrontal cortex, b) the caudate 

head and the anterior putamen showed positive connectivity with the 

dorsolateral prefrontal cortex, c) the caudate body and tail showed positive 

connectivity with the dorsolateral prefrontal cortex and negative connectivity 

with the occipital cortex, and d) the posterior putamen showed positive 

connectivity with the motor and auditory cortices and negative connectivity with 

the parietal cortex. These functional connectivity maps indicate that the cortico-

striatal circuits we tested are functionally connected and in agreement with our 

DTI tractography results (Figure 4.4b) and previous work on functional 

connectivity of the striatum (Barnes, 2010; Di Martino et al., 2008; Pauli et al., 

2016). 
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4.3.6. Comparing functional connectivity between groups 

To test whether learning-dependent changes could be observed simply by 

repeated exposure to temporal sequences during the pre- and post-training 

sessions, we performed a no-training control experiment. First, we tested 

whether the learning-dependent changes we observed in the intrinsic 

connectivity analysis are specific to training. We performed the same 

semipartial correlation analysis for the no-training control group on the 

significant networks that showed significant correlations for the training group 

(Figure 4.3). As there were no training data for the control group, we defined 

strategy index from the second test session. We found that increased 

connectivity after training in the Secondary Visual network showed a positive 

correlation with strategy index for context-based statistics (r=0.39, CI=[0.05, 

0.69]) (Figure 4.7). However, none of the correlations observed for the training 

group were significant for the no-training control, as the finding of the 

Secondary Visual network showed an opposite correlation compared to the main 

findings. Moreover, comparing the correlation coefficients per group (after 

Fisher z-transform) we tested whether the correlations we observed for the 

training group are significantly different from the no-training control group 

(a=0.05). We found significantly different correlations of intrinsic connectivity 

change with strategy in a) the Visuospatial network (Fisher‘s z test, z=3.0, 

p=0.002) for frequency statistics, in b) the LCEN (Fisher‘s z test, z=2.6, 

p=0.008) and c) the Secondary Visual network (Fisher‘s z test, z=-2.7, p=0.006) 

for context-based statistics. 

 Finally, we tested whether the cortico-striatal connectivity changes (i.e. 

extrinsic connectivity change) are also specific to training. We performed the 

same semipartial correlation analysis for the no-training control group on the 

significant connections we observed for the training group (Figure 4.5). We 

found no significant correlations for the no-training control group. Taken 

together, these results suggest training-specific changes in intrinsic and extrinsic 

connectivity in key cortico-striatal areas that support individual strategy: areas 
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within the motor, the executive and the motivational circuits support 

maximisation, whereas areas within the visual circuit support matching strategy. 

 

 

Figure 4.7: Intrinsic connectivity related to strategy index for the no-training control 

group. Significant Pearson skipped correlations of intrinsic connectivity change (post minus 

pre-training) with strategy index for learning context-based statistics: Secondary Visual 

network. Open circles in the correlation plots denote outliers as detected by the Robust 

Correlation Toolbox. 
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4.4. Discussion 

Here, we investigate functional brain networks that mediate individual ability to 

adapt to changes in the environment’s statistics and make predictions. Our 

behavioural results (Chapter 2) demonstrate that individuals adopt different 

strategies when learning to extract the relevant temporal statistics for predicting 

upcoming events. Combining ICA analysis and DTI segmentation to inform 

functional connectivity, we provide evidence for dissociable brain networks that 

mediate our ability to learn predictive statistics. Importantly, our findings 

suggest that learning-dependent changes in functional connectivity in these 

networks relate to individual strategy for learning temporal statistics. 

 First, we provide evidence that training without trial-by-trial feedback 

results in changes in functional brain connectivity in a statistical learning task. 

In particular, training in a range of tasks –perceptual learning (Guidotti et al., 

2015; Lewis et al., 2009), auditory prediction (Ventura-Campos et al., 2013), 

motor learning (Albert et al., 2009; Ma et al., 2011; Sami & Miall, 2013; 

Taubert et al., 2011; Vahdat et al., 2011; Yoo et al., 2013), semantic matching 

(Z. Wang et al., 2012), associative memory (Tambini et al., 2010), spatial 

navigation (Wegman & Janzen, 2011), reasoning training (A. P. Mackey et al., 

2013) and language learning (Veroude et al., 2010; Waites et al., 2005)– has 

been shown to result in changes in functional connectivity at rest. Further, 

previous brain imaging and neurophysiology studies have demonstrated 

learning-dependent changes in task-based functional brain connectivity: visual 

perceptual learning (Kahnt et al., 2011), category learning (Antzoulatos & 

Miller, 2014), motor learning (Danielle S. Bassett, Yang, Wymbs, & Grafton, 

2015; Heitger et al., 2012; Lynall et al., 2010; Sun, Miller, Rao, & D’Esposito, 

2007), retrieval-mediated learning (Zeithamova, Dominick, & Preston, 2012) 

and spatial navigation (Keller & Just, 2016). Yet, most of this work has focused 

on reward-based learning that involves training with trial-by-trial feedback, 

rather than statistical learning that occurs by mere exposure to the environment. 

Here, we show that learning predictive statistics may proceed without explicit 

trial-by-trial feedback and involve changes in functional connectivity in brain 
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networks similar to those known to support reward-based learning (Alexander et 

al., 1986; Lawrence et al., 1998). 

 Second, modelling the participants‘ predictions allows us to characterise 

individual decision strategies (matching vs. maximisation) when learning to 

extract behaviourally-relevant statistics. Using ICA analysis of resting-state 

fMRI data, we show that these decision strategies engage distinct cortical 

networks: maximising relates to functional connectivity changes in executive, 

motivational and motor networks, while matching relates to functional 

connectivity changes in visual networks. Third, we combine DTI-based 

segmentation with the resting-state ICA networks to precisely define known 

cortico-striatal circuits (Alexander et al., 1986; Lawrence et al., 1998; Carol A 

Seger, 2009): a) executive (from head of caudate and anterior putamen to 

dorsolateral prefrontal and parietal cortices), b) motor (from posterior putamen 

to motor cortex), c) visual (from body and tail of caudate to visual cortex) and 

d) motivational (from ventral striatum to anterior cingulate) circuits. We 

demonstrate that plasticity within the motor cortico-striatal circuit relates to 

maximisation, whereas plasticity within the visual cortico-striatal circuit relates 

to matching strategy. 

 Previous studies have implicated these brain networks in reward-based 

learning (e.g. for reviews (Balleine & O’Doherty, 2010; Robbins, 2007)). In 

particular, the executive circuit has been implicated in implicit sequence 

learning (S. Song et al., 2012) and artificial grammar learning (Flöel et al., 

2009). The motivational circuit has been implicated in goal-directed actions 

(Balleine & O‘Doherty, 2010; de Wit et al., 2012; Glascher et al., 2009; Levy & 

Glimcher, 2012; Valentin et al., 2007) and individual strategy choice (Piray et 

al., 2016). The motor circuit has been implicated in habitual learning (Balleine 

& O’Doherty, 2010; de Wit et al., 2012; Piray et al., 2016; Tricomi et al., 2009) 

and reflects stimulus-response associations (McNamee et al., 2015). Thus, it is 

possible that individuals who maximise recruit goal-directed circuits to acquire 

temporal structures, while habitual learning mechanisms when selecting the 

most probable outcome in a given context. In contrast, changes in functional 
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connectivity in the visual circuit relate to matching. That is, extracting the exact 

sequence statistics engages a circuit that is known to be involved in novelty 

seeking (M. X. Cohen et al., 2009), implicit sequence learning (Albouy et al., 

2008; Gheysen et al., 2011; Rose et al., 2011; Rosenthal et al., 2016; Schendan 

et al., 2003; Stillman et al., 2013) and predictive associations (Hindy et al., 

2016; Hsieh et al., 2014; Turk-Browne et al., 2010). 

 In sum, considering decision strategy, we provide further insights into 

understanding individual variability in learning. There is accumulating evidence 

for interactions between learning and individual decision strategy (Fulvio et al., 

2014; Rieskamp & Otto, 2006). We have shown that learning rate and decision 

strategy are correlated; that is, faster learning of complex structures is associated 

with maximising (i.e. selecting the most probable outcomes in a given context) 

rather than matching the exact sequence statistics (R. Wang et al., 2017a). Here, 

we provide evidence that individuals engage dissociable functional brain 

networks to solve the same task when employing different decision strategies 

(matching vs. maximisation), following the same structural pathways identified 

in our DTI study (Chapter 3). This evidence for a strong link between brain 

connectivity and behaviour proposes alternate brain routes to learning that could 

be harnessed to optimise adaptive human behaviour. 
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5. Graph theory analysis for 

predicting individual variability 

in statistical learning 

5.1. Introduction 

In Chapters 3 and 4, I showed that structural and functional plasticity within 

known cortico-striatal circuits is associated with individual behaviour. In 

particular, we found that plasticity within the executive, motivational and motor 

cortico-striatal circuits relates to maximisation, whereas plasticity within the 

visual cortico-striatal circuit relates to matching strategy. These findings are 

supported by both the structural (i.e. DTI) and the functional (i.e. rs-fMRI) 

connectivity analyses. Further, we combined information from the two imaging 

modalities and conducted a DTI-informed connectivity analysis of rs-fMRI data. 

In brief, we segmented striatum into finer sub-regions based on their DTI 

connectivity profiles and then tested the functional connectivity between the 

striatal segments and the rs-fMRI networks as determined by ICA. This analysis 

refined the spatial definition of the cortico-striatal circuits and provided further 

evidence of dissociable brain circuits for the two alternative strategies. Yet, it 

involves sequential data processing rather than fusion of the two imaging 

modalities. Here, we aim to fuse data from the two modalities (rs-fMRI, DTI) 

and test for multimodal predictors of individual strategy for statistical learning. 

 Early work on combining functional and structural connectivity has 

focused on separate data analysis for each modality and discussed parallels 

based on similarities of the results (Antonenko et al., 2012; De Schotten et al., 

2014; Greicius et al., 2009; Mars et al., 2011; Rykhlevskaia et al., 2008). 

However, it has been shown that rs-fMRI connectivity shows high dependency 

on the underlying anatomical structure and can be predicted by DTI measures 

(Hermundstad et al., 2013; Horn et al., 2014; Koch et al., 2010; Skudlarski et 
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al., 2008; Martijn P. van den Heuvel & Hulshoff Pol, 2010). Therefore, new 

methods have emerged to efficiently combine two or more modalities at the 

analysis stage: DTI-informed functional connectivity analysis (J. Wang et al., 

2012; W. Zhang et al., 2016; Y. Zhang et al., 2014), joint-ICA (Calhoun et al., 

2009; Franco et al., 2008; Teipel et al., 2010) or multivariate statistical 

approaches (Krishnan et al., 2011; Sui et al., 2012; Zhu et al., 2014). More 

recently, advanced computational models have been developed taking into 

account the neuronal dynamics and have shown a high correspondence between 

empirical and simulated connectivity (Bettinardi et al., 2017; Cabral, Hugues, 

Kringelbach, & Deco, 2012; Deco & Corbetta, 2011; Deco, Tononi, Boly, & 

Kringelbach, 2015; Gilson, Moreno-Bote, Ponce-Alvarez, Ritter, & Deco, 2016; 

Goñi et al., 2014). 

 In this chapter, we employ graph theory analysis and partial least squares 

regression to combine behavioural measures with rs-fMRI functional and DTI 

structural connectivity (Danielle S Bassett & Sporns, 2017; Timothy E J 

Behrens & Sporns, 2012; Bullmore & Bassett, 2011; Bullmore & Sporns, 2009). 

We first present how we construct the graphs and calculate measures of global 

and local integration (Rubinov & Sporns, 2010). We then apply a multivariate 

method (partial least squares regression) to combine these graph metrics and 

identify multimodal brain connectivity predictors (rs-fMRI, DTI) of individual 

strategy when learning temporal statistics (Abdi, 2010; Krishnan et al., 2011; 

McIntosh et al., 2004; McIntosh & Lobaugh, 2004; Rosipal & Kramer, 2006). 

Our results demonstrate that learning-dependent changes in the interactions 

within (as indicated by graph measures of local integration) and between (as 

indicated by graph measures of global integration) cortico-striatal circuits (i.e. 

executive, motivational, visual and motor) predict individual strategy when 

learning temporal statistics. Finally, we provide evidence of the robustness of 

our findings against a range of graph-related limitations (Bullmore & Bassett, 

2011; Butts, 2009; Fornito et al., 2013). 
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5.2. Methods 

5.2.1. Resting-state data pre-processing 

Following the whole-brain modelling of rs-fMRI data –as presented in Chapter 

4–, we extracted the first eigenvariate across all voxels in each AAL region (90 

areas; excluding Cerebellum and Vermis). We applied a 5th order Butterworth 

band-pass filter, between 0.01 and 0.08 Hz, to remove effects of scanner noise 

and physiological signals (respiration, heart beat) (Murphy et al., 2013; Van 

Dijk et al., 2010). We then constructed a 90x90 correlation matrix by correlating 

the timecourse of each AAL region with every other AAL region. Finally, we 

standardised the correlation coefficients using Fisher z-transform and averaged 

the z-values across the three rs-fMRI runs to derive a single functional 

connectivity matrix for each participant and session. 

 

5.2.2. DTI data pre-processing 

Following the DTI pre-processing and BedpostX modelling –as presented in 

Chapter 3– we parcellated the brain into 90 areas (excluding Cerebellum and 

Vermis) using the AAL atlas (Tzourio-Mazoyer et al., 2002). We simulated 

tracts (i.e. probabilistic streamlines) from each AAL area (i.e. seed mask in 

native space) to any other AAL area (i.e. termination masks) using the 

Probabilistic Tracking algorithm (ProbtrackX) (Behrens et al., 2007). The 

parameters we used in ProbtrackX are: 5000 samples per voxel, 2000 steps per 

sample until conversion, 0.5mm step length, 0.2 curvature threshold, 0.01 

volume fraction threshold and loopcheck enabled to prevent tracts from forming 

loops. To control for differences in volume across seeds and participants, we 

normalised the tract count (i.e. the number of streamlines reaching area j when 

seeded from areas i) by the total number of tracts started from that seed region 

(Heidi Johansen-Berg & Rushworth, 2009). Finally, we averaged the normalised 

tract count from area i to area j and from area j to area i to create a symmetric 

structural connectivity matrix for each participant and session. 
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5.2.3. Graph analysis 

We constructed participant-specific binary graphs based on the connectivity 

matrices for each modality (i.e. rs-fMRI, DTI). We first generated the Minimum 

Spanning Tree (Kruskal, 1956) per matrix to create a connected graph for each 

participant and session. We then iteratively added the strongest edges 

irrespective of the sign (i.e. using the absolute functional connectivity value), 

until we reached a certain density level (i.e. proportion of graph edges compared 

to a fully-connected graph). Previous work in a similar-sized parcellation 

(Danielle S. Bassett et al., 2008) has shown that density lower than 15% may 

result in sparse graphs and higher than 25% in graphs without small-world 

topology. Thus, we generated graphs at 20% density and then evaluated the 

stability of our findings in a range of density levels: from 10 to 30% in 

increments of 5. We then used the Brain Connectivity Toolbox (Rubinov & 

Sporns, 2010) to calculate local and global metrics for each participant and 

session. 

 In particular, we computed graph metrics which have been shown to 

relate to learning and brain plasticity (Heitger et al., 2012; Mrazek et al., 2016; 

Polanía et al., 2011; Román et al., 2017; Sami & Miall, 2013; Van Hartevelt et 

al., 2014; Vatansever et al., 2015): a) local: degree, clustering coefficient, 

average shortest path length and local efficiency; b) global: global efficiency, 

average shortest path length, modularity and small-worldness. 

Degree (k): number of connections from node i to the rest of the graph G 

(Rubinov & Sporns, 2010) 

   ∑     

   

 

where ai,j=1 if and only if there is an edge between nodes i and j. N is the set of 

nodes in graph G. 
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Clustering coefficient (C): proportion of node i’s neighbours that are connected 

to each other (Watts & Strogatz, 1998). 

   
∑                  

        
 

Average shortest path length (L): average number of transitions via graph edges 

from node i to any other node in the network (Watts & Strogatz, 1998). 

   
∑            

   
 

where n is the number of nodes in the graph and di,j is the distance (i.e. 

minimum transitions) between nodes i and j. The global average shortest path 

length is the average Li across nodes. 

Local efficiency (Eloc): how efficiently a node’s neighbours can communicate if 

this node is removed (Latora & Marchiori, 2001). 

     
 

 
∑

∑                   
  

         

        
   

 

where Gi is the subgraph of node i’s neighbours (without including node i). 

Global efficiency (Eg): how efficiently information is exchanged over the whole 

network (Latora & Marchiori, 2001). 

   
∑ ∑     

  
          

      
 

Modularity (Q): quality of clearly delineated partitions of nodes (i.e. modules) 

(Blondel, Guillaume, Lambiotte, & Lefebvre, 2008). 

  
 

 
∑ (     

    

 
)       

     

 

where l is the graph’s density level, mi is the module that contains node i and δ 

is a delta function. 
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Small-worldness (S): trade-off between shortest path length (integration) and 

clustering coefficient (segregation) (Danielle Smith Bassett & Bullmore, 2006; 

Humphries & Gurney, 2008). 

  

 
     

⁄

 
     

⁄
 

where Crand and Lrand are the average clustering coefficient and shortest path 

length of a random graph. In brief, we created random graphs –that preserved 

connectedness and degree distribution (Rubinov & Sporns, 2010)– based on the 

average connectivity matrices across groups and sessions for each modality (rs-

fMRI, DTI) and then computed the average clustering coefficient (Crand) and 

average shortest path length (Lrand) across nodes for each random graph. 

 To compute the network modularity, we sought to find the optimal 

group-based modular decomposition for each modality (rs-fMRI, DTI). First, 

we averaged the connectivity matrices to create a group-based connectivity 

matrix for each group (training, no-training control) by pooling connectivity 

matrices across sessions (Pre, Post). We followed the same procedure as before 

to create binary graphs at 20% density for each modality. We used these average 

connectivity matrices to find the optimal group-based modular decomposition 

following a two-step procedure: a) identify the optimal resolution parameter (i.e. 

gamma value) and b) use this gamma value to find the optimal modular 

decomposition. Therefore, we applied Louvain’s community detection 

algorithm (Blondel et al., 2008) for 1000 repetitions for a range of gamma 

values: from 1 to 3 in increments of 0.1. We computed the average versatility of 

the graph and found the gamma value that minimises versatility for each 

modality (Shinn et al., 2017). In brief, nodal versatility measures the ambiguity 

in module affiliation of a node across repetitions and graph versatility is the 

average versatility across all nodes. Then, for the optimal gamma value (rs-

fMRI: gamma=1.2; DTI: gamma=1.9) we repeatedly applied 100 Louvain’s 

decompositions until the consensus matrix converged to a binary matrix 

(Lancichinetti & Fortunato, 2012) and the final decomposition defined the 
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group-based modules for each modality. Finally, to calculate modularity for 

each participant and session, we performed a similar modular decomposition per 

participant for the optimal gamma value for each modality. 

 

5.2.4. Partial Least Squares regression analysis 

To test for significant predictors of individual performance (i.e. decision 

strategy), we used Partial Least Squares (PLS) regression. PLS regression 

applies a decomposition on a set of predictors (X) to create orthogonal latent 

variables that show the maximum covariance with the response variables (Y) 

(Abdi, 2010; Krishnan et al., 2011; McIntosh & Lobaugh, 2004; Rosipal & 

Kramer, 2006): 

X = TP
T
 

where T is the latent variables and P is the loadings for X. 

  = TBC
T
 

where   is the estimation of Y, C is the loadings for Y and B is a diagonal 

matrix of the regression’s beta weights (Abdi, 2010). 

 PLS regression has been previously used in neuroimaging studies 

(Seidlitz et al., 2018; Vértes et al., 2016; Whitaker et al., 2016) when there is 

multi-collinearity in the predictors and/or the number of predictors exceeds the 

number of samples. We followed this method to combine measurements derived 

from rs-fMRI and DTI data and find predictors of strategy. We first selected 

twelve (12) nodes (i.e. AAL areas) that correspond to the networks that showed 

significant correlations with strategy in our DTI-informed resting-state 

connectivity analyses (Chapter 4): a) striatum: bilateral caudate, bilateral 

putamen; b) RCEN network: right middle frontal gyrus (MFG); c) LCEN 

network: triangular part of left inferior frontal gyrus (IFG); d) Visuospatial 

network: bilateral postcentral gyrus; e) Higher Visual network: bilateral 

calcarine sulcus; and f) ACC network: bilateral anterior cingulate gyrus (ACC). 

For each selected node, we computed a measure of centrality and global 

integration (i.e. how nodes combine information from the rest of the network) 

and a measure of local integration (i.e. how nodes are embedded in a highly 
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connected local neighbourhood) (J. R. Cohen & D’Esposito, 2016; Deco et al., 

2015; Sporns, 2013). We selected degree as a measure of centrality and global 

integration, as network hubs (i.e. nodes with high degree) have been shown to 

play a pivotal role in integrating information across the whole brain (Martijn P. 

van den Heuvel & Sporns, 2013). In addition, we selected clustering coefficient 

as a measure of local integration, as it indicates how highly interconnected is the 

local neighbourhood of a node (Opsahl, 2013; Watts & Strogatz, 1998). We then 

entered the change in degree and clustering before vs. after training (post- minus 

pre-training) of the selected nodes as predictors in the PLS model and strategy 

index for learning frequency (level-0) and context-based statistics (mean index 

for level-1 and level-2) as response variables. Predictors and response variables 

were standardised (z-scored) before entered in the PLS model. 

 To test for significance of the model, we permutated the response 

variables 10,000 times and performed a PLS regression for each permutation to 

generate a null distribution from our data (McIntosh & Lobaugh, 2004). We 

then tested whether our sample explains more variance in the response variables 

(i.e. strategy index) than the 95 percentile of the permutated samples. We 

computed the significance as a function of the number of latent variables (i.e. 

PLS components or scores) to select significant components for further analysis. 

 Next, we assessed the stability of the predictor loadings (i.e. weights) to 

determine the significant predictors of the response variables. We generated 

1,000 bootstrap samples from our data by sampling with replacement. We then 

performed a PLS regression for each bootstrap sample to generate a distribution 

per weight. To generate these distributions, we first corrected the estimated 

components for axis rotation (i.e. if the components changed order) and 

reflection (i.e. if the weights changed sign) across bootstrap samples using 

Procrustes rotation (Milan & Whittaker, 1995). We then normalised the weights 

of the observed sample (i.e. original data) to the standard deviation of the 

bootstrapped weights; resulting in z-score-like weights (Efron & Tibshirani, 

1986). Finally, we accepted as significant the predictors showing |z|>2.576 

(p=0.01) (McIntosh & Lobaugh, 2004), for each component independently. 
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5.3. Results 

5.3.1. Graph analysis 

To integrate data from rs-fMRI and DTI, we employed graph theory that allows 

us to extract comparable metrics across brain imaging modalities. In particular, 

we constructed participant-specific binary graphs for each brain imaging 

modality (rs-fMRI, DTI) for 20% density. Moreover, we computed group-based 

modules for each modality by decomposing the average connectivity matrix, for 

visualisation purposes. We detected 5 modules for rs-fMRI and 9 modules for 

DTI data (Figure 5.1). Figure 5.2 demonstrates the same graphs with the nodes 

reordered based on their module affiliation. 
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Figure 5.1: Resting-state and DTI graphs and modules. Whole brain graphs created from the 

AAL parcellation (90 areas excluding Cerebellum and Vermis) for: (a) rs-fMRI and (b) DTI 

data. Graphs are displayed in axial and sagittal views (neurological convention: left is left) and 

thresholded at 5% density for visualisation purposes. The size of the nodes is proportional to the 

average degree and the thickness of the edges is proportional to the average connection 

probability. Modules (estimated using Louvain’s community detection and consensus matrix 

algorithms) and their nodes are presented with different colours. 
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Figure 5.2: Connectograms of rs-fMRI and DTI graphs. Nodes are labelled based on the 

AAL areas and reordered based on their module affiliation for (a) rs-fMRI and (b) DTI. Modules 

and their nodes are presented with different colours following the convention in Figure 5.1. 
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 For further analysis, we selected twelve nodes from these graphs per 

imaging modality corresponding to areas in cortico-striatal circuits that showed 

significant correlations with strategy in the DTI-informed rs-fMRI connectivity 

analysis (Chapter 4): bilateral caudate, bilateral putamen, right MFG, left IFG, 

bilateral postcentral gyrus, bilateral calcarine sulcus and bilateral ACC (Figure 

5.3). For each selected node, we computed degree and clustering coefficient to 

measure global integration (i.e. how nodes combine information from the rest of 

the network) and local integration (i.e. how nodes are embedded in a highly 

connected local neighbourhood), respectively (J. R. Cohen & D’Esposito, 2016; 

Deco et al., 2015; Sporns, 2013). These measures have been previously shown 

to relate to learning and brain plasticity (Heitger et al., 2012; Mrazek et al., 

2016; Polanía et al., 2011; Román et al., 2017). 

 We next asked whether learning-dependent changes in the local and 

global integration of cortico-striatal networks predict individual behavior (i.e. 

strategy index). To identify the linear combinations of regional metrics of 

functional and structural brain connectivity that best predict individual strategy, 

we entered rs-fMRI and DTI graph metrics (degree change and clustering 

change) into a PLS regression model (Abdi, 2010; Krishnan et al., 2011; 

McIntosh & Lobaugh, 2004; Rosipal & Kramer, 2006). We found that the first 

three PLS components (PLS-1, PLS-2, PLS-3) predicted significantly strategy 

index for frequency and context-based statistics compared to a null model 

(p=0.024 for 10,000 permutations). These three components together explained 

85% of the variance in strategy index (Figure 5.4, Table 5.1). For further 

analysis, we focused on the first two components that were robustly estimated 

across a range of density levels (10% to 30% density in increments of 5%) and 

atlases (Shen (Shen, Tokoglu, Papademetris, & Constable, 2013) and 

Brainnetome atlases (Fan et al., 2016)) (see 5.3.2). Figure 5.5 summarises the 

weights (combinations of nodes and metrics) for PLS-1 and PLS-2 for 20% 

density. 
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Figure 5.3: Resting-state and DTI selected nodes. Whole brain graphs created from the AAL 

parcellation (90 areas excluding Cerebellum and Vermis) for: (a) rs-fMRI and (b) DTI data. 

Graphs are displayed in axial and sagittal views (neurological convention: left is left) and 

thresholded at 5% density for visualisation purposes. The thickness of the edges is proportional 

to the average connection probability. The selected nodes are coloured based on discrete areas 

within known cortico-striatal circuits: caudate and putamen (magenta), right MFG and left IFG 

(red), postcentral gyrus (cyan), calcarine sulcus (blue) and ACC (yellow). 
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Figure 5.4: Goodness of fit of PLS regression for the training group. Left panel shows 

variance explained in the response variables as a function of PLS components. Right panel 

shows significance of PLS model as a function of PLS components. Significance was 

determined by permutation testing (10,000 permutations) and p-values below 0.05 are 

considered significant. 
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Table 5.1: PLS weights for 20% density. Weights are presented for the first three components 

for: (a) predictors and (b) response variables. Asterisks denote significant weights (|z|>2.576). 

a. Weights for predictors 

Node 
Graph 

metric 

PLS-1 PLS-2 PLS-3 

rs-

fMRI 
DTI 

rs-

fMRI 
DTI 

rs-

fMRI 
DTI 

L Caudate Degree 1.79 -0.97 0.64 -2.84* 0.32 -1.77 

L Caudate Clustering 1.18 1.05 -0.22 3.99* 0.03 1.9 

R Caudate Degree 2.30 -0.89 0.77 3.21* 0.05 0.99 

R Caudate Clustering 2.07 -0.1 0.03 -0.66 0.49 1.25 

L Putamen Degree 1.78 4.60* 1.38 -0.67 -0.55 -2.05 

L Putamen Clustering 0.29 -2.13 0.96 1.37 0.28 1.51 

R Putamen Degree 1.35 -2.06 0.31 0.34 -1.04 -1.48 

R Putamen Clustering -0.40 -0.03 1.24 -0.27 1.83 4.44* 

R MFG Degree 0.41 -0.22 0.39 2.67* 0.55 0.7 

R MFG Clustering -1.92 -1.94 -0.49 -0.49 -1.56 1.1 

L IFG triangular Degree 2.83* 1.5 0.11 1.24 -0.52 -2.73* 

L IFG triangular Clustering 1.72 2.05 -0.57 1.32 -0.41 1.84 

L Postcentral Degree -1.86 -2.01 -1.69 -0.9 1.89 -0.74 

L Postcentral Clustering 0.20 2.66* -1.38 -0.44 0.02 0.26 

R Postcentral Degree -0.74 0.15 -1.11 -0.69 1.89 0.55 

R Postcentral Clustering -1.15 -1.71 -1.24 0.65 -0.83 1.88 

L Calcarine Degree -0.39 1.46 -0.23 -1.64 -0.77 -2.98* 

L Calcarine Clustering 0.95 0.5 1.96 0.64 0.65 0.52 

R Calcarine Degree 0.40 3.58* -0.67 0.02 -1.92 -0.68 

R Calcarine Clustering -1.04 -1.67 2.18 -0.95 0.64 -0.58 

L ACC Degree 0.39 -0.27 1.38 3.67* 0.19 -0.25 

L ACC Clustering 0.34 -0.52 2.84* 1.12 -0.50 3.09* 

R ACC Degree -0.18 2.16 2.55 1.21 -0.07 -1.32 

R ACC Clustering -0.56 -3.45* 1.44 -0.3 -0.40 2.09 

b. Weights for response variables 

Behaviour PLS-1 PLS-2 PLS-3 

Strategy 0 -2.85* 2.01 2.21 

Strategy 1&2 3.28* 2.47 -0.04 
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Figure 5.5: PLS results for 20% density. Scatterplot of the first two component weights (PLS-

1, PLS-2) for (a) degree change and (b) clustering coefficient change. DTI (circles) and rs-fMRI 

(squares) data are shown separately per selected node. Nodes are coloured based on discrete 

areas within known cortico-striatal circuits: caudate and putamen (magenta), right MFG and left 

IFG (red), postcentral gyrus (cyan), calcarine sulcus (blue), and ACC (yellow). PLS predictor 

weights with |z|>2.576 (p=0.01) denote significant predictors for the respective PLS component. 
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 In particular, PLS-1 showed a negative correlation with strategy index 

for frequency statistics (r=-0.64, p=0.002) and a positive correlation for context-

based statistics (r=0.73, p=0.0002) (Figure 5.6). That is, this component 

captures changes in brain connectivity that predict changes in strategy from 

learning frequency to context-based statistics. This is consistent with our 

behavioural result showing stronger maximisation vs. matching for learning 

context-based than frequency statistics. We validated this finding by computing 

the strategy index difference as strategy for context-based minus strategy for 

frequency statistics; PLS-1 showed a strong positive correlation with the 

strategy index difference (r=0.89, p<0.0001). Further, the significant predictors 

for PLS-1 were: a) degree change in left putamen (DTI), right calcarine (DTI) 

and left IFG (rs-fMRI); b) clustering change in left postcentral (DTI) and right 

ACC (DTI) (Table 5.1a). This finding suggests that increased global integration 

in striatal, visual and left executive areas, while increased local integration 

within motor and decreased local integration within motivational areas account 

for changes in strategy from learning frequency to context-based statistics. 

 In contrast, PLS-2 showed a positive correlation with strategy index for 

both frequency (r=0.45, p=0.041) and context-based statistics (r=0.55, p=0.009) 

(Figure 5.6). That is, this component captures changes in brain connectivity that 

relate to strategy variability across participants irrespective of the sequence level 

(i.e. frequency or context-based statistics). We validated this finding by 

computing the mean strategy index as the average strategy for frequency and 

context-based statistics; PLS-2 showed a strong positive correlation with the 

mean strategy index (r=0.79, p<0.0001). Further, the significant predictors for 

PLS-2 were: a) degree change in left ACC (DTI), bilateral caudate (DTI) and 

right MFG (DTI); b) clustering change in left caudate (DTI) and left ACC (rs-

fMRI) (Table 5.1a). This finding suggests that increased (decreased) global 

integration in striatal, motivational and right executive areas and increased 

(decreased) local integration within striatal and motivational areas support 

learning by maximising (matching) for both frequency and context-based 

statistics. 
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 Taken together, our findings suggest that stronger connectivity within 

the motivational and the right executive cortico-striatal circuits is associated 

with maximisation strategy –consistent with our DTI (Chapter 3) and rs-fMRI 

findings (Chapter 4)–, whereas interactions within (as indicated by measures of 

local integration) and between (as indicated by measures of global integration) 

all four cortico-striatal circuits (i.e. left executive, motivational, visual and 

motor) support the differential role of strategy for learning frequency (i.e. 

matching) vs. context-based statistics (i.e. maximisation). Therefore, our 

findings show that learning-dependent changes in brain connectivity in 

dissociable networks predict decision strategy when learning temporal structures 

from simple repetition to probabilistic combinations. 

 

 

Figure 5.6: PLS components related to strategy index. Scatterplots of the first two PLS 

components with strategy index for: (a) Frequency statistics and (b) Context-based statistics.  
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5.3.2. Control analyses 

To assess the robustness of the estimated components across a range of density 

levels, we calculated degree and clustering for 10% to 30% density in 

increments of 5% per session (Pre, Post). We computed the difference between 

the two curves (post minus pre) for each metric (degree, clustering) (Danielle S. 

Bassett, Nelson, Mueller, Camchong, & Lim, 2012) and performed the same 

PLS regression analysis as before. We tested for model significance using 

permutation testing (10,000 permutations) and then correlated the estimated 

PLS components and bootstrapped weights (1,000 samples) with the 

components and weights estimated for 20% density. We found that the first PLS 

component across densities was significant compared to the null (p=0.05) and 

showed a high correlation with the PLS-1 component for 20% density (r=0.94, 

p<0.001). Further, the predictor weights across densities also showed a high 

correlation with the weights for 20% density (r=0.84, p<0.001). PLS-2 across 

densities was not significant in comparison to the null model; however, it 

showed a high correlation with the PLS-2 component and its weights for 20% 

density (component: r=0.89, p<0.001; weights: r=0.89, p<0.001). Similarly, 

PLS-3 across densities was not significant compared to the null and showed 

weaker correlations with the PLS-3 component for 20% density (component: 

r=0.48, p<0.001; weights: r=0.77, p<0.001). Figure 5.7 and Table 5.2 

summarise the weights for PLS-1 and PLS-2 across densities (10% to 30% 

density). 
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Figure 5.7: PLS results across densities (from 10% to 30%). Scatterplot of PLS-1 and PLS-2 

weights for (a) degree change and (b) clustering coefficient change. DTI (circles) and rs-fMRI 

(squares) data are shown separately per selected node. Nodes are coloured based on discrete 

areas within known cortico-striatal circuits: caudate and putamen (magenta), right MFG and left 

IFG (red), postcentral gyrus (cyan), calcarine sulcus (blue), and ACC (yellow). PLS predictor 

weights with |z|>2.576 (p=0.01) denote significant predictors for the respective PLS component.  



 
 

5. Graph theory for predicting individual variability 

 

109 
 

Table 5.2: PLS weights across densities (from 10% to 30%). Weights are presented for the 

first two components for: (a) predictors and (b) response variables. Asterisks denote significant 

weights (|z|>2.576). 

a. Weights for predictors 

Node 
Graph 

metric 

PLS-1 PLS-2 

rs-fMRI DTI rs-fMRI DTI 

L Caudate Degree 1.52 -0.38 1.09 -0.74 

L Caudate Clustering 1.97 1.45 -0.15 2.88* 

R Caudate Degree 2.05 -0.47 0.46 3.06* 

R Caudate Clustering 0.92 -2.12 0.85 0.78 

L Putamen Degree 2.09 5.12* 1.30 -0.81 

L Putamen Clustering 1.64 -2.56 0.98 0.79 

R Putamen Degree 1.57 -2.33 0.13 0.33 

R Putamen Clustering 0.59 -0.81 1.15 0.76 

R MFG Degree -0.33 -0.4 -0.31 3.46* 

R MFG Clustering -1.17 1.53 -0.20 -0.04 

L IFG triangular Degree 3.50* -1.31 0.38 1.12 

L IFG triangular Clustering 2.20 1.96 0.22 0.72 

L Postcentral Degree -1.72 -1.12 -1.86 -0.74 

L Postcentral Clustering -0.41 2.25 -1.55 0.11 

R Postcentral Degree -1.20 1.79 -1.51 -0.39 

R Postcentral Clustering -0.81 -2.05 -0.76 0.47 

L Calcarine Degree -0.23 0.91 -0.15 -2.44 

L Calcarine Clustering 1.59 1.14 2.35 0.75 

R Calcarine Degree 1.02 2.33 -0.32 0.26 

R Calcarine Clustering -0.12 -0.88 1.15 -1.14 

L ACC Degree 0.65 -1.07 2.13 2.39 

L ACC Clustering 0.36 -0.78 2.82* 2.69* 

R ACC Degree -0.48 1.5 2.33 2.52 

R ACC Clustering -1.37 -3.21* 1.06 0.12 

b. Weights for response variables 

Behaviour PLS-1 PLS-2 

Strategy 0 -2.79* 1.99 

Strategy 1&2 3.14* 2.24 
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 Second, to test whether our findings generalise to other parcellation 

schemes than the AAL atlas, we created graphs at 20% density using the Shen 

(Shen et al., 2013) and Brainnetome (Fan et al., 2016) atlases that provide a 

finer whole brain parcellation. We selected nodes that corresponded to the same 

anatomical areas as the selected AAL nodes and performed a similar PLS 

regression analysis (Table 5.3). We found that both atlases yielded significant 

results (Figure 5.8). Moreover, we found that the first two components for these 

atlases were highly similar to our results for the AAL atlas (Shen: PLS-1 scores: 

r=0.75, p<0.001, PLS-2 scores: r=0.83, p<0.001; Brainnetome: PLS-1 scores: 

r=0.73, p<0.001, PLS-2 scores: r=0.87, p<0.001), suggesting that it is unlikely 

that our results were confounded by the selected parcellation atlas. 

 

Table 5.3: Selected nodes for each parcellation atlas. Nodes are grouped based on networks 

within known cortico-striatal circuits for: AAL, Shen and Brainnetome atlases. Nodal indices for 

each atlas are shown in parenthesis. v=ventral, d=dorsal, vm=ventromedial, dl=dorsolateral. 

Region 

Atlas 

AAL Shen Brainnetome 

Striatum 
Caudate (71,72) 

Putamen (73,74) 

Caudate (258,259,260, 

121,122,123) 

Putamen (261,124,125) 

v Caudate (219,220) 

d Caudate (227,228) 

vm Putamen (225,226) 

dl Putamen (229,230) 

Visual Calcarine (43,44) Calcarine (76,80,213) 
caudal Cuneus 

(193,194) 

Motor 
Postcentral 

(57,58) 

Postcentral (38,45, 

171,179) 

Postcentral, area 2 

(159,160) 

Motivational ACC (31,32) ACC (5,138,140) 
Cingulate, area 32 

(187,188) 

Executive 

right MFG (8) 

left IFG triangular 

(13) 

right MFG (14) 

left IFG triangular 

(147,157) 

right MFG, area 8 (24) 

left IFG junction (17) 
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Figure 5.8: Goodness of fit of PLS regression for finer parcellations: (a) Shen and (b) 

Brainnetome. Left panels show variance explained in the response variables as a function of 

PLS components. Right panels show significance of PLS model as a function of PLS 

components. Significance was determined by permutation testing (10,000 permutations) and p-

values below 0.05 are considered significant. 
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 Finally, we tested whether our findings generalise to other graph 

measures that relate to global and local integration. We selected the average 

shortest path length as a measure of global integration and the local efficiency as 

a measure of local integration. We conducted similar PLS regression analyses as 

for our main model (i.e. model including degree and clustering coefficient) for 

the following models: a) Model-1: average shortest path length and clustering 

coefficient (Table 5.4), b) Model-2: average shortest path length and local 

efficiency (Table 5.5), c) Model-3: degree and local efficiency (Table 5.6). 

Note that all metrics were entered as z-scored change (post- minus pre-training). 

All models showed significant results after 10,000 permutations (Figure 5.9). 

Moreover, the first two components for these models were highly similar to our 

main findings (Model-1: {PLS-1 scores: r=0.94, p<0.001, PLS-1 weights: 

r=0.84, p<0.001, PLS-2 scores: r=0.89, p<0.001, PLS-2 weights: r=0.79, 

p<0.001}; Model-2: {PLS-1 scores: r=0.88, p<0.001, PLS-1 weights: r=0.79, 

p<0.001, PLS-2 scores: r=0.86, p<0.001,  PLS-2 weights: r=0.71, p<0.001}; 

Model-3: {PLS-1 scores: r=0.99, p<0.001, PLS-1 weights: r=0.97, p<0.001, 

PLS-2 scores: r=0.98, p<0.001, PLS-2 weights: r=0.95, p<0.001}). Thus, our 

findings showing that learning-dependent plasticity in cortico-striatal networks 

predicts individual behaviour (i.e. decision strategy) are not limited only to 

selected measures of global or local integration. 
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Figure 5.9: Goodness of fit of PLS regression for (a) Model-1, (b) Model-2 and (c) Model-3. 

Model-1: average shortest path length and clustering coefficient, Model-2: average shortest path 

length and local efficiency, Model-3: degree and local efficiency. Left panels show variance 

explained in the response variables as a function of PLS components. Right panels show 

significance of PLS model as a function of PLS components. Significance was determined by 

permutation testing (10,000 permutations) and p-values below 0.05 are considered significant. 
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Table 5.4: PLS weights for Model-1 (average shortest path length, clustering coefficient). 

Weights are presented for the first two components for: (a) predictors and (b) response variables. 

Asterisks denote significant weights (|z|>2.576). 

a. Weights for predictors 

Node 
Graph 

metric 

PLS-1 PLS-2 

rs-fMRI DTI rs-fMRI DTI 

L Caudate Path length -1.51 -0.70 0.47 2.60* 

L Caudate Clustering 1.30 1.42 -0.38 4.28* 

R Caudate Path length -2.29 -1.24 0.31 -0.95 

R Caudate Clustering 2.30 -0.13 -0.29 -0.48 

L Putamen Path length -3.02* -0.67 0.27 3.63* 

L Putamen Clustering 0.36 -2.34 1.04 2.00 

R Putamen Path length -0.72 2.30 1.05 0.30 

R Putamen Clustering -0.39 -0.03 1.28 -0.06 

R MFG Path length -1.06 -1.34 0.40 -0.58 

R MFG Clustering -2.20 -2.07 -0.25 -0.14 

L IFG triangular Path length -2.81* -3.21* -0.52 -1.28 

L IFG triangular Clustering 1.92 2.37 -0.89 1.17 

L Postcentral Path length 3.00* 0.90 0.67 1.07 

L Postcentral Clustering 0.16 2.61* -1.34 -0.85 

R Postcentral Path length 0.96 -0.37 0.33 0.45 

R Postcentral Clustering -1.18 -1.82 -1.05 1.09 

L Calcarine Path length 0.73 -0.61 0.16 1.71 

L Calcarine Clustering 1.10 0.58 1.82 0.64 

R Calcarine Path length -1.70 -1.76 1.50 0.30 

R Calcarine Clustering -1.01 -1.83 2.31 -0.68 

L ACC Path length -0.72 -1.36 -0.46 -0.65 

L ACC Clustering 0.53 -0.47 3.37* 1.48 

R ACC Path length 0.40 -1.91 -1.97 0.76 

R ACC Clustering -0.56 -3.73* 1.78 0.29 

b. Weights for response variables 

Behaviour PLS-1 PLS-2 

Strategy 0 -2.72* 2.49 

Strategy 1&2 3.53* 1.94 
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Table 5.5: PLS weights for Model-2 (average shortest path length, local efficiency). Weights 

are presented for the first two components for: (a) predictors and (b) response variables. 

Asterisks denote significant weights (|z|>2.576). 

a. Weights for predictors 

Node 
Graph 

metric 

PLS-1 PLS-2 

rs-fMRI DTI rs-fMRI DTI 

L Caudate Path length -1.54 -0.41 0.73 2.87* 

L Caudate Efficiency 0.75 2.01 -0.78 3.23* 

R Caudate Path length -2.22 -1.39 0.69 -0.69 

R Caudate Efficiency 2.34 -0.62 -1.02 -0.57 

L Putamen Path length -2.95* -0.37 0.78 3.66* 

L Putamen Efficiency -0.64 -1.72 1.58 2.14 

R Putamen Path length -0.53 2.20 1.13 -0.19 

R Putamen Efficiency -0.51 0.52 1.20 0.01 

R MFG Path length -1.07 -1.38 0.56 -0.29 

R MFG Efficiency -1.77 -1.20 -0.78 0.71 

L IFG triangular Path length -2.99* -3.48* 0.05 -0.64 

L IFG triangular Efficiency 1.33 2.03 -0.10 -0.25 

L Postcentral Path length 3.00* 1.01 0.11 0.86 

L Postcentral Efficiency -0.85 2.24 -1.87 -1.31 

R Postcentral Path length 0.94 -0.29 0.17 0.51 

R Postcentral Efficiency -1.24 -2.01 -1.44 1.47 

L Calcarine Path length 0.75 -0.43 -0.04 1.80 

L Calcarine Efficiency 1.53 1.10 1.29 0.22 

R Calcarine Path length -1.58 -1.85 1.84 0.64 

R Calcarine Efficiency -0.14 -0.29 1.55 -0.07 

L ACC Path length -0.74 -1.51 -0.30 -0.41 

L ACC Efficiency 0.75 -0.17 4.14* 1.56 

R ACC Path length 0.20 -1.56 -2.17 1.04 

R ACC Efficiency -1.09 -3.52* 2.53 -1.01 

b. Weights for response variables 

Behaviour PLS-1 PLS-2 

Strategy 0 -2.28 2.96* 

Strategy 1&2 3.79* 1.45 
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Table 5.6: PLS weights for Model-3 (degree, local efficiency). Weights are presented for the 

first two components for: (a) predictors and (b) response variables. Asterisks denote significant 

weights (|z|>2.576). 

a. Weights for predictors 

Node 
Graph 

metric 

PLS-1 PLS-2 

rs-fMRI DTI rs-fMRI DTI 

L Caudate Degree 1.92 -1.12 0.27 -2.37 

L Caudate Efficiency 0.78 1.59 -0.64 3.21* 

R Caudate Degree 2.28 -0.72 0.39 3.04* 

R Caudate Efficiency 1.93 -0.61 -0.59 -0.79 

L Putamen Degree 1.86 4.50* 0.88 -1.10 

L Putamen Efficiency -0.69 -1.76 1.25 1.53 

R Putamen Degree 1.25 -2.10 0.06 0.56 

R Putamen Efficiency -0.50 0.51 0.82 0.03 

R MFG Degree 0.46 -0.07 0.29 2.47 

R MFG Efficiency -1.70 -1.14 -1.03 0.38 

L IFG triangular Degree 2.99* 1.59 -0.26 0.93 

L IFG triangular Efficiency 1.33 1.91 0.17 0.18 

L Postcentral Degree -2.06 -2.02 -1.38 -0.57 

L Postcentral Efficiency -0.73 2.61* -2.01 -0.74 

R Postcentral Degree -0.80 0.09 -0.91 -0.66 

R Postcentral Efficiency -1.13 -2.00 -1.70 0.93 

L Calcarine Degree -0.41 1.33 -0.20 -1.88 

L Calcarine Efficiency 1.36 1.05 1.45 0.43 

R Calcarine Degree 0.40 3.48* -0.78 -0.44 

R Calcarine Efficiency -0.25 -0.25 1.61 -0.14 

L ACC Degree 0.53 -0.10 1.38 3.69* 

L ACC Efficiency 0.53 -0.27 3.20* 1.30 

R ACC Degree -0.01 2.19 2.76* 0.80 

R ACC Efficiency -1.26 -2.94* 2.06 -1.59 

b. Weights for response variables 

Behaviour PLS-1 PLS-2 

Strategy 0 -2.63* 2.38 

Strategy 1&2 3.61* 2.09 
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5.3.3. No-training control analysis 

To test whether learning-dependent changes in graph metrics are specific to 

training rather than due to repeated exposure to temporal sequences, we 

conducted a PLS regression analysis for a no-training control group. We 

constructed binary graphs for 20% density and computed degree and clustering 

changes (post- minus pre-training) for the same AAL nodes as in the training 

group. We calculated strategy index for learning frequency and context-based 

statistics from the second test session, as there were no behavioral training data 

for the control group. We did not observer any significant model compared to 

the null (10,000 permutations) for any number of PLS components (Figure 

5.10), suggesting that our PLS analysis predicting individual strategy from 

changes in graph metrics of brain connectivity (degree, clustering) is specific to 

the training group. 

 

 

Figure 5.10: Goodness of fit of PLS regression for the no-training control group. Left panel 

shows variance explained in the response variables as a function of PLS components. Right 

panel shows significance of PLS model as a function of PLS components. Significance was 

determined by permutation testing (10,000 permutations) and p-values below 0.05 are 

considered significant. 
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5.3.4. Additional analyses 

First, we tested whether changes in global metrics for each modality (rs-fMRI, 

DTI) relate to individual decision strategy. Therefore, we performed a 

semipartial Pearson correlation analysis of changes in global efficiency (Eg), 

modularity (M) and small-worldness (S) for 20% density with strategy index for 

frequency (level-0) and context-based statistics (mean index for level-1 and 

level-2). We found that changes in global efficiency (DTI) and modularity (DTI) 

show significant negative correlations with strategy index for frequency 

statistics (Eg: r=-0.44, p=0.045; M: r=-0.57, p=0.007); suggesting that increased 

global integration (as indicated by global efficiency) and increased modular 

segregation (as indicated by modularity) may support learning by matching for 

frequency statistics. 

 Second, we tested whether intra-modular and/or inter-modular degree 

support our main PLS findings (Vértes et al., 2016). Following the optimal 

group-based modular decomposition (Figure 5.1), we computed intra-modular 

degree per node as the number of connections from a node to other nodes within 

the same module, whereas inter-modular degree as the number of connections 

from a node to nodes of other modules. We then performed a PLS regression 

analysis of change in intra- or inter-modular degree and clustering coefficient 

for the same AAL nodes as in the main analysis. We found that both models 

yielded significant results (intra-modular degree: p=0.037, for three PLS 

components; inter-modular degree: p<0.05, for any number of PLS 

components); suggesting that integration within and between modules supports 

strategy for learning temporal statistics. 

 Finally, we investigated whether graph nodes were consistently 

identified as hubs across participants, for each modality (rs-fMRI, DTI). A node 

was classified as a hub if it belonged to the top 20% of nodes for at least 3 of the 

following: a) highest degree, b) highest betweenness centrality, c) lowest 

average shortest path length, and d) lowest clustering coefficient (Martijn P. van 

den Heuvel, Mandl, Stam, Kahn, & Hulshoff Pol, 2010). Figure 5.11 shows the 

10 most frequent hubs across participants for each modality (rs-fMRI, DTI) and 
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session (Pre, Post). We found that rs-fMRI data did not show any consistently 

classified hubs across participants (i.e. maximum frequency of 12), whereas DTI 

data identified thalamus, putamen and left precuneus as hubs for all participants. 

These results provide evidence for the important role of the striatum (i.e. 

caudate and putamen) in integrating whole-brain information (i.e. global 

integration). 

 

 

Figure 5.11: Ranked distribution of hubs across participants. Data of the 10 most frequent 

hubs across participants are presented for: (a) rs-fMRI and (b) DTI data. Left panels show hub 

distribution at the pre-training and right panels show hub distribution at the post-training 

sessions. Nodes are labelled based on the AAL areas. STG = Superior Temporal Gyrus, MTG = 

Middle Temporal Gyrus, SFG = Superior Frontal Gyrus. 
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5.4. Discussion 

Here, we investigate linear combinations of regional metrics of functional and 

structural brain connectivity that best predict individual strategy when learning 

temporal statistics in variable environments. Our behavioural results (Chapter 2) 

provide evidence that individuals vary in their decision strategy (matching vs. 

maximisation). Our DTI (Chapter 3) and rs-fMRI findings (Chapter 4) 

demonstrate that these strategies engage dissociable cortico-striatal circuits for 

learning behaviourally-relevant statistics. Combining data across modalities (rs-

fMRI, DTI), we identify multimodal brain connectivity predictors of individual 

behaviour (i.e. decision strategy). Importantly, our findings suggest that 

learning-dependent changes in the interactions within and between cortico-

striatal circuits predict individual strategy when learning temporal statistics. 

 First, we show that employing graph theory allows us to extract 

comparable metrics across brain imaging modalities (Danielle S Bassett & 

Sporns, 2017; Timothy E J Behrens & Sporns, 2012; Bullmore & Bassett, 2011; 

Bullmore & Sporns, 2009) that measure global integration (i.e. how nodes 

combine information from the rest of the network) and local integration (i.e. 

how nodes are embedded in a highly connected local neighbourhood) (J. R. 

Cohen & D’Esposito, 2016; Deco et al., 2015; Sporns, 2013). Previous studies 

have implicated such measures of global and local integration (Rubinov & 

Sporns, 2010) in learning and brain plasticity (Heitger et al., 2012; Mrazek et 

al., 2016; Polanía et al., 2011; Román et al., 2017; Sami & Miall, 2013; Van 

Hartevelt et al., 2014). We focus our analysis in the same framework as our 

previous studies (Chapters 3 & 4), selecting graph nodes that correspond to 

known cortico-striatal circuits: executive, motivational, visual and motor 

(Alexander et al., 1986; Lawrence et al., 1998; Carol A Seger, 2009). 

 Second, we provide evidence that plasticity –as indicated by learning-

dependent changes– in structural and functional connectivity in these cortico-

striatal circuits predicts individual strategy for learning temporal statistics. 

Previous work has used a range of approaches for integrating connectivity data 

across brain imaging modalities; for instance, testing for similarities across 
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functional and structural connectivity data analysed separately (Antonenko et 

al., 2012; De Schotten et al., 2014; Greicius et al., 2009; Mars et al., 2011; 

Rykhlevskaia et al., 2008) or combining data across modalities into a multiplex 

brain graph (Battiston et al., 2016, 2014; Battiston, Nicosia, Chavez, et al., 

2017; Battiston, Nicosia, & Latora, 2017; Kivelä et al., 2014; Nicosia & Latora, 

2015). Here, we sought to identify markers of functional and/or structural 

connectivity that predict behaviour. To this end, we chose to employ a 

multivariate analysis method (partial least squares regression) to combine data 

across imaging modalities (rs-fMRI, DTI) in a prediction model, rather than use 

multiplex graphs that produce unified measures of multimodal connectivity that 

do not allow us to discern the contribution of each imaging modality. Previous 

neuroimaging studies have employed PLS regression to find gene transcriptions 

predictive of brain imaging measures (Vértes et al., 2016; Whitaker et al., 2016) 

or brain imaging measures predictive of cognition (Seidlitz et al., 2018). Here, 

we show that global integration in motivational and right executive cortico-

striatal circuits and local integration within motivational circuits predicts 

maximisation in variable environments –in agreement with our DTI (Chapter 3) 

and rs-fMRI findings (Chapter 4). Further, global integration in visual and left 

executive circuits and local integration within motor and motivational circuits 

predicts changes in strategy for learning frequency vs. context-based statistics. 

Finally, we show that our findings generalise to a) a range of density levels, b) 

different parcellation atlases, and c) other graph measures of global and local 

integration. 

 In sum, we extend our previous work and suggest that only task-free 

measures of plasticity (rs-fMRI, DTI) are sufficient to predict variability in 

behaviour during task. We provide a framework for combining multimodal 

brain imaging measures (rs-fMRI, DTI) and behavioural performance (i.e. 

decision strategy). Our findings suggest that interactions within (as indicated by 

measures of local integration) and between (as indicated by measures of global 

integration) known cortico-striatal circuits (i.e. executive, motivational, visual 

and motor) (Carol A Seger, 2009) predict individual strategy when learning 
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temporal statistics in variable environments. These findings have potential 

translational applications and diagnostic value, as alternate brain routes could be 

harnessed to support learning ability when specific pathways (e.g. memory-

related circuits) are compromised by age or disease. 
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6. Discussion 

6.1. Thesis contribution 

In this thesis, I investigate the brain mechanisms involved in statistical learning 

of temporal structures. In particular, I employ a prediction task that simulates 

event streams in the natural environment, containing regularities from simple 

repetition to probabilistic combinations. To understand the brain networks that 

support learning of temporal structures and make predictions about upcoming 

events, I measure structural (DTI) and functional (rs-fMRI) plasticity after 

training on the prediction task. My work advances our current understanding of 

the brain plasticity mechanisms that mediate our ability to learn temporal 

structure by mere exposure to sequences (i.e. without trial-by-trial feedback) in 

three main respects. 

 First, I show that participants adapt to the environment‘s statistics but 

they vary in their decision strategies; that is, they either select the most probable 

outcome in a given context (i.e. maximisation strategy) or match their choices 

stochastically to the sequence statistics (i.e. matching strategy). Both strategies 

could be optimal depending on the environment (Bennett et al., 2011; Iigaya et 

al., 2017; Koehler & James, 2009; Schulze et al., 2015; West & Stanovich, 

2003) and there is evidence that strategies are not static processes but they 

change in the course of learning (Gluck et al., 2002; Lagnado et al., 2006). 

Therefore, it is possible that participants first explore the environment following 

a matching strategy and then transition to a maximisation strategy to exploit the 

most rewarding outcome. Further, I show that these strategies relate to different 

learning rates; maximisation relates to faster learning, while matching to slower 

learning (R. Wang et al., 2017a). Although participants employing either 

strategy showed comparable improvement after training, my findings suggest 

that learning all contingencies in a sequence will require more time than select 

the most probable outcomes. However, it is likely that some participants prefer a 

matching strategy that allows them to generalise better in novel environments 
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(Gaissmaier & Schooler, 2008). Taken together, my work provides a deeper 

insight for the role of strategies in learning. 

 Second, I show that dissociable brain pathways relate to maximisation 

vs. matching strategy. In particular, structural and functional plasticity in the 

executive (i.e. dorsolateral prefrontal cortex to caudate head and anterior 

putamen), motivational (i.e. ventromedial prefrontal cortex to ventral striatum) 

and motor (i.e. motor cortex to posterior putamen) cortico-striatal circuits 

supports maximisation strategy, while plasticity in the visual (i.e. visual cortex 

to caudate body and tail) circuit supports matching strategy (Carol A Seger, 

2009). Interestingly, previous work on reward-based learning has associated the 

motor pathway to habitual learning, whereas the motivational pathway to goal-

directed learning (for reviews (Balleine & O’Doherty, 2010; Robbins, 2007)). 

However, I propose that both pathways support maximisation when learning 

temporal structures without trial feedback, suggesting that humans may prefer 

an exploitation strategy when learning under uncertainty (i.e. without feedback) 

(Iigaya et al., 2017; Schulze et al., 2015). In contrast, the visual pathway has 

been implicated in novelty seeking (M. X. Cohen et al., 2009). I propose that 

matching strategy may relate to a novelty seeking mechanism as participants 

sample the environment with their responses following an exploration strategy 

(J. D. Cohen, McClure, & Yu, 2007; Dayan & Sejnowski, 1996; Thrun, 1992). 

Taken together, my work provides evidence that common brain pathways 

facilitate learning of temporal structures with and without feedback; however, 

their involvement differs based on the employed strategy (i.e. maximisation vs. 

matching). 

 Finally, I show that task-free MRI data measured at rest can predict 

individual strategy during the course of training. In particular, I combine 

plasticity measures of cortico-striatal connectivity from DTI and rs-fMRI data 

and show that these circuits interact during learning, as suggested by previous 

work (Carol A Seger, 2009). Further, I show that these interactions from within 

(i.e. local plasticity) and between (i.e. long-distance connections) connectivity 

(i.e. information transfer) predict up to 85% variability in strategy across 
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complexity levels –from simple repetitions to probabilistic combinations. These 

findings suggest that as strategies change over time the brain circuits engaged in 

statistical learning also change; and that the multimodal (i.e. structural and 

functional) plasticity of these circuits constitutes a unique fingerprint of learning 

that allows us to recover information about the course of learning. 

 

6.2. Methodological considerations 

Here, I discuss methodological considerations about analyses’ steps that may 

vary across studies and potential limitations of my imaging studies. In my 

thesis, I sought to investigate learning of temporal structures from simple 

repetition to probabilistic combinations. Hence, a common limitation across my 

studies is that the timecourse of learning overlaps with the timecourse of 

increased sequence complexity (i.e. training on frequency statistics always 

preceded training on context-based statistics). It would be interesting in the 

future to acquire further MRI scans throughout training (i.e. after each sequence 

order) to be able to dissociate learning timecourse from sequence complexity. 

 

6.2.1. DTI study (Chapter 3) 

I have already discussed some potential confounds of DTI connectivity analysis 

and addressed them with the control analyses presented in 3.3.2 (Thomas & 

Baker, 2013). In brief, DTI tractography does not allow us to differentiate 

between afferent and efferent connections (Jbabdi & Johansen-Berg, 2011); 

thus, the same structural pathways and results should be observed if seeded from 

area A to area B or from area B to area A. I showed that both approaches 

yielded the same results. Further, it has been shown that probabilistic 

tractography favours shorter rather than longer brain connections (Morris, 

Embleton, & Parker, 2008). Although this constraint affects more connectivity-

based segmentation analysis, I showed that applying a length correction method 

yielded the same results (Tomassini et al., 2007). 

 Further considerations in DTI studies include the performance of 

tracking algorithms in grey-matter, the data analysis method and biological 
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interpretations of white-matter plasticity. First, it has been shown that the 

performance of probabilistic tractography algorithms in grey-matter is poor 

(Jbabdi & Johansen-Berg, 2011); indicating that it is not possible to reliably 

track a pathway through a grey-matter area. Therefore, I concentrated on direct 

white-matter pathways between grey-matter areas and selected those areas from 

the AAL atlas (Tzourio-Mazoyer et al., 2002). I selected this atlas following a 

recommendation from Prof. Morten Kringelbach, Dr. Henrique Fernandes and 

Dr. Tim van Hartevelt as they had previously used the AAL atlas for numerous 

DTI and rs-fMRI studies (Bettinardi et al., 2017; Cabral et al., 2012; Deco, Van 

Hartevelt, Fernandes, Stevner, & Kringelbach, 2017; Van Hartevelt et al., 2014). 

The main advantages of the AAL atlas are: a) it defines anatomical brain areas 

that extend to nearby white-matter voxels facilitating probabilistic tracking 

(Zalesky et al., 2010), b) it provides a good trade-off between specificity and 

sensitivity (i.e. the parcellation is fine enough to separate functionally 

segregated areas and coarse enough to capture robust measures of inter-regional 

connectivity), and c) it is shown to provide as reliable measures for network 

analysis as complex data-driven methods (Arslan et al., 2018). Second, previous 

studies have investigated white-matter plasticity as changes in fractional 

anisotropy (FA) or connection probability. I chose to investigate connection 

probability changes as a measure of long-range white-matter connectivity 

between cortical and striatal areas, as these pathways are likely to enclose more 

than one fibre population (Concha, 2014; De Santis et al., 2014). Finally, white-

matter plasticity has been associated with a range of biological mechanisms that 

might occur throughout our lifespan: axon myelination, fibre reorganisation 

(e.g. changes in number of axons, trajectories or diameter), axon branching and 

angiogenesis (Sampaio-Baptista & Johansen-Berg, 2017; Zatorre et al., 2012). 

Although most of the previous work has related these biological mechanisms to 

FA plasticity, recent studies provide evidence that connection probability 

changes might relate to similar mechanisms (Martijn P. van den Heuvel et al., 

2015, 2016).  
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6.2.2. Resting-state study (Chapter 4) 

There are several sources of variability in resting-state data acquisition and 

analysis across studies; in particular, there are differences in the participant 

instructions during scan, the application of global signal regression (GSR) in 

data pre-processing and the computation of functional connectivity measure (D. 

M. Cole, Smith, & Beckmann, 2010). First, I instructed participants to keep 

their eyes open and fixate on the centre of the screen during the resting-state 

scans. Previous work suggested that the activation patterns during rest might be 

different between eyes open vs. eyes closed conditions (Bianciardi et al., 2009; 

Marx et al., 2004); thus, my findings are applicable to the eyes open condition. 

Second, the application of GSR is a debatable pre-processing step; its 

application has been shown to uncover anti-correlated brain networks during 

rest –otherwise hidden in noise– (Fox, Zhang, Snyder, & Raichle, 2013), while 

other studies suggest that this anti-correlation is simply the outcome of applying 

GSR (Murphy, Birn, Handwerker, Jones, & Bandettini, 2009; Saad et al., 2012). 

In my analysis, I did not regress out the global signal as I investigate task-free 

spatial correlations over multiple sessions and the existence of true anti-

correlations might reflect an interesting finding about competing brain networks 

(see 4.3.5). Under these conditions, a recent review suggests that the application 

of GSR might not be appropriate (Murphy & Fox, 2016). Third, I computed the 

functional connectivity between two regional timecourses based on their zero-

lag Pearson correlation. Previous work has presented the advantages and 

disadvantages of various methods to compute such static measures of functional 

connectivity with no clear winner (Bastos & Schoffelen, 2015). However, recent 

work (Deco & Corbetta, 2011; Hindriks et al., 2016; Hutchison et al., 2013; 

Meszlényi, Hermann, Buza, Gál, & Vidnyánszky, 2017) suggests that neuronal 

interactions are non-stationary and dynamic functional connectivity might 

provide a better framework for explaining individual behaviour over time. In 

particular, there are several methods that have been suggested for analysing 

functional dynamics during rest and/or task (Cabral, Kringelbach, & Deco, 

2017; J. R. Cohen, 2017; Preti, Bolton, & Van De Ville, 2017): sliding-window 
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correlation (Sakoǧlu et al., 2010), dynamic functional connectivity states (Allen 

et al., 2014; Calhoun, Miller, Pearlson, & Adali, 2014), dynamic regional 

homogeneity (Deng, Sun, Cheng, & Tong, 2016), time-frequency analysis 

(Chang & Glover, 2010), multiplication of temporal derivatives (Shine et al., 

2016) and dynamic graphs (Holme & Saramäki, 2012) are the most frequently 

used in the literature. Although the aforementioned methods follow different 

approaches to describe the connectivity dynamics, they generally rely on the 

same principle for estimating connectivity across time: they compute the 

connectivity of brain regions within time-windows that shift across time (i.e. 

sliding-window analysis) constructing a connectivity timecourse. Therefore, one 

has to define the optimal window-length, window-offset (i.e. relative shift 

between windows), window-type (i.e. rectangular or tapered) and frequency 

range for temporal filtering to conduct this analysis (Leonardi & Van De Ville, 

2015; Sahib et al., 2018; Shakil, Lee, & Keilholz, 2016). In particular, the 

window-length is the primary restricting factor as it should be wide enough to 

provide a reliable measure of connectivity within each window and narrow 

enough to capture transient changes in the connectivity (Sahib et al., 2018). The 

advent of multi-band sequences has allowed very fast acquisitions (i.e. sub-

second TR) proving more measurements for narrower windows and thus 

improving the reliability and sensitivity of short window-lengths (Sahib et al., 

2018). Therefore, it would be interesting in the future to adjust the data 

acquisition protocol (e.g. TR, duration) to be able to investigate the system 

dynamics when learning temporal statistics. 

 Finally, a potential limitation in resting-state data is the physiological 

noise, such as respiration and heart beat signals (Murphy et al., 2013). I 

followed a rigorous pipeline to denoise the data and filter out such confounds 

(Bright, Tench, & Murphy, 2017; Shirer, Jiang, Price, Ng, & Greicius, 2015; 

Vergara et al., 2016); although, one may preferentially collect these signals 

during scanning using a respiratory belt and a pulse oximeter, in synchrony with 

the MRI data acquisition. In my study I investigated learning-dependent 

plasticity of functional connectivity when learning temporal structures. 
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Therefore, I compared individual connectivity values before vs. after training 

and across groups (training vs. no-training control) and found training-specific 

plasticity. Taken together, it is rather unlikely that my findings were confounded 

by differences in physiological noise across sessions and/or groups. 

 

6.2.3. Graph theory study (Chapter 5) 

Graph theory analysis is an established methodology to study the behaviour of 

the whole-brain (Danielle S Bassett & Sporns, 2017; Timothy E J Behrens & 

Sporns, 2012; Bullmore & Bassett, 2011; Bullmore & Sporns, 2009). However, 

there are several pre-processing steps that may vary across studies and more 

importantly how graph edges are defined. First, there are two approaches to 

threshold edges in a graph: global thresholding (i.e. threshold edges at a fixed 

connectivity value) or local thresholding (i.e. threshold edges at a fixed density 

level) (Alexander-Bloch et al., 2010). I applied the latter method as graphs 

should have the same number of nodes and edges to be comparable across 

sessions and groups (Bullmore & Bassett, 2011; van Wijk, Stam, & 

Daffertshofer, 2010). Second, both thresholding approaches rely on an arbitrary 

choice of threshold value, thus I showed the stability of the results across a 

range of density thresholds (see 5.3.2) (Danielle S. Bassett et al., 2012). Third, it 

is currently unknown what the relation is between thresholds for DTI and rs-

fMRI data; therefore I decided to apply the same threshold for both imaging 

modalities following previous work (Honey, Kotter, Breakspear, & Sporns, 

2007). Fourth, there are two approaches to treat negative correlations in 

functional connectivity values: discard them or take their absolute value 

(Fornito et al., 2013). I followed the latter method as anti-correlations reflect 

competing systems which I expected to be present in this study (see 6.2.2). 

Fifth, one may analyse binary or weighted graphs (Rubinov & Sporns, 2010). 

Here, I analysed binary graphs as it has been suggested to improve signal-to-

noise ratio in graph metrics (Bullmore & Bassett, 2011). 

 Besides the edge definition approaches, it has been shown that graph 

metrics are also sensitive to node definition (Bullmore & Bassett, 2011; Butts, 
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2009; Fornito et al., 2013). Nodes can be defined based on anatomical, 

functional or randomly-defined areas. Therefore, I showed the stability of the 

results across different parcellation schemes (see 5.3.2) (AAL (Tzourio-

Mazoyer et al., 2002), Shen (Shen et al., 2013) and Brainnetome atlases (Fan et 

al., 2016)). Further, I combined independently-created graphs from DTI and rs-

fMRI data in a regression model. An alternative approach would be to construct 

and analyse a multiplex brain network of the two modalities (Battiston et al., 

2016, 2014; Battiston, Nicosia, Chavez, et al., 2017; Battiston, Nicosia, & 

Latora, 2017; Kivelä et al., 2014; Nicosia & Latora, 2015). In this study, I 

sought to investigate the unique contribution of each imaging modality; 

however, it would be interesting in the future to extract unified measures of 

connectivity from the two modalities and investigate their role in individual 

behaviour when learning temporal structures. 

Finally, the DTI and rs-fMRI metrics used in the graph analysis were 

derived by data pre-processed in native vs. standard space. In particular, DTI 

tractography is typically performed in the native space to achieve best 

performance of the tracking algorithms (T.E.J. Behrens et al., 2007), whereas rs-

fMRI data are typically normalised to a standard space (e.g. MNI) before 

computing functional connectivity (Vergara et al., 2016). Following previous 

studies, I analysed the DTI data in native and the rs-fMRI data in standard 

space. While some recent studies recommend performing the rs-fMRI analysis 

in native space to minimise the effect of interpolation and improve localization 

(Magalhães et al., 2015; Razlighi et al., 2014), others have found no difference 

with and without the inclusion of the normalisation step (M. P. van den Heuvel, 

Stam, Boersma, & Hulshoff Pol, 2008). Further, my analysis approach makes it 

unlikely that these differences in interpolation between data types (i.e. rs-fMRI, 

DTI) have a significant effect on the results. First, I selected brain regions for 

both the rs-fMRI and DTI graphs based on the AAL parcellation, resulting in 

larger size brain regions. This makes it unlikely that small differences in the 

interpolation step would significantly affect the connectivity values estimated 

across all voxels in each brain region. Second, for the rs-fMRI data I computed 
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the first eigenvariate when I extracted the timecourse per brain region and 

computed functional connectivity from these values. This step extracts the most 

representative timecourse from all the voxels in each brain region based on their 

common variance; therefore, it minimises the effects of noise and interpolation 

(K.J. Friston, Rotshtein, Geng, Sterzer, & Henson, 2006). Third, for each 

imaging modality I generated binary graphs and compared the connectivity 

values to select the strongest connections within-modality rather than comparing 

connectivity across modalities. That is, I created binary graphs by selecting the 

edges with the top 20% connectivity values, for each modality and session. I 

computed degree and clustering coefficient from these graphs per modality and 

used these metrics in the PLS regression to combine data from both modalities. 

Taken together, it is rather unlikely that my findings were confounded by 

differences in the normalisation step between the two imaging modalities. 

 

6.3 Future work 

In this thesis, I have presented my behavioural and brain imaging findings; 

suggesting an important role of strategies when learning temporal structures in 

variable environments. It would be interesting in the future to extend our 

knowledge about the role of strategies in more complex and fundamental human 

abilities, such as language learning or spatial navigation tasks. In addition, my 

work has provided further insight about the brain circuits involved in statistical 

learning, suggesting alternate brain routes subserve task performance. Further 

work using MEG (i.e. MagnetoEncephaloGraphy) will provide a better temporal 

resolution of the brain signals during learning of temporal structures; thus, MEG 

signals will allow us to disentangle the system dynamics during learning by 

employing a dynamic connectivity analysis. More importantly, my findings 

could have translational applications, as these alternate brain routes could be 

harnessed to support learning ability when specific pathways are compromised 

by age or disease. Finally, I have shown that task-free brain measures are 

sufficient to predict adaptive human behaviour; suggesting a potential diagnostic 

value when trying to assess past behaviour or experience (e.g. ex-vivo studies).
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