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1. Introduction 

1.1 Memory-based Decision making 

1.1.1 The foundations of decision-making using transitive inference tasks: from logic to 

mental models 

The complexity of human decision-making has been a focus for decades, prompting extensive 

research into the underlying mental schemas and neural mechanisms (Funahashi, 2001; Gold & 

Shadlen, 2007a; G. Jensen, 2017a; Zeithamova et al., 2012a). A key aspect of their research 

involves understanding how the brain uses previous facts or experiences ordered in the memory to 

make appropriate decisions. 

One example of how such decisions can be made is by relying on serial order-based decision 

making. This process is frequently investigated using a Transitive inference task (TI), that allows 

one to derive the relationship between objects or experiences by retrieving and applying a 

previously learnt ordered sequences or premises (Lazareva, 2025).Consider the following example 

where a person has to fill in the blanks to create a word: the individual must recall the full word 

and then retrieve the serial order of the English alphabets, which were learnt sequentially from 

childhood, to place them in the correct blanks. The conclusion of which alphabet to be chosen was 

not explicitly taught as a rule, but rather retrieved from the stored sequential organization. This 

ability to mentally connect and use distinct pieces of information based on their established rank 

order is a simple yet powerful illustration of how humans use the memory of the serial order to 

make decisions on a daily basis. 

From a developmental perspective, TI has long been regarded as an important indicator of the 

construction of mental schema in humans. Early in the 20th century, psychologists began using TI 

tasks to evaluate children’s cognitive abilities, especially with the influential work of Jean Piaget. 

Piaget’s studies (Piaget, 1928, 1955) suggested that children younger than seven years of age could 

not correctly solve these problems, theorizing that the acquisition of formal logic was a necessary 

prerequisite. However, a remarkable study by Bryant and Trabasso (Bryant & Trabasso, 1971) 

challenged this view, shifting the focus of this research. They demonstrated that younger children’s 

difficulty with these tasks was not due to a lack of logical capacity but rather memory deficits. 

When precautions were taken to ensure children had learned and memorized the premises, even 

four-year-old were found to be capable of making correct task-based decisions. This major finding 

proved that TI tasks were fundamental to involve memory for maintaining a sequential structure 

rather than a complex form of deductive reasoning as previously assumed. 

This re-evaluation led to a change from logic-centric explanations and towards a focus on simpler 

cognitive mechanisms. As a result, many subsequent studies have emphasized the mental model 

approach (Acuna et al., 2002; Di Antonio et al., 2024; G. Jensen et al., 2021; Merritt & Terrace, 

2011). This theory assumes that rather than relying on complex logical rules, individuals create 

and manipulate a mental representation or “map” of the relationships between serially ordered 
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items. This cognitive model allows them to efficiently make decisions from learnt rank ordered 

items. 

The findings from human studies have been further verified and expanded upon through extensive 

research in the animal kingdom. This has led to the development of cognitive and neural models 

in a variety of non-human species, including rats (Dusek & Eichenbaum, 1997; Van Elzakker et 

al., 2003), chimpanzees (Boysen et al., 1993; Gillan, 1981), monkeys (Brunamonti et al., 2014, 

2016a; Treichler & Tilburg, 1996), pigeons (Von Fersen et al., 1991; Weaver et al., 1997), pinyon 

jays (Paz-y-Mino et al., 2004), hooded crows (O. F. Lazareva et al., 2004) and fish (Grosenick et 

al., 2007) and chicks (Daisley et al., 2010). These studies also helped in unravelling the 

neurobiological basis of memory-based decision making. 

1.1.2 Experimental Design of the Transitive inference task 

The foundational understanding of decision-making using TI task has largely been shaped by the 

experimental paradigms used to study it. The pioneering version of the TI task by Bryant and 

Trabasso in 1971 included five wooden rods of different lengths and colours that were used to 

create a ranked series. Children were first required to learn the ranked order by matching colours 

to their corresponding rod lengths (e.g., A > B > C > D > E), where A =blue, B=yellow, etc.) The 

task was implemented in two distinct phases: a learning phase and a test phase. During the learning 

phase, children were presented with pairs of coloured rods with adjacent lengths (e.g., A > B, B > 

C, C > D and D > E) and asked to indicate the longer or shorter one (Figure 1.1A). To prevent 

reliance on visual length cues, only one inch of the rods protruded from the wooden box. Feedback 

was provided to help the children associate color with length. The pairs were presented first in a 

fixed order and then randomly until a specified performance level was achieved. This process 

ensured that the subjects clearly learned and memorized the premises, addressing an important 

limitation of prior studies.  

In the subsequent test phase, children were presented with all ten possible pairs, which included 

four direct pairs they had already experienced and six indirect, novel pairs (e.g., A>C or B>E). No 

feedback was provided in this phase. The core finding was that children had built an internal, 

ranked representation that they could then use to infer the relationship between items in the novel 

pairs. The success of this task design, which relied on subjects memorizing the premises, proved 

that the ability to perform TI was more fundamental than previously thought, as it was present very 

early in life (Gazes et al., 2017; Mou et al., 2014). 
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Figure 1.1 A. Schematic of the semi-verbal TI task from Bryant and Trabasso (1971) and types of TI 

tasks. The task uses a rank-ordered series of colored rods. During the learning phase, children learned the 

adjacent pairs (e.g., A>B) with feedback. In the subsequent test phase, they were presented with both 

adjacent and novel, non-adjacent pairs (e.g., vs D) without feedback (adapted from Ramawat et al.,2023) 

B. Schematic of the three different types of TI a. Spatial Inference b. Hierarchical inference and c. 

Associative inference (adapted from X. Zhang et al., 2022a). 

Beyond the foundational work on this type of decision-making using TI tasks, researchers have 

developed various experimental paradigms that can be broadly classified based on the relational 

information they convey: spatial inference (Behrens et al., 2018; Prado et al., 2010), hierarchical 

inference, and associative inference (Morton et al., 2020; van Kesteren et al., 2020). The classic 

TI task, which relies on encoding and retrieving a ranked serial order, falls under hierarchical 

inference. This paradigm involves acquiring a series of overlapping premises (e.g., A > B, B > C, 

and C > D) to infer the relationship between non-adjacent items (e.g., A > C).   

To correctly perform TI tasks, individuals must cognitively construct and maintain an active, 

spatially organised mental schema of the ranked items, often referred to as the ‘mental line’ (Acuna 

et al., 2002; Brunamonti et al., 2014; Prado et al., 2010; Schwarz & Keus, 2004). This approach 

of serial order-based decision making is well-suited for studying how we build a ranked 

representation from a series of items. For a TI task, this mental line is represented linearly, with 

the extreme items (A and F) serving as anchors on opposite ends and the intermediate items (B, C, 

D, E) located proportionally between them. 

The successful formation and activation of this linear mental schema are confirmed by two 

behavioural signatures:  

Symbolic distance effect (SDE): A behavioural measurement where accuracy increases and 

reaction time decreases as the distance between the items in a test pair increases (Figure 1.2.A) 

(Acuna et al., 2002; Colombo & Frost, 2001; Frank et al., 2005; Zalesak & Heckers, 2009). This 

means participants are faster and more accurate at judging the relationship between items that are 

further apart (e.g., B vs E) than those that are closer (e.g., B vs D). The presence of the SDE 

suggests that a mental representation of the entire series has been formed. 

Serial Position effect (SPE): While an ideal learning curve would show uniform accuracy across 

all learned premises, performance often follows a U-shaped pattern. The pairs containing the end-
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anchors of the series (e.g., A>B and E>F in a 6-item series) are learned with higher accuracy and 

lower reaction time than the interior pairs (e.g., B>C or C>D) (Figure1.2. B).  

 
 

Figure 1.2 A. Symbolic distance effect (SDE) B. Serial Position effect (SPE) 

 

Both the SDE and SPE are explained by the way the ‘mental line’ is constructed and anchored. 

The extreme items A (largest) and F (smallest) acquire opposite, high-value strengths in driving 

choice and serve as powerful anchors in the memory system. Middle items, which have a choice 

probability closer to 50%, acquire intermediate value strengths proportional to their proximity to 

the extreme items. Therefore, this inward structure of the mental line provides a functional 

explanation for both the faster responses observed in the SDE and the U-shaped accuracy curve 

observed in the SPE. 

 

1.2 Neural Basis of memory-based decision-making using transitive inference task 

The behavioural evidence is supported by a vast network of brain regions consistently activated 

during TI tasks, A recent meta-analysis of 32 fMRI studies (X. Zhang et al., 2022a) has provided 

a comprehensive overview of this neural network, identifying several important areas involved in 

this decision-making process. 

 

First, consistent activation has been observed in the hippocampus and the medial prefrontal cortex 

(mPFC). These regions are critically involved in memory integration (Morton et al., 2020), where 

the hippocampus specifically participates in linking novel information with pre-existing 

knowledge and forming a cognitive map of the relationships (Aronov et al., 2017; Eichenbaum, 

2017). The mPFC, in turn, is thought to mediate the retrieval of relevant information from this 

cognitive map to guide decision-making during novel inferences (Minxha et al., 2020; S. A. Park 

et al., 2020). The putamen, located in the dorsal striatum, is also activated, interacting with the 

PFC via the fronto-striatal circuitry to represent the value of choices (Muranishi et al., 2011). 
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Figure 1.3 Activated brain regions associated with the general meta-analysis of all included studies. 

The threshold was set at p < 0.005 TFCE-FWER and the cluster size ≥ 10 voxels. Coordinates were reported 

in the MNI space. The color bar indicates the SDM-Z score. Abbreviations: MFG, middle frontal gyrus; 

OFG, orbital frontal gyrus; IFG, inferior frontal gyrus; PCUN, precuneus; mPFC, medial prefrontal cortex; 

dlPFC, dorsolateral prefrontal cortex; PPC, posterior parietal cortex; SPG, superior parietal gyrus; MOG, 

middle occipital gyrus; MCC, median cingulate cortex; ACC, anterior cingulate cortex; SMA, 

supplementary motor cortex; HP, hippocampus; PUT, putamen; PreCG, precentral gyrus; R, right 

hemisphere; L, left hemisphere (adapted from X. Zhang et al., 2022a). 

 

Activation in the posterior parietal cortex (PPC), including the angular gyrus, intra-partial gyrus, 

precuneus, and superior parietal gyrus, is also consistently observed. The PPC is considered an 

‘integrative’ area that receives inputs from multiple brain regions and is crucial for both spatial 

representation and decision making (Hwang et al., 2017; Summerfield et al., 2020; Whitlock, 

2017; Zhou & Freedman, 2019). Its role in forming relational structures and mediating the use of 

prior information during choices suggests its involvement in these processes (Akrami et al., 2018). 

TI tasks also engage regions of the Cognitive Control Network (CCN), such as the putamen, dorsal 

lateral PFC, anterior cingulate cortex (ACC) (Niendam et al., 2012). These regions play a general 

domain-independent role in a wide range of goal-directed behaviors, including working memory 

and decision-making (Wu et al., 2020). Finally, other consistently activated regions, including the 

occipital visual cortex, are believed to be involved in the visual mental imagery that contributes to 

the reasoning process (Knauff & May, 2006; Pearson, 2019). 

In the context of hierarchical order decision-making, the PPC and the supplementary motor area 

(SMA) showed significant activation. Previous research has shown that the PPC is involved in 

encoding sequential orders like number (Goffin et al., 2020), while the SMA is thought to integrate 

sequences across various domains like temporal, spatial, numerical (Cona & Semenza, 2017). It is 

therefore inferred that both regions may mediate the representation of sequence order in 
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hierarchical TI tasks. Significant activations were also found in the precentral gyrus (PreCG) and 

the middle cingulate cortex (MCC). The activation of these regions may reflect the difficulty of 

decision-making, as neurons in the dorsal premotor cortex which is a part of PreCG have been 

found to encode the SDE during choice in non-human primates (Mione et al., 2020a; Ramawat et 

al., 2022a). Similarly in humans, the signal intensity of the MCC has been shown to represent the 

distance between action states in a sequence (Holroyd et al., 2018). 

1.3 Individual differences in learning and schema-based decision-making 

Organizing and manipulating past information is not a uniform cognitive process; people vary in 

their ability to learn and apply these relationships. These individual differences can be attributed 

to a combination of genetic predispositions and neurocognitive factors. For instance, while the 

hippocampus is crucial for initial memory formation of premise pairs (Aronov et al., 2017; 

Eichenbaum, 2017), and the PFC is vital for decision making (Acuna, 2002), the efficiency of 

these brain regions can vary between individuals. Neuropsychological and neuroimaging studies 

have confirmed the PFC’s role in a broad range of executive functions, including working memory, 

planning, attention and decision making (Benton, 1994). This makes genes that are highly 

expressed in the PFC obvious candidates for explaining cognitive differences among individuals. 

Among these, the dopamine (DA) system has received significant attention. Previc, 1999 

hypothesized that the expansion of dopaminergic pathways was an important evolutionary step 

that advanced human intellect. This idea is supported by a lot of evidence demonstrating DA’s 

significant role in PFC function and cognition (Cools & Robbins, 2004). One of the first clues 

came from studies of patients with Parkinson’s disease (PD), a condition marked by a loss of 

dopaminergic neurons. These patients frequently exhibit executive function deficits, which can be 

improved with the administration of L-DOPA, a precursor to DA (Cools et al., 2001, 2002; Mattay 

et al., 2002). Further evidence comes from animal and human studies. Research on non-human 

primates has shown that depleting DA in the PFC impairs working memory, and this impairment 

can be reversed by DA agonists (Brozoski et al., 1979; Goldman-Rakic, 1995). Similarly, in 

humans, DA agonists have shown to improve working memory and other cognitive abilities 

(Luciana & Nelsont, 1998; Ollat, 1992). These findings establish a clear link between DA and 

cognitive performance, but they also suggest a complex, non-linear relationship. Rather than a 

simple “more is better” model, the connection between DA levels and cognitive function is often 

described by the inverted-U hypothesis, where optimal performance is achieved at an intermediate 

level of DA, while too little or too much can be detrimental.  

The delicate balance of DA in the PFC is important for optimal cognitive function, and this balance 

is achieved through the coordinated action of various regulatory systems. The effects of DA on the 

PFC are mediated by two main receptor types, D1 and D2 receptors, which have opposing 

functions. D1 receptors stabilize neural networks, protecting working memory from distractions, 

while D2 receptors are involved in updating the system with new, relevant information 

(Weinberger & Dostrovsky, 2011). Disruptions to the balance between these two systems can 
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impair cognitive performance: a state of too little DA (hypodopaminergic) can lead to poor 

working memory and distractibility, while too much DA (hyperdopaminergic) can cause cognitive 

flexibility and preservative behaviours (Weinberger & Dostrovsky, 2011; Winterer & Weinberger, 

2004). 

Given this delicate balance of DA, the enzymes that regulate its levels are excellent candidates for 

influencing individual cognitive variation. While several enzymes play a role, Catechol-O-

methyltransferase (COMT) is particularly important in the PFC because this brain region has very 

few dopamine reuptake transporters, meaning DA is primarily cleared by COMT in the extra 

synaptic space (Bilder et al., 2004a). A specific genetic polymorphism in the COMT gene, known 

as Val158Met, results in an important change in the COMT enzyme. The Met allele produces an 

enzyme with significantly lower activity (only a quarter of the activity of the Val allele), which 

leads to higher levels of DA in the PFC (Bilder et al., 2004a; Egan et al., 2001a). This genetic 

variation has distinct consequences for PFC-mediated cognitive functions. The Met allele, 

associated with elevated PFC dopamine and increased D1 receptor stimulation, is linked to better 

performance on cognitive tasks requiring stability or the maintenance of information. In contrast, 

the high-activity Val allele leads to lower DA levels and is linked to enhanced flexibility, or the 

ability to update working memory and switch cognitive sets (Bilder et al., 2004a; Cools & Robbins, 

2004).  

This makes the COMT Val158Met single nucleotide polymorphism a strong genetic factor for 

explaining individual differences in cognitive abilities which involve learning and decision-

making, as demonstrated in Study 1. The study, titled “Individual differences in learning and 

decision making: the role of COMT Val158Met polymorphism in transitive inference”, found that 

although genotype did not affect overall test performance, Val homozygotes took longer to 

complete the learning phase that included the learning of the hierarchical relationships among 

items (A>B>C>D>E>F). Drift-diffusion modeling (DDM) revealed that a slower rate of evidence 

accumulation was the underlying cause, also accounting for their difficulty in adapting to a 

reversed hierarchical structure (A<B<C<D<E<F). These results confirm the hypothesis that 

variations in PFC DA levels, influenced by the COMT Val158Met polymorphism, may contribute 

to individual differences in inferential decision-making and cognitive flexibility. 

1.4 Temporal dynamics of memory-based decision making: Electroencephalographic (EEG) 

approach 

The understanding of mental-schema based or memory-based relational reasoning using TI tasks 

stems from invasive, microscopic electrophysiological methods in animals including non-human 

primates (Brunamonti et al., 2014, 2016a; Ramawat et al., 2022a, 2023; Treichler & Tilburg, 

1996). While these studies offered vital understandings into localized neural circuits, a 

macroscopic, non-invasive, and time-specific approach like EEG is necessary to comprehensively 

map the widespread functional network supporting decision-making during TI tasks. Recent 

human research on explicit TI has begun to establish this framework, revealing that the process 
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dynamically supported by a distributed frontal-parietal network - oscillations were functionally 

tied to the distinction between new (inferred) and old (learned) pairs, reflecting the generation of 

novel information, while simultaneously modulated by serial position and symbolic distance, 

thereby mapping the underlying relational structure (Heldmann et al., 2024). A similar fMRI study 

points to the inferior parietal cortex as the major hub encoding this relational structure (Xu et al., 

2024).  

However, the very nature of TI tasks requires subjects to synthesize premises whose elements are 

typically separated across time or space, necessitating that these different events be brought 

together for novel comparisons, a process intrinsically reliant on Working memory (WM) 

(D’Esposito & Postle, 2015; Goldman-Rakic, 1992). WM is thought to be necessary not only for 

holding the premise information but also for supporting the subsequent neural computations, often 

localized to the PFC - that executes the relational comparison and deliberation. Surprisingly, 

despite this robust theoretical link, most prior TI research has only assessed the relationship with 

WM indirectly (Acuna et al., 2002; DeVito et al., 2010; Libben & Titone, 2008), with very few 

studies employing a direct delay TI (Kay et al., 2024) format that explicitly manipulates the 

temporal gap between presented items, thus leaving open questions of the specific brain 

oscillations and networks, such as those measured by EEG, that subserve WM-driven decision 

making processing. 

Existing EEG studies primarily utilized classic ERP components to examine rule violation and 

expectation (Bonnefond et al., 2014), but the detailed oscillatory mechanisms supporting the 

construction and utilization of the serially ordered items - particularly functional connectivity (FC) 

- remain largely unexplored. Second, the temporal encoding of individual items within the 

hierarchical mental structure has not been directly investigated using EEG methods. Study 2 titled: 

Cortical interplay linking item encoding and comparison in solving a transitive inference task: An 

EEG study, addresses these gaps by employing a delay TI paradigm, with adjacent items in a 

hierarchy presented individually rather than in pairs and involving delays between presentations 

for allowing a detailed analysis of the encoding and comparison phases. We analysed behavior, 

ERPs, time-frequency analysis (TFA) and weighted Phase lag Index (wPLI) functional 

connectivity during the test phase across all cortical areas to examine the processing related to the 

task variables and to examine how each item is encoded when presented as the first versus the 

second, irrespective of the target item. 
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Study 1: Individual differences in learning and decision-making: the role of 

COMT Val158Met polymorphism in transitive inference 

 

Abstract 

Understanding the ordinal relationships between items requires constructing a rank order supporting 

decision-making between options. This process depends on the ability to learn reciprocal relationships 

and to select the best option available when making a choice. In such forms of decision-making, the 

prefrontal cortex (PFC) plays a crucial role in encoding the relative value of alternatives as a decision 

is formed. Higher-order cognitive abilities are influenced by genetic factors that affect dopamine 

availability in PFC, potentially contributing to individual differences. Here, we examined the 

performance of 83 participants in a transitive inference task (TI), grouped by genotype based on the 

Val158Met single-nucleotide polymorphism in the Catechol-O-Methyltransferase (COMT) gene. 

The task included a learning phase in which participants acquired the reciprocal relationships among 

a set of hierarchically ranked items (A>B>C>D>E>F), followed by a test phase in which they were 

required to compare all possible item pairs and select the higher-ranked one. While genotype did not 

significantly influence test-phase performance, it did affect learning efficiency. Specifically, Val 

homozygotes took a longer learning procedure than both heterozygotes and Met homozygotes during 

the learning phase. Drift diffusion modelling (DDM) revealed that task performance was explained 

by the efficiency of evidence accumulation, which was lower in Val homozygotes, accounting for 

their poorer performance not only during initial learning but also when required to switch to a reversed 

hierarchical structure (A<B<C<D<E<F). These findings suggest that individual differences in 

inferential decision-making and cognitive flexibility may be partially driven by genetically 

determined variations in prefrontal dopamine availability. 

 

Keywords: Catechol-O-Methyltransferase (COMT) Val158Met, Drift-diffusion model, Transitive 

Inference task, Dopamine, Prefrontal cortex. 
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2.1 Introduction 

The ability to infer relationships between events from prior experiences is fundamental to both human 

and animal cognition (Bryant and Trabasso 1971; Grosenick et al. 2007; Takahashi et al. 2008; Bond 

et al. 2010; Brunamonti et al. 2016a). This ability minimises the amount of time spent making 

potentially dangerous trial-and-error decisions. Deducing that A>C after learning the independent 

premises A>B and B>C is a classic example. The cognitive mechanisms behind this type of reasoning, 

inferential reasoning, have been widely studied using the Transitive Inference (TI) task (Bryant and 

Trabasso 1971; Ramawat et al. 2023). Participants in this task first learn the ordinal sequence of a set 

of ranked items (e.g., A>B>C>D>E>F) by identifying the reciprocal relationship between adjacent 

rank pairs (e.g., A>B) through trial-and-error. During a subsequent test phase, participants must 

respond to which items are higher in rank in all possible pairs, learned and novel (e.g., B>D). 

According to one of the effects observed during the TI test phase, the symbolic distance effect (SDE), 

comparisons between items with higher rank differences are generally faster and more accurate than 

those between items with smaller rank differences (Gazes et al., 2023). This effect is thought to rely 

on temporarily engaging a mental representation of their rank for the duration required to perform the 

comparison, where the degree of overlap in item representation interferes with the decision-making 

process (Ramawat et al., 2023). Studies have identified the involvement of a distributed network of 

brain regions during TI, with a central role played by frontal brain areas (Acuna, 2002; Brunamonti 

et al., 2016b; Mione et al., 2020b; Ramawat et al., 2022b; X. Zhang et al., 2022b).Specifically, the 

prefrontal cortex (PFC) is known to encode abstract representations, maintaining the decision 

variables during deliberation (Preston & Eichenbaum, 2013; Zeithamova et al., 2012b). Several lines 

of evidence suggest that this area supports the neural implementation of a ramping-to-threshold 

decision process, in which accumulated evidence toward a choice is built over time until a response 

is provided (Hanks et al., 2015). 

Characterizing such processes can benefit from the use of computational models that estimate latent 

variables - unobservable parameters that capture underlying cognitive mechanisms guiding 

behaviour. A typical framework is the drift diffusion model (DDM), which has been extensively 

studied in perceptual decision-making tasks. The DDM simulates decision processes as an overtime 

accumulation of evidence, which rate of accumulation may depend on the difficulty of the decision. 

In perceptual decision-making tasks, the drift rate is modulated by the degree of similarity of the 

perceptual stimuli to be evaluated (Gold & Shadlen, 2007b; Ratcliff & Mckoon, 2008). A similar 

process likely underlies decision-making in TI, where the drift rate could vary as a function of the 

SDE - a similarity measure based on non-perceptual properties of the stimuli, with larger values 

yielding faster evidence accumulation (Ratcliff, 2022). 

Within this framework, one could ask whether individual differences in PFC function may affect 

inferential reasoning performance. The Val158Met single-nucleotide polymorphism in the Catechol-

O-Methyltransferase (COMT) gene is one element that contributes to such variability among 

individuals. It leads to a valine (Val) to methionine (Met) amino acid substitution, which affects the 
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activity of the COMT enzyme at body temperature (Lachman M. et al., 1996). The Met allele is 

associated with lower COMT activity and, as a consequence, higher extracellular dopamine (DA) 

availability in the PFC compared to the Val allele, caused by the slower DA degradation enzymatic 

activity (Bilder et al., 2004b; Chen et al., 2004). DA availability plays a critical role in modulating 

executive functions and cognitive control processes mediated by the PFC (Ott & Nieder, 2019). 

Accordingly, the COMT Val158Met polymorphism has been linked to individual differences in 

cognitive functions, including cognitive stability and flexibility (Dickinson & Elvevåg, 2009). 

In the present study, we examined the performance of individuals with different COMT genotypes 

(Met/Met, Val/Met, Val/Val) on the TI task. We observed that, while the performance in the test 

phase across genotypes was comparable, during the learning phase, clear differences emerged, with 

genotypes varying in the number of learning blocks required to reach the imposed threshold in 

performance. Applying the DDM, we also observed that performance in the TI task was accounted 

for by variations in the drift rate. 

2.2 Methods 

2.2.1 Participants 

Eighty-three healthy participants previously genotyped for the COMT Val158Met polymorphism 

(Mione et al., 2015) were recruited to participate in the study. All participants had normal or 

corrected-to-normal vision and no history of significant drug or alcohol abuse, head trauma, or 

significant medical illness in the past 6 months. Participation in the study was voluntary, and informed 

consent was obtained in accordance with the protocol approved by the ethics committee of the 

Department of Psychology of Sapienza University. The COMT genotyping resulted in 20 Met/Met 

(Male=6; Female =14; mean age: 25 ± 2), 24 Val/Val (Male=10; Female =14; mean age: 25 ± 3) and 

39 Val/Met (Male=20; Female =19; mean age: 25 ± 3). Genotype frequencies, within each group, 

were consistent with Hardy-Weinberg equilibrium (χ² = 0.278, df = 1, p = 0.59). 

2.2.2 Genotyping 

First, genomic DNA was obtained from buccal swabs and extracted using the Invitrogen Pure Link 

Genomic DNA Mini kit (Invitrogen Life Technologies, Carlsbad, CA, USA; Cat # K1820-01), 

following the manufacturer’s protocol. To maintain privacy, DNA samples were anonymized upon 

collection. The SNP Val158Met of the COMT gene was genotyped using a TaqMan SNP Genotyping 

Assay (Applied Biosystems, CA, USA; Assay IDC_25746809_50, Lot Number 1607104). PCR 

amplification was conducted with 5–10 ng of genomic DNA, 1X TaqMan Genotyping master mix 

(Applied Biosystems), and allele probes labelled with 5’-VIC or 5’-FAM fluorophores. The 

amplification reaction conditions on an EcoTM Illumina thermal cycle were as follows: 1 cycle of 

95°C for 10 minutes, followed by 50 cycles of 92°C for 15 seconds and 60°C for 1 minute. To verify 

the COMT genotype, the Val158Met polymorphism was also assayed using the restriction fragment 

length polymorphism method. The polymorphic region was amplified by polymerase chain reaction 
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(PCR) with the following primers: COMT_For 5’ GGGGCCTACTGTGGCTACTC 3’ and 

COMT_Rev 5’ TTTTTCCAGGTCTGACAACG 3’. The Val and Met alleles were distinguished by 

digesting the PCR product with NlaIII restriction enzyme, followed by 2% agarose gel electrophoresis 

and visualization using ethidium bromide staining. The undigested PCR product (109 bp) carried the 

G variant (Val), while the digested product, yielding two fragments of 96 and 13 bp, respectively, 

contained the A allele (Met). To ensure the accuracy of SNP genotypes, multiple replicates, reference 

DNA samples, and negative controls lacking DNA were included in the analysis. 

2.2.3 Transitive Inference Task 

Participants completed a computerized TI task, following the experimental protocol developed in 

previous studies (Brunamonti et al., 2011a, 2017). The task consisted of learning and testing. During 

the learning phase, participants were presented with all pairs of adjacent items from a rank ordered 

series (Figure.2.1A; A>B>C>D>E>F) composed of six abstract images (black and white bitmaps - 

30 x 30 mm - each with the same proportion of white area over a black background) and asked to 

identify the higher-ranked item in each pair by trial-and-error.  

 

 

 

 

 

 

 

 

 

 

 

Figure 2.1. Transitive Inference (TI) task (A) Rank-ordered items. Adjacent items for Learning and non-

adjacent items for testing phase (B) Symbolic Distances (SDs) and pair combinations. During the testing, 15 

pairs contributed to each SD, ranging from SD1 to SD5. Pairs were presented with the target item appearing 

randomly in either the upper or lower position. The panels on the left illustrate all the pair combinations from 

SD1 to SD5. (C) Two testing Phases in this experimental design. Test Phase rule: A>B to E>F and Reverse 

Phase rule: A<B to E<F. (D) The sequence of events for each trial 
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All pairs of adjacent items were randomly presented in blocks of 50 trials (10 trials for each pair). 

Blocks of learning trials were presented until participants reached an average performance accuracy 

of 70%. At the end of each block, participants received feedback on the proportion of correct 

answers.   

In the test phase, participants compared both learned and novel pairs that were never presented 

together during the learning phase (e.g., B>D or C>E; see Figure 2.1B for all pair combinations and 

SDs). During this phase, participants completed 150 trials, with each pair presented 10 times in 

random order. 

To further investigate the relationship between the presumed difference on DA availability and the 

ability to adapt to new rules, we directed a subgroup of participants (48 out of 83) to engage in a 

second testing phase, a reverse phase, where the item’s rank order was reversed (see Figure 2.1C). 

Participants were informed about this reversal before starting the second testing phase. Each genotype 

group was divided into subgroups for the reverse phase, with 12 participants for Met/Met, 15 for 

Val/Val, and 21 for Val/Met.  

Before starting, each participant received written instructions and was made familiar with the 

apparatus and the task. Participants were seated at a comfortable distance of 50 cm from a PC monitor 

in a dimly lit room. In both the learning and test phases, each trial began with a fixation point, a 

central target, displayed in the middle of the screen (see Figure 2.1D). After a delay of 1 second, a 

pair of items appeared on the screen, positioned one above the other. Participants used a joystick that 

was fixed to the table, aligned with their body midlines, and connected to a computer via USB, to 

indicate their choice by moving the joystick either forward or backward, as quickly as possible, to 

respond. If no response was made within 2 seconds of pair presentation (upper time limit), the trial 

was aborted and a new one began. Participants received two different auditory feedback indicating 

whether their response was correct or incorrect. 

Visual stimuli presentation and data acquisition were controlled by the freely available Psychtoolbox 

software (MATLAB-based routines; www.psychtoolbox.org). 

 

2.2.4 Behavioural Data Analysis 

To evaluate task performance related to decision difficulty, across COMT Genotypes (Met/Met, 

Val/Val, Val/Met) in both phases of the task (learning and test phases), we conducted two separate 

two-way mixed model ANOVAs on participants' accuracy and reaction time (RT). In the test phase, 

we used SD (from 1 to 5) as a within-subjects factor, while in the learning phase, we used adjacent 

pairs (A>B, B>C, C>D, E>F, E>F) as a within-subject factor. Additionally, we tracked the number 

of learning blocks for each participant required to complete the learning phase by reaching the 

accuracy criterion (70% correct on all adjacent pairs). This measure was used to assess potential 

differences in learning across genotype groups. Chi-Square and Kruskal-Wallis tests were used to 

verify if differences in learning processes were statistically significant. 

http://www.psychtoolbox.org/
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In the subgroup of 48 participants performing the reverse phase, to evaluate the participants’ ability 

to follow the new rule, we used a three-way mixed model ANOVA adding Task phases (Test/Reverse) 

as a within-subject factor to compare the performance between the two phases across the Genotype 

groups. Significant effects were followed up by post-hoc LSD tests. Reference values for effect size 

measurements, yet ηp2, are as follows: 0.01 is the small effect size; 0.06 is the medium effect size; 

and 0.14 or higher is the large effect size. Analysis was performed by custom functions developed in 

MATLAB® R2022b (www.mathworks.com) and Statistica (StatSoft, Inc., 2004. STATISTICA (data 

analysis software system), version 7 (www.statsoft.com). 

 2.2.5 Drift Diffusion Model Analysis 

To assess which latent variable could account for performance differences across SDs and between 

Genotype subject groups, we fitted the DDM to each participant’s distribution of RT data using the 

PyDDM package (Shinn et al., 2020), aiming to identify which parameters best explained decision 

dynamics in our task. The DDM conceptualizes decision-making as a ramping-to-threshold process 

where the time of deliberation depends on several parameters such as the starting point (z), the drift 

rate (v), the decision boundary (a), and the non-decision time (ter), as the time capturing sensory or 

motor processing unrelated to the decision (Ratcliff & Mckoon, 2008).  

As in previous reports (Gomez et al., 2007; Hadian Rasanan et al., 2021; Pirrone et al., 2017; Ratcliff 

& Mckoon, 2008), in the present study, we assumed that item discriminability difficulty, indexed by 

SD, would influence the decision parameters without affecting the non-decision time. Here, we 

focused on the parameters v and a as variables influenced by decision difficulty. z was kept fixed 

since previous studies highlighted that this parameter is mainly influenced by motivation or reward 

expectation, which are variables not influencing the execution of the present task (Giuffrida et al., 

2023; Mulder et al., 2012). In addition, when fitting the test phase data, the model’s parameters were 

assumed to vary linearly with increasing symbolic distance, whereas during the learning phase, the 

parameters were assumed to follow a U-shaped pattern (Serial Position Effect), favouring the 

documented comparisons of extreme items over those of middle items (G. Jensen, 2017b). The model 

analysis was performed by evaluating the goodness of fit of three different models: 1) a null-model, 

used as a control, in which no parameter varied across SDs; 2) a drift‐only model, in which only the 

drift rate was allowed to change linearly with SD; and 3) a drift‐boundary model, in which both drift 

rate and decision boundary were allowed to change linearly with SD.  

The parameter ranges were defined a priori (drift rate  ɴ[–5, 10]; boundary  ɴ[0.2, 3]), and the best-

fitting model for each participant was selected based on the lowest Bayesian Information Criterion 

(BIC; (Raftery, 1995)). A lower BIC value indicates a better fit, whereas higher BIC values suggest 

either a poorer fit or unnecessary model complexity. To statistically assess whether DDM parameters 

differed significantly, we first performed a two-way mixed-model ANOVA (Genotype x SD) and 

(Genotype x Adjacent Pairs), including all participants who completed the standard test phase and 

learning phase. Additionally, to examine whether parameters varied across task phases and genotypes, 

http://www.mathworks.com/
http://www.statsoft.com/


19 
 

we conducted a three-way mixed-model ANOVA (Genotype x SD x Test Phase) on the subgroup of 

participants who completed both the test and reverse phases. 

 

2.3 Results 

2.3.1 COMT genotype impacts the progression of learning but does not impact 

performance in the test phase 

First, we analysed whether, in the test phase, participants had properly acquired the reciprocal rank 

relationship between the six items by verifying if accuracy and RT were shaped by the SD and if this 

differed between subjects with different genotypes (Figure.2.2A). For this purpose, we performed a 

two-way mixed ANOVA with Genotype (Met/Met, Val/Met, Val/Val) and SD (from 1 to 5) as factors. 

The statistical test detected no significant main effect of Genotype (F(2,80) = 2.63, p = .54, ηp
2 = .06), 

suggesting a comparable accuracy across groups, while there was a significant main effect of SD 

(F(4,320) = 74,43, p < .001, ηp² = .48; post hoc p < .01), indicating that the rank relationship among items 

was not only acquired but this was significantly shaped by SD with increased accuracy at larger SDs. 

No significant interaction between the two factors was detected (F(8,320) =.87, p = .54, ηp
2 =.021). 

Similarly, RTs were significantly modulated by the SDs (F(4,320) = 233.32, p < .001, ηp
2 = .745; post hoc 

p < .001), with faster  RTs for larger SDs, but no significant differences were found across Genotype 

groups (F(2,80) = 1.21, p = .30, ηp
2 = .029) nor significant interaction (F(8,320) = p = .75, ηp

2 = .018). 

 

 

 

 

 



20 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.2 Genotypic COMT group performance in Test and Learning Phases  (A) Accuracy and 

Reaction Time as a function of SDs (from 1 to 5) for the entire Test Phase; (B) Accuracy and Reaction 

Time as a function of learned Adjacent Pairs for the last learning block; (C) Proportion of participants 

performing each learning block calculated from total learning blocks of a genotype group (top); Number of 

participants performing learning blocks across groups (bottom) (D) Proportion of learning blocks required 

by each genotype; Coloured error bars in (A) are ±1 SEM among the pairs comprising each SD; in (B) are 

±1 SEM among the pairs comprising each Adjacent pair.  *p < .05; respectively Met/Met (green squares), 

Val/Met (gray dots), and Val/Val (red squares) 
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Since the test phase revealed no significant genotype effects - meaning that, once the rank ordering 

was acquired, all groups performed alike - we redirected our analysis to the learning phase, especially 

focusing on how participants progressed across learning blocks. We first checked performance in the 

final learning block (Figure 2.2B) to assess whether any Genotype-related differences emerged. A 

two-way mixed ANOVA with Genotype (Met/Met, Val/Met, Val/Val) and Adjacent Pairs (A>B, 

B>C, C>D, E>F, E>F) was performed on accuracy and RT as factors. Results still showed no 

significant effect in accuracy for Genotype (F(2,80) = 0.87, p = .42, ηp
2 = .021), nor a significant 

interaction (F(8,320) = .77, p = .62, ηp
2 =.019). A significantly higher accuracy was found for Adjacent 

Pairs (F(4,320) = 16.57, p < .001, ηp
2 = 0.171), with higher accuracy for the extreme pairs A>B and E>F 

compared to other pairs (post hoc p < .001). Similarly, RTs were significantly lower for the extreme 

item comparisons than middle items, Adjacent Pairs (F(4,320) = 47.45, p < .001, ηp
2 = .372) and post-hoc 

p< .05. No significant differences between Genotype (F(2,80) = 2,34, p = .10, ηp
2 = .055), or interaction 

was detected (F(8,320) = 1.60, p =.123, ηp
2 =.038). 

The former results highlight that all participants completed with comparable performance in the latest 

block of learning and the following test phase, with no difference between the different COMT 

genotypes. However, given the request to achieve a threshold level before engaging in the test phase, 

comparing the participants in the last learning block and the test phase might have plateaued any 

potential genotype-related variations occurring during the learning progression. To account for this 

possibility, we analysed the progression of each participant through the learning blocks. As a first 

step, we quantified the proportion of learning blocks needed by each group to achieve the accuracy 

threshold. Figure 2.2C (bottom) displays for each participant the number of learning blocks performed 

before the last block. Figure 2.2C (top plot) illustrates the proportion of participants of each group 

performing different blocks of learning. The rightmost proximal end of the line plot illustrates that all 

the participants needed at least two blocks before approaching the test phase, with no difference 

between genotypes. Similarly, the leftmost distal end displays that less than 1% of the participants 

required more than three blocks of learning, with no difference between the genotypes. The great 

majority of participants needed 3 to 4 blocks of learning. When comparing these proportions between 

the three groups, we observed a greater proportion of Val/Val individuals requiring 3 or more learning 

blocks and a lower proportion of Val/Met individuals. The Met/Met participants performed a 

proportion of learning blocks between the other groups. These differences were statistically 

significant for the last 3rd (χ² (2) = 10.85, p = .004) and last 4th (χ² (2) = 9.83, p = .007) blocks.  

As a further control, we quantified for each participant the proportion of blocks required for achieving 

the set threshold, with respect to the maximum number of detected blocks across all the participants. 

Figure 2.2D displays the median of the distributions of these proportions, which was significantly 

higher in the Val/Val genotype, Kruskal-Wallis (χ² (2) = 6.57, p = .037). These findings indicate that 

while final block learning performance did not differ between genotypes, the learning process 

reflected potential genotype-related differences, with Val/Val participants requiring more 

trials/blocks to reach the same level of performance.  
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2.3.2 The difficulty level of the test phase modulates the drift rate underlying decision making 

In searching to uncover variables underlying the decision process in the TI task, we modelled each 

participant’s performance by a DDM to evaluate which model's parameters better accounted for 

observed behaviour.  

Figure 2.3A displays the distribution of the reaction time of a representative participant for the five 

different levels of task difficulty, represented here by the SDE, and the simulated data by using the 

drift-only model, the drift‐boundary model, and the null model. The evaluation of the goodness of fit 

of the model provided for 81 participants over a population of 83 (98%), the lowest BIC value for the 

drift‐only model. In 1 participant, the lower BIC was associated with the null model, and in another 

one, the lower BIC was associated with the drift-boundary model (see Supplementary Figure S1 for 

details).  

These results highlight the drift rate as the main variable varying with the task difficulty during the 

test phase. Consistent with the behavioural data, the drift rate differed significantly between the SDs, 

but it was comparable across the genotype groups (Figure 2.3C). 

 

 

 

 

 

 

 

 

 

Figure 2.3 DDM simulation of RT distributions in the Test Phase (A) Density distributions of reaction times 

for a representative participant across the five SDs, along with fits from the null model, drift-boundary model, 

and drift-only model. (B) Schematic representation of the DDM, where drift rate reflects the speed of evidence 
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accumulation toward the threshold, across SDs. (C) Drift rates as a function of SDs (from 1 to 5) for the Test 

Phase. Coloured error bars are ±1 SEM among the pairs comprising each SD; respectively, Met/Met (green 

squares), Val/Met (gray dots), and Val/Val (red squares) 

A two-way mixed ANOVA was conducted, with Genotype (Met/Met, Val/Met, Val/Val) and SDs as 

factors, we detected a significant main effect of SDs (F(4,312) = .39, p < .001, ηp
2 = .848; post hoc p < 

.001) and a lack of statistical significance for the main factor Genotype F(2,78) = .28, p = .75, ηp
2 = .007). 

No significant interaction was detected F(8,312) = .38, p = .92, ηp
2 = .009.   

2.3.3 Progressive learning of item relationships influences the decision drift rate 

The previous results highlighted the drift rate as the main variable accounting for the difficulty-related 

performance in the test phase. With a similar approach to the test phase, we applied the DDM to 

assess if the drift rate accounts for performance from the start to the end of the learning phase. As in 

the test phase, in the last learning block, the drift rate was the variable that best accounted for task 

performance (Supplementary Figure S2). Figure 2.4A displays the different drift rates estimated by 

the model for the different pairs comparisons in the genotype groups in the last block of learning. The 

distribution of these values reflects the U-shape that shaped the reaction times (Figure 2.2B). A two-

way mixed ANOVA was conducted, with Genotype (Met/Met, Val/Met, Val/Val) and Adjacent Pairs 

(A>B, B>C, C>D, D>E, E>F) as factors, detected a significant difference for Adjacent Pairs (F(4,292) = 

78.53, p < .001, ηp
2 = .518) while no significant differences in drift rates were observed across 

genotype groups (F(2,73) = 2.46, p = .09, ηp
2 = .063). The analysis also revealed a significant interaction 

effect (F(8,292) = 4.37, p < .001, ηp
2 = .107)  (Figure 2.4A). Post-hoc LSD tests revealed highest drift 

values for extreme items comparisons (‘AB’ and ‘EF’) than middle items comparisons (‘BC’, ‘CD’, 

‘DE’), and a significantly higher drift for the ‘EF’ pair in the Val/Met genotype compared to other 

genotypes (post hoc p < .01). No other Adjacent Pair comparisons between genotypes reached 

significance.  

We then tested the progression of learning, first to assess overall performance improvement across 

learning blocks, and second, to identify when, during the progression of learning, the drift rate reliably 

started to account for the decision performance. For doing so, we calculated the average accuracy of 

all participants regardless of genotype or pair, for each block of learning. Next, for each participant 

and block, we fitted the different versions of the DDM and determined when the drift-only model 

achieved a lower BIC than the null model. Figure 2.4B illustrates this process in a representative 

participant, showing that after two learning blocks, the drift-only model fits better than the null model. 

As learning progressed and performance improved, the degree of curvature of the U shape increased 

with the improvement of the performance. This U shape, shown in Figure 2.2B, suggests that the 

comparisons between the extreme items (A>B and E>F) were easier to perform than those between 

central items. For each participant and learning block, we computed a curvature index as the mean 

drift rate of extreme pairs (AB, EF) minus the mean drift rate of middle pairs (BC, CD, DE). 
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Assuming that learning progression facilitates comparisons between extreme item pairs (A>B and 

E>F), we expected this curvature index to increase over blocks. Figure 2.4C (top panel) shows the 

increasing performance of all participants with progression of learning blocks, while the bottom panel 

shows when, for each participant, the curvature index began to reflect the serial position effect. The 

drift parameter emerged as significant for 12% of the participants in the 4th pre-test block, increasing 

to 33% in the 3rd block, while for the great majority of participants, 69%, the drift rate accounted for 

the task performance in the 2nd pre-test block, regardless of genotype. 

Across all participants and irrespective of genotypic differences, the curvature index increased 

consistently when the drift-only model provided a better fit than the null model (white cells), 

following the trend of accuracy improving. Figure 2.4C shows the relationship between curvature 

index and task performance, measured as the proportion of correct trials. Given that the curvature 

index may reflect underlying drift values that influence performance, participants were grouped based 

on their accuracy levels (0.20-0.59, 0.60-0.79, 0.80-1.00) to assess whether differences in curvature 

were associated with variations in accuracy (Figure 2.4D). A one-way ANOVA revealed a significant 

increase in the curvature index for the three different performance levels among the groups (F(2,167) = 

4.71, p < .010, ηp
2 = .054). Post hoc comparisons indicated significant differences in the curvature 

index between the highest accuracy level and the other two levels, suggesting this parameter is 

meaningfully associated with performance levels, regardless of the genotype.   
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Figure 2.4 Performance and Drift rates in Learning Progression (A) Drift rates as a function of learned 

Adjacent Pairs for the last learning block; Coloured error bars are ±1 SEM among the pairs comprising each 

Adjacent Pairs; respectively Met/Met (green squares), Val/Met (gray dots), and Val/Val (red squares) 

(B)  Accuracy and drift rate progression learning blocks of a representative participant; inset values indicate 

the Curvature index (C) Average Proportion of correct responses for all participants irrespective of genotype 

(top); Curvature index calculated from drift rates for all participants for all learning blocks (bottom) (D) 

Relationship between curvature index and task performance 

2.3.4 The COMT genotype groups perform differently when the comparisons depend on 

a novel rule 

The analysis of the learning progression (Figure 2.2C) detected that the Val/Val group needed more 

learning blocks to achieve the same performance as Met/Met and Val/Met before the test phase. 
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During that learning phase, the participants were required to identify which items were reciprocally 

linked by the relational rule “higher than”. Then we implemented a variation of the task where we 

required a subgroup of participants to perform the same pairs of items’ comparisons, but with the 

reversed rank order (Figure 2.1C). Therefore, if the previously acquired sequence was 

A>B>C>D>E>F, in the new phase of the task, they were informed that the pair comparisons needed 

to rely on the sequence F>E>D>C>B>A. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.5 Genotypic COMT group performance and Drift rates in Reverse Phase (A) and (B) Accuracy and 

Reaction Time as a function of SDs (from 1 to 5) for the Reverse Phase and Sub-group of Test Phase; (C) 

Normalized Drift rates as a function of SDs (from 1 to 5) for the Reverse Phase and Sub-group of Test Phase. 

Coloured error bars in (A), (B), and (C) are ±1 SEM among the pairs comprising each SD; respectively, 

Met/Met (green squares), Val/Met (gray dots), and Val/Val (red squares) 
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Figure 2.5A illustrates the accuracy of the three genotype groups, both in the subgroup of participants 

completing the version of the task with respect to the initial version. The three way mixed ANOVA 

revealed significant effects for SDs (F(4,180) = 100.26, p < .001, ηp
2 = .69 ), while no significant 

differences in Accuracy neither between groups based on genotypes (F(2,45) = 1.83, p = .17, ηp
2 = .075) 

nor significant differences among Phases (F(1,45) =  .00, p = .95, ηp
2 = .00),  were detected. Significant 

interactions between factors task phases and SDs (F(4,180) = 2.74, p = .03, ηp
2 = .057) and all the three 

main factors were detected (F(4,180) = 2.04, p = .04, ηp
2 = .083). The analysis of post-hoc identified a 

significantly lower performance in smaller SDs in the reverse phase (p < .05), which was mainly due 

to the lower performance of Val/Val (p < .05). No significant interaction was detected among task 

Phases and Genotypes (F(2,45) = .76, p = .47, ηp
2 = .043). 

Different RT between genotype groups in the two task phases was also statistically significant. Figure 

2.5B illustrates longer reaction times in the reverse phase than in the test phase. The three-way 

ANOVA revealed significant differences among the Phases (F(1,45) =  12.65, p < .001, ηp
2 = 11.24). A 

significant effect of the SDs as a main factor (F(4,180) = 219.36, p < .001, ηp
2 = .83) and an interaction of 

SDs with the task Phases was detected (F(4,180) = 6.31, p < .001, ηp
2 = .051). Significantly different RT 

for SD1 and SD5 in the reverse phase were observed (post-hoc p<0.05). No significant effect of the 

main factor Genotype was observed (F(2,45) = 2.97, p = .06, ηp
2 = .116), neither the interaction of 

genotypes with task phases (F(2,45) = .94, p = .39, ηp
2 = .04) nor the interaction with SDs (F(8,180) = 1.12, 

p = .35, ηp
2 = .047) was significant. No significant interaction among the three main factors was 

observed (F(8,180) = 1.21, p = .29, ηp
2 = .051). 

Even in the reverse phase, we used the DDM and detected the drift rate as the main variable 

accounting for the behavioural performance of each participant (Supplementary Figure S3). Prior to 

conducting the ANOVA, drift rates were normalized across participants to address substantial inter-

individual variability and differences in the absolute drift rates between the Phases. Figure 2.5C 

illustrates the normalized drift rate obtained for the three genotype groups in the two task phases. The 

three-way mixed model ANOVA revealed significant differences among the genotypes (F(2,43) = 3.44, 

p = .04, ηp
2 = .137). The drift rates of Val/Val were significantly lower than the other two groups 

post-hoc p < .05. Significant effects for SDs (F(4,172) = 439.54, p< .001, ηp
2 = .001) and an interaction 

effect of SDs with Genotypes was detected (F(8,172) = 3.42, p = .001, ηp
2 = .097), where Val/Val drift 

rate was smaller for SD4 and SD5 (post-hoc p < .05). The main factor Phases also had a significant 

interaction effect with SDs (F(4,172) = 5.28, p <.001, ηp
2 = .00), with smaller drift rates for lower SDs in 

the reverse phase (post-hoc p < .05). There was no significant main effects for Phases (F(1,43) = .028, p 

= .86, ηp
2 = .001) and neither its interaction with genotypes was detected (F(2,43) = 1.06, p = .35, ηp

2 = 

.050). No significant interaction effects of the three main factors were observed (F(8,172) =1.95, p = .055, 

ηp
2 = .098). 
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2.4 Discussion 

2.4.1 Slower learning and rule-adaptation in the Val/Val genotype 

In the present study, we investigated whether individual differences associated with variations in the 

COMT genotype affect the performance on a TI task. 

The analysis detected a comparable ability among the three analysed genotypes in completing the test 

phase of the task, once a criterion threshold was achieved during the learning phase. This suggests 

that the genotype did not affect the inferential decision once the item's relations were acquired.  

The experimental approach was designed to detect differences in inferential decision making that 

reflect variations in PFC function linked to the COMT Val158Met polymorphism. This genetic 

variation modulates dopamine availability in the PFC, with Val/Val individuals showing the lowest 

levels due to higher COMT activity, Met/Met individuals the highest, and Val/Met intermediate (Egan 

et al., 2001b; Lachman M. et al., 1996). Given the role of dopamine in supporting cognitive functions 

such as working memory, attention, and decision-making (Friston et al., 2014; Ott & Nieder, 2019), 

we hypothesized that the amount of time required to integrate the available information leading to a 

decision would reflect differences in dopaminergic tone across genotypes. Specifically, we expected 

Met carriers to exhibit higher accuracy and lower RT, while Val/Val individuals would show reduced 

performance due to lower dopamine availability. However, the lack of genotypic differences in 

completing the test phase contrasts with our initial hypothesis and with prior studies reporting lower 

cognitive performance in Val/Val individuals (Dickinson & Elvevåg, 2009).   

Interestingly, we found that individuals with the Val/Val genotype required significantly more blocks 

of trials compared to Met/Met and Val/Met individuals to achieve the learning threshold, indicating 

greater difficulty in acquiring the items’ rank structure. A poorer performance of Val/Val also became 

evident in the reverse phase when participants were informed that the rank order of items was 

reversed. 

Despite a comparable performance between COMT genotypes once they learned the items’ ranking, 

the performance diverged under conditions of reduced confidence in the relational hierarchy caused 

by the inversion of the original order of items. In this phase, Val/Val individuals exhibited reduced 

adaptability to the new rule. The lower performance of Val/Val in acquiring the rule of a new context 

seems consistent with the greater number of blocks needed by these individuals to complete the 

learning (see Figure 2.2C-D).  

This might relate to the impaired reward-based associative learning of this genotype observed in other 

contexts (Lancaster et al., 2012, 2015). The Val/Val individual’s generally longer RT and lower 

accuracy for more challenging pair comparisons in the reverse phase are consistent with a diminished 

capacity of reviewing the learned hierarchical representation by associating positive feedback to the 

inverted pair association. This is probably due to the different amounts of dopamine available in the 

PFC. This interpretation aligns with previous research showing that Val/Val individuals performed 
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poorly in a Stroop task with higher cognitive control demands, suggesting a common dopaminergic 

mechanism behind both rule updating and evidence evaluation (Rosa et al., 2010). 

Together, these findings reveal a pattern in which individuals with the Val/Val genotype show 

reduced efficiency not only in the initial acquisition but also in the flexible updating of relational 

structures.  

However, the present results contrast with previous studies reporting a cognitive flexibility advantage 

of Val/Val individuals, who exhibited lower switching costs in task-switching paradigms (Colzato et 

al., 2010; Moriguchi & Shinohara, 2018). This line of research emphasizes the Val allele’s role in 

rapid cognitive set reconfiguration (Markant et al., 2014), highlighting an aspect of flexibility that 

our data don’t seem to confirm. This reported discrepancy outlines the multifaceted nature of 

cognitive flexibility, which emerges in function of the task context. In our TI task, pair comparisons 

involve not only task switching but also the integration and restructuring of complex relational 

hierarchies, a task requiring deeper control processes. Our results suggest that Val/Val individuals 

would be at a disadvantage under these task demands since their lower dopamine availability hinders 

efficient and flexible adaptation, which is observed in demanding task-switching tasks (Rosa et al., 

2010). 

Future research should aim to disentangle the subprocesses that contribute to cognitive flexibility, 

such as set-shifting, hierarchical updating, and relational integration, across varying cognitive 

demands and in relation to the COMT genotype, to gain a clearer understanding of this complex 

neurocognitive construct.  

2.4.2 DDM modelling 

To gain a deeper understanding of the decision-making process going on in the present task, we 

investigated latent variables hypothesized to play a role in modulating decision processes using a 

DDM computational approach (Ratcliff & Mckoon, 2008). Here, we analysed two parameters of the 

model in relation to both the task difficulty and the group’s differences. 

The drift rate represents the average speed of evidence accumulation towards a decision's boundary 

(Ratcliff & Mckoon, 2008). This parameter has been used to characterize decision efficiency in 

perceptual decision tasks, where faster and more accurate decisions are associated with higher drift 

rates, driven in these tasks by more discriminable sensory inputs (Beste et al., 2018; Tavares et al., 

2017). Like the drift rate, the other model’s parameters, as the decision boundary or the starting point 

of ramping, could influence the decision dynamics since they are sensitive to contextual factors. For 

instance, while perceptual difficulty mainly affects the drift rate (Bolam et al., 2024; Gold & Shadlen, 

2007b), motivational influences such as reward anticipation can shift the starting point of evidence 

accumulation (Giuffrida et al., 2023) or attention to accuracy modulate the decision boundary 

(Ratcliff & Rouder, 2000; J. Zhang & Rowe, 2014).   
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These parameters have also shown sensitivity to individual cognitive differences. For example, 

(Ratcliff Roger & McKoon Gail, 2024) reported that age-related decline in drift rate mirrors 

reductions in the quality of mnemonic evidence. Similarly, (J. Park & Starns, 2015) conducted a study 

using a numerosity comparison task, where participants had to judge which of two sets of dots 

contained more items. They found that the drift rate parameter was a reliable measure of numerical 

precision. 

In clinical populations, DDM parameters can reveal compensatory mechanisms or processing 

differences. For instance, (Pirrone et al., 2017) used a two-alternative forced-choice orientation 

discrimination test to examine perceptual decision-making in adults with autism spectrum disorder 

(ASD). In contrast to a reference stimulus, participants were asked to determine whether a visual 

stimulus was tilted clockwise or anticlockwise. They found that although ASD people responded 

more slowly, their accuracy was comparable to that of neurotypical participants. A further decision 

boundary, which indicates that participants with ASD were more careful, was the reason for the 

delayed replies. Drift rates did not differ between the groups, indicating that both people with and 

without ASD had comparable quality of perceptual information extraction. In contrast, children with 

ADHD have been found to exhibit slower drift rates, with no significant differences in decision 

boundary (Karalunas & Huang-Pollock, 2013). These studies demonstrated that the DDM is an 

effective tool for identifying hidden parameters controlling decision making across different tasks or 

group populations. 

In the present work, we observed that the drift rate mainly accounts for the performance differences 

observed as a function of the acquisition of items' rank relation, the comparison’s difficulty, and the 

group differences.   

Firstly, here we provide evidence that the DDM framework could be extended to the TI task. As 

already observed in tasks based on perceptual discriminability, the same theoretical model could 

account for the accumulation of evidence by internal manipulation of learned relational information. 

We show that the drift rate may capture an underlying computational mechanism that seems to link 

both perceptual and non-perceptual decision-making. Here, the SD effect, where item pairs that are 

further apart in a hierarchy elicit faster and more accurate responses, was reflected in higher drift 

rates. This is likely due to easier access to more distinct relational representations (Lippl et al., 2024). 

In the present configuration of the task, we found that the drift rate was the main parameter 

influencing the performance of participants in the task.  

Additionally, we observed that the drift rate value increases with increasing performance accuracy 

measured as both the general value across pair comparisons and between pair comparisons within 

learning blocks (Figure 2.4 C-D). The DDM thus revealed that the drift rate was the parameter most 

sensitive to task difficulty, also during the different blocks of the learning phase. These results align 

with previous observations that the same parameter is modulated by learning and practice, correlating 

with improved accuracy and decreased RT (Dutilh et al., 2009; Wagenmakers, 2009; J. Zhang & 
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Rowe, 2014). This parameter also accounts for the lower behavioural performance of Val/Val in the 

reverse phase, which displays the lower drift rate value.  

To conclude, the observed genotype performance relationship in the TI task has implications, helping 

in understanding the cognitive deficits observed in various neuropsychiatric and neurodegenerative 

disorders (Fang et al., 2019; Perkovic et al., 2017; Taylor, 2018). Conditions characterized by 

deregulated PFC dopamine, such as in schizophrenia, often present with impairments in relational 

reasoning and executive functions, including deficits in tasks akin to TI (Egan et al., 2001b; Lopez-

Garcia et al., 2013; Titone et al., 2004). Molecular genetic studies have consistently identified COMT 

polymorphism as a key candidate gene associated with ADHD symptoms (Jung et al., 2019; Mizuno 

et al., 2017; Sun et al., 2014; Taylor, 2018). Recent neuroimaging studies further highlight this genetic 

link, showing COMT gene associations with decreased grey matter volume (Shimada et al., 2017) 

and abnormalities in cortical thickness and surface area in children with ADHD (Jung et al., 2019). 

Our findings suggest that the COMT genotype contributes to the variability and severity of these 

impairments in our sample of healthy adults. These observed effects on executive function and 

abstract thinking could provide insight into the underlying neurobiological mechanisms that may lead 

to the deficits and difficulties in abstract thinking and hierarchical organization observed in 

individuals with conditions such as ADHD and schizophrenia (Brunamonti et al., 2017; Titone et al., 

2004). 

2.5 Limitations 

The interpretation of the COMT Val158Met polymorphism in this study is subject to few limitations. 

Methodologically, the sample size (N=83) may have resulted in the study being underpowered, given 

the small effect sizes expected for single-nucleotide polymorphisms (SNPs). The analysis also did 

not explicitly report the verification of all standard ANOVA assumptions, such as specificity and 

homogeneity of variance, which would strengthen the robustness of the reported results. This is an 

exploratory study and therefore, future research should include larger samples and comprehensive 

power analysis. 

 

 

 

 

 

 

 

 

 



32 
 

Study 2: Cortical interplay linking item encoding and comparison in solving a 

transitive inference task: An EEG study 

 

Abstract 

Serial order-based decision making is a fundamental cognitive ability requiring the manipulation 

and reorganization of ordered information forming a mental schema, the basis for complex skills 

like mathematics and linguistics used on a daily basis. The transitive inference task, which involves 

inferring a novel relationship (e.g., A>C from A>B and B>C) after learning a series of adjacent 

pairs (e.g., A>B, B>C), is an important paradigm for studying such type of decision-making. 

Behavioural evidence, including the symbolic distance effect (SDE) and the serial position effect 

(SPE), suggests that subjects form a unified, spatial mental schema of the ranked set, with 

performance reflecting the ease of localizing items within this mental continuum. Neural correlates 

of TI consistently point to a central role for the hippocampus-prefrontal cortex (PFC) network in 

encoding the relational memory structure, while other regions like the posterior parietal cortex 

(PPC) are implicated in spatial representation and comparison. However, area specific roles and 

the temporal coordination among the distributed neural structures supporting this process remain 

open questions. To characterize the precise temporal dynamics and functional connectivity of the 

cortical areas involved in serial-order decision-making, we used electroencephalography (EEG). 

Participants performed a modified TI task where the encoding of individual items was temporally 

separated from the subsequent rank comparison and decision-making, allowing for the isolation of 

distinct cognitive processes. Our analysis focused of Event-related potentials (ERPs) (P200, N200, 

P300), time-frequency analysis of the alpha and beta desynchronization (ERSPs) as markers of 

working memory and executive control, and a weighted phase-lag index (wPLI) to quantify 

functional connectivity. The results suggest that the encoding and processing of different task 

variables are distributed across distinct cortical areas, with the degree of interaction between these 

regions dynamically modulated depending on the specific phase and the task. 

 

Keywords: Transitive inference task (TI), Electroencephalography (EEG), Event-related 

potentials (ERPs), Weighted Phase-lag index (wPLI), Event-related spectral perturbation (ERSP) 
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3.1 Introduction 

Serial order-based decision making is a fundamental component of cognition allowing to form a 

decision by manipulating and reorganizing previously acquired facts or experiences, linked one to 

another by an ordinal rule. This ability is widely studied across highly encephalized species (Acuna 

et al., 2002; Bryant & Trabasso, 1971; McGonigle & Chalmers, 1977), where they achieve a higher 

degree of complexity, building the bases of mathematics, logical thinking, or language 

competencies. For example, this process of internally restructuring existing knowledge to infer the 

solution to a novel problem (e.g., concluding that A>C from the premises A>B and B>C) is 

formally known as Transitive inference (TI). 

The TI task is an extensively employed paradigm to study the acquisition and manipulation of 

serially ordered information leading to complex capabilities such as inferential reasoning and 

highlights the behavioural and neural correlates (Brunamonti et al., 2011b; Bryant & Trabasso, 

1971; Dusek & Eichenbaum, 1997; O. F. Lazareva & Wasserman, 2006; McGonigle & Chalmers, 

1977; Merritt & Terrace, 2011; Mione et al., 2020a). During a typical TI experiment, the subject 

first learns the relationship between several overlapping adjacent item pairs (e.g., A>B, B>C, C>D, 

D>E, E>F). This learning process compels the participants to construct an internal, hierarchically 

ranked mental schema spanning the entire series (A>B>C>D>E>F). Subsequently, subjects are 

tested on non-adjacent, novel pairs (e.g., C vs E), requiring them to access this internally stored 

schema to make an inference-based decision (Acuna et al., 2002; Brunamonti et al., 2011b; Gazes 

et al., 2012). 

It is widely accepted that once rank order is learned, this information is encoded as a mental schema 

embedded within a spatial framework. In approaching this kind of rank-order tasks, individuals 

must first visually decode the identity of each item, then associate it with its corresponding rank, 

and finally make a decision based on a defined rule, such as identifying the higher-ranked item in 

a pair. Analysis of behavioural performance in pairwise item comparisons suggests that learning 

promotes a unified, spatial representation of the ranked set, a conclusion supported by the 

emergence of two key effects during comparisons: the Symbolic Distance Effect (SDE) and the 

Serial Position Effect (SPE) (Acuna et al., 2002; Gazes et al., 2012; Hinton et al., 2010; Merritt & 

Terrace, 2011). The SDE refers to the linear improvement in performance as the rank difference—

or symbolic distance—between compared items increases (e.g., C vs. E is easier than C vs. D). 

This finding suggests the schema is an ordered mental continuum where items with similar ranks 

overlap, while distinct ranks are clearly separated. Conversely, the SPE is characterized by a 

decrease in performance when tests involve items from the middle of the ranked series (e.g., C vs. 

D) compared to the more distinct extreme items (e.g., A vs. B or E vs. F). This pattern reflects the 

greater cognitive difficulty in localizing and retrieving the less differentiated middle positions 

within the spatial schema (Riley, 1976). 
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Neuroimaging and animal studies have consistently identified a core network supporting activity 

during the completion of this task. The hippocampus-prefrontal (PFC) cortex, interaction is 

thought to be central to this process, believed to be crucial for encoding the separate item pairs 

into a unified, flexible and relational memory structure (Acuna, 2002; Brunamonti et al., 2016a; 

Dusek & Eichenbaum, 1997; Zeithamova et al., 2012a). However, it is known that other cortical 

areas such as the posterior parietal cortex (PPC) are engaged in the spatial representation and 

comparison of items along the mental continuum and pair comparisons (Munoz et al., 2020; 

Wendelken, 2015). In fact, recent meta-analyses of TI research have emphasized that the neural 

basis is even more distributed involving areas such as the Putamen, retro splenial cortex and the 

median cingulate cortex (X. Zhang et al., 2022a). This suggests that serial order decision making 

is not a unitary process but relies on the connectivity and precise temporal coordination between 

several regions encoding different variables supporting this task. Which task variables are 

managed by different neural structures, what role is played by different cortical areas and how they 

interact with each other is an open question.   

Here, we take advantage of the high temporal resolution of electroencephalography (EEG) to 

characterize the cortical areas primarily involved in encoding different task variables and to 

understand how functionally relevant neural rhythms coordinate schema manipulation and related 

decision-making. To achieve this goal, we recorded EEG activity while a group of participants 

solved a version of a Transitive Inference (TI) task in which the encoding of each item was 

separated in time from the subsequent rank comparison and decision-making, allowing us to isolate 

the neural activity associated with these distinct cognitive processes during the proposed pair 

comparison. 

We focused our analysis on different features of EEG. First, we concentrated on the analysis of 

Event-related Potential (ERP) as the P200, N200 and P300 components detected from different 

brain areas, widely used to highlight which cognitive processes is mainly contributing to task 

specific variable processing (Bonnefond et al., 2014; Ghani et al., 2020; Heldmann et al., 2024; 

Sokhadze et al., 2017). To further understand the processes involved during the task execution we 

implemented a time frequency analysis by focusing on alpha (8-12 Hz) and lower Beta (13-20 Hz) 

desynchronization through Event related spectral perturbations (ERSPs) widely recognized as 

markers of working memory (WM), attention and executive control (O. Jensen & Mazaheri, 2010; 

Klimesch, 1999) engagement. As a final step, we implemented a functional connectivity analysis, 

by computing a weighted Phase lag index (wPLI) to quantify the degree of interaction between 

different cortical areas while the different task variables were processed. 

The results of the present work suggests that the encoding of the different task variables is 

distributed across different cortical areas with different degrees of interaction that depend on the 

task phase. 
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3.2 Materials and Methods 

3.2.1 Participants 

Thirty-two healthy university students (Male= 7; Female =25; mean age: 21 ± 3), took part in this 

experiment. All participants were right-handed, except one (handedness was measured using 

Edinburgh Handedness Inventory (Oldfield, 1971), had normal or corrected-to-normal vision and 

had no history of neurological or psychiatric disorders. Individuals with any prior knowledge of 

Chinese were excluded, as the experimental stimuli consisted of Chinese pictograms. This criterion 

was applied to prevent any semantic associations that might interfere with the intended 

manipulation of symbolic ranking. Written informed consent was obtained from each participant 

prior to the experiment, in accordance with the Declaration of Helsinki. The experimental protocol 

was approved by the ethics committee of "Roma Tre" University.  

 

3.2.2 Experimental Paradigm 

3.2.2.A Stimuli: The stimuli were mainly selected from the Chinese character frequency corpus 

of the Modern Chinese Corpus (Li and Zhao 2024). For this study, 6 Chinese monochrome 

pictograms were chosen based on the simplicity of the pictograms. 

 

3.2.2.B Procedure: Subjects were seated ≈ 50 cm from a PC monitor in a dimly lit room and 

instructions were provided about the EEG recording and the task. 

 

3.2.2.C Transitive Inference Task Design 

The task required participants to learn an ordinal hierarchy involving six unfamiliar stimuli (Figure 

3.1A; A>B>C>D>E>F). The stimuli consisted of Chinese pictograms (black and white bitmaps - 

30 x 30 mm - each with the same proportion of white area over a black background) with no known 

meaning to the participants, each associated with a specific rank within a predetermined symbolic 

structure. 
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Figure 3.1 Transitive Inference (TI) task and EEG setup. A. Rank-ordered Chinese pictograms. 

Adjacent items for learning and non-adjacent items for testing phase. B. Symbolic Distances (SDs) with 

pair combinations. During testing, 15 pairs contributed to the SDs (SD1, SD2, SD3, SD4, SD5). Pairs 

were presented with the target item appearing randomly as S2 at the centre of the screen. C. The sequence 

of events for each trial. D. EEG experimental setup E. 64 Channel Locations 

The learning phase was designed to train participants on the rank-order relationship between 

adjacent items in a pre-established symbolic structure. Participants engaged in a trial-and-error 

learning task where they were sequentially presented with pairs of abstract symbols one after the 

other. For each pair, they were asked to identify whether the second stimulus (S2) was higher or 

lower in rank than the first stimulus (S1). As illustrated in Figure 3.1C, each trial began with a 

1000ms black screen, followed by a 1000ms presentation of the first stimulus (S1). A 1000ms 

black screen delay (D1) then preceded the second stimulus (S2), which was displayed for 1000ms. 

A variable second delay (D2), lasting between 1000ms and 1300ms in 300ms steps, followed the 

S2 presentation. A grey dot then appeared, prompting a response within a 1000ms window. 

Participants were instructed whether S2 was a higher-ranked or lower-ranked item compared to S1 

by pressing a key on the keyboard. 
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To control for response-key bias, the assignment of keys was counterbalanced across participants: 

half the sample used the “K” key for “smaller” and the “L” key for “larger”, while the other half 

used the reverse mapping. Participants received distinct auditory feedback to indicate whether their 

response was correct or incorrect. This phase included only adjacent symbol pairs. Each block 

consisted of 50 trails, with 10 trials for each adjacent pair. Participants continued with successive 

blocks until they achieved an accuracy of at least 60% correct responses within a single block. At 

the conclusion of each block, they received feedback on their proportion of correct answers. 

The test phase followed the same temporal trial structure as the learning phase, as shown in Figure 

3.1A. However, the stimulus set was expanded to include both the learned adjacent pairs and novel, 

non-adjacent pairs (e.g., B>D or C>E) that had not been presented during the learning phase. All 

pairs were presented in a randomized order within each block, and the SDs were balanced across 

trials. The test phase consisted of four blocks, each comprising 60 trials.  

Visual stimuli presentation and data acquisition were controlled by the freely available 

Psychtoolbox software (MATLAB-based routines; www.psychtoolbox.org). 

3.2.2.D EEG Recording 

Scalp electroencephalography (EEG) was recorded from all participants throughout the entire 

session, using a 64-channel actiCAP system (Brain Vision, Brain Products GmbH). Electrodes 

were positioned according to the international 10-20 system and referenced on-line to the common 

FCz site, with impedances kept below 5kΩ. Trigger codes generated by the presentation software 

were transmitted to the Brain Vision Recorder via the parallel port, providing millisecond-accurate 

markers for all critical events (onset of each symbol, blank intervals, response cue, and 

keypresses). 

Data was acquired at a sampling rate of 1000 Hz with the Brain Vision amplifier settings and later 

down-sampled and filtered during offline pre-processing.  

 

3.2.2.E EEG pre-processing 

EEG data were pre-processed using EEGLAB, an open-source toolbox running with MATLAB. 

Continuous EEG recordings were first down sampled to 500Hz and first high-pass filter was 

applied at 0.5 Hz followed by a low-pass filter at 30 Hz. On visual inspection of each subject’s 

recording, channel rejection was done. Trails contaminated by ocular movements and blinks were 

corrected using independent component analysis (ICA). The cleaner version was further used for 

channel interpolation followed by average re-referencing. EEG was segmented in 5000ms time 

windows (200ms pre-stimulus to 4800ms post the onset of S1) and baseline corrected using pre-

stimulus (200ms) interval.  

 

 

 

 

http://www.psychtoolbox.org/
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3.2.3 Behavioural Analysis   

Accuracy was calculated as the proportion of correct responses for each trial, where a correct 

response meant the participant by trial-and-error, gradually learned and then identified whether the 

second stimulus (S2) was larger or smaller than the first stimulus (S1). Reaction time (RT) was 

measured by subtracting the time of Go signal (grey spot) appearance from the time of the 

participant’s response.  

 

For the learning phase, trials were sorted and categorized for each subject based on their 

performance on the five adjacent pairs (AB, BC, BD, DE, EF) in both the first and last blocks of 

learning. A two-way ANOVA was then performed to assess performance changes over time, with 

Learning block (first vs. last) as the within-subjects factor and the 5 adjacent pairs as the other 

within-subject factors. 

To measure task performance related to the Symbolic distance effect (SDE) in the test phase, we 

conducted one-way repeated measure ANOVAs for accuracy and RT. Trials were sorted and 

categorized for each subject based on the five different symbolic distances (SDs) (1 to 5). The SDs 

were treated as the within-subjects factor. 

 

Following the analysis of behaviour during learning and test, the rank encoding of every item was 

studied. The central aim of this analysis was to investigate the influence of Serial Position effect 

(SPE) within the test phase. We focused on determining if the hierarchical rank order of the items 

is established based on the S1 presentation in a trial, or if this understanding is formulated only 

upon the presentation of S2. This approach allows us to investigate whether a participant's 

understanding of the underlying stimulus hierarchy emerges already during an earlier encoding of 

the S1 or from its full context within a pair (S2). The behavioural analysis focused on how accuracy 

and RT for a given item were affected by its position within a trail. We categorized trials based on 

whether a specific item appeared as S1 or S2, and then analysed the performance metrics for each 

of these conditions across all six items. We conducted a two-way repeated measures ANOVA with 

Encoding (S1/S2) and the accuracy and RT of the six items as the within-subject factors. 

3.2.4 ERP Analysis 

For ERP analysis, after the pre-processing in EEGLAB, the correct trials of each subject from the 

test phase were loaded in MATLAB and were averaged for each SD. Next each channel was 

normalized and baseline corrected using a 200ms time window before S2. 

To analyse ERPs related to individual items of the hierarchy within a trial, the same procedure of 

normalization and baseline correction was applied separately for S1 (0 to 1000ms) and S2 (2000 

to 3000ms) presentations. For both S1 and S2, the baseline correction was done based on 200ms 

pre-stimulus onset. 
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3.2.4.1 Component Identification and Statistical analysis 

ERP components were identified and quantified based on mean amplitude within specific time 

windows and electrode clusters in response to the S2. These components were chosen because they 

map crucial cognitive functions onto time: the P200 (a positive peak around 200ms) reflects early 

visual attention: the N200 (a negative peak often observed after 170ms) is linked to conflict 

detection or response inhibition; and the most commonly studied P300 (a positive peak after 

250ms) serves as a marker of contextual working memory (WM) updating and decision making 

(Ghani et al., 2020; Sokhadze et al., 2017). Based on these already established roles, the 

components were quantified as follows: The P200 component was quantified as the average ERP 

amplitude at the Frontal electrode cluster (Fz, F1, F2, F3, F4, F5, F6) within the time interval of 

170-275ms relative to the onset of S2. The P300 component was quantified as the average ERP 

amplitude at the Centro-parietal electrode cluster (C3, C1, Cz, C2, C4, CP3, CP1, CPz, CP2, CP4) 

within the time interval of 300-550ms, relative to the onset of S2. Finally, the N200 component 

was quantified as the average ERP amplitude at the Parietal (Pz, P1, P2, P3, P4, P5, P6, P7, P8) 

and Occipital (POz, PO3, PO4, PO7, PO8, Oz, O1, O2) electrode clusters within the 180-250ms 

time interval, relative to the S2 onset (for review, Ghani et al., 2020). 

To assess the effect of SD (1 to 5), a one-way repeated measures ANOVA was conducted for each 

ERP component's mean amplitude and mean latency. The mean amplitude and mean latency of 

each component served as the within-subject factors. When a significant main effect was detected, 

multiple comparisons were conducted using a post-hoc analysis with the Tukey-Kramer 

correction. 

Secondly, similar component quantification was performed for the item rank encoding, with time 

windows adjusted accordingly. P200: 150 to 275ms, P300: 300 to 600ms and N200: 150 to 250ms 

for S1 and S2 baseline corrected to 200ms pre-stimulus presentation. To assess the effect of Serial 

position (SP) (A to F), a one-way repeated measure ANOVA was conducted for each ERP 

component’s mean amplitude and mean latency for S1 and S2 separately. The mean amplitude and 

mean latency of each component served as the within-subject factors. When a significant main 

effect was detected, multiple comparisons were conducted using a post-hoc analysis with the 

Tukey-Kramer correction. 

3.2.5 Time-Frequency Analysis (TFA) 

TFA was conducted using the EEGLAB plugin within MATLAB to compute Event Related 

Spectral Perturbation (ERSP). A short-time Fourier transform with a Hanning taper was performed 

for spectral decomposition. The analysis was configured with a 100-data-point time window and 

a pad ratio of 4, resulting in 50-time bins.  

 

For all TFA analysis, oscillatory power values were baseline corrected using the 200ms interval 

immediately preceding S1 onset (-200 to 0ms). To observe the SDE, the analysis window spanned 

from -200 to 4798ms which was then segmented to focus on the S2 presentation and the second 

delay (D2) (2000ms to 4000ms). For the analysis of item rank encoding, the TFA was performed 
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over two specific windows: for the S1 and the first delay (D1), and for S2 and D2. Frequencies 

above 30 Hz were excluded from the analysis due to potential contamination from muscle artifacts 

and eye movements. 

Statistical analysis was performed on ERSP values within the alpha (8-13Hz) and low beta (13-

20Hz) frequency bands. We did not include theta frequency band in our analysis. The common 

practice of using a baseline duration that accommodates several cycles of the lowest frequency of 

interest necessitates a sufficiently long segment for robust estimation (Keil et al., 2022) however, 

our established baseline length was considered too short to reliably capture and estimate the power 

of theta oscillations which require a minimum cycle duration of 125-250ms. For both the SDE and 

the item rank encoding analyses, ESRP values were first averaged across the same electrode 

clusters used in the ERP analysis. A separate one-way repeated measures ANOVA was then 

conducted for each electrode cluster to test for significant effect of SDE (1 to 5) and item rank 

encoding SPE (A to F) on the mean ERSP values. A False Discovery Rate (FDR) correction was 

applied to control for multiple comparisons. 

3.2.6 Principal Component Analysis (PCA)  

For investigating how the different brain areas contributed to task completion while participants 

encoded the different variables of the task, we performed a data reduction analysis by a PCA where 

the oscillation of brain activity for the different types of pairs’ comparisons during the different 

epochs of the task, were expressed in 34 EEG electrodes obtained by the combination of 

(F+CP+P+O) electrodes.    

 

To this aim we first focused our analysis on the symbolic distance brain related activity. For this 

analysis we organized the input data into a matrix X with columns (N=34 electrodes) and rows 

(M=20), representing the average ERSPs of the two frequency bands (Alpha/Beta) during pair 

comparisons for the 5 different SDs at the two decision epochs S2 and D2. 

A similar analysis was implemented for tracking the items rank encoding during the task. In this 

case we analysed the neural activity not just on the decision epochs of the task but also accounted 

for the epochs where each item rank was encoded. For this analysis the PCA input matrix X was 

columns (N = 34 electrodes) and rows (M=48). The number of rows was given by 6 items (A, B, 

C, D, E, F) x 4 task epochs (S1, D1, S2, D2) and two frequency bands. The PCA was implemented 

using the pca function in MATLAB. 

3.2.7 Phase-based Functional connectivity (FC) Analysis 

For studying the role of Alpha and beta oscillations being involved in functional connectivity (FC) 

between brain areas, we quantified these frequency bands across the decision-making epochs 

(S2/D2) using the weighted phase-lag index (wPLI) (Vinck et al., 2011), an advance extension of 

the phase-lag index (PLI) (Stam et al., 2007). The PLI measures the asymmetry of the distribution 

of phase differences between two signals, reflecting the consistency with which the phase of one 
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signal consistently leads or lags the phase of the other. The wPLI enhances this measure by 

weighting each phase difference according to the magnitude of the phase lag. This weighting 

procedure ensures that phase differences near zero which are highly susceptible to being produced 

by volume conducted noise source- contribute minimally to the final wPLI calculation. This 

effectively reduces the probability of detecting false positive connectivity resulting from common 

noise sources and significantly increases the sensitivity in detecting true phase synchronization 

(Vinck et al., 2011). The wPLI approach has demonstrated superior performance in the presence 

of noise when compared to other phase statistics (Wianda & Ross, 2016). 

The electrodes included in FC analysis were slightly different from ERP analysis. The electrodes 

were categorized into strictly four brain areas: Frontal (F) (Fz, F1, F2, F3, F4, F5, F6, F7, F8), 

Centro-parietal (CP) (CPz, CP1, CP2, CP3, CP4, CP5, CP6), Parietal (P) (Pz, P1, P2, P3, P4, P5, 

P6, P7, P8) and Occipital (O) (POz, PO3, PO4, PO7, PO8, Oz, O1, O2). To prepare the data, two 

specific time windows: S2 and D2 were isolated for analysis. For each subject and trial, the EEG 

data was baseline corrected (-200 to 0ms) and each channel was normalized to eliminate amplitude 

effects. The pre-processed data was then converted into a Fieldtrip - compatible structure. The data 

was then transformed into frequency domain using a Fast Fourier Transform (FFT) with a Hanning 

taper to obtain the complex-valued Fourier coefficients. The wPLI was then calculated for all 

channel pairs within this frequency domain using Fieldtrip functions. Finally, the wPLI values 

were averaged within alpha and beta frequency bands for each subject, consistent with the TFA, 

and a group-level 33*33 weighted connectivity matrix was computed for both the bands for each 

SD. 

Before statistical testing, we computed a single wPLI for six combinations of areas (interaction 

between the 4 major areas) and frequency bands. For example, for the F and the CP region, we 

computed FC between 17 electrodes, yielding five 17x17 weighted connectivity metrics for each 

epoch (S2 and D2) separately. Then we averaged wPLI values for these electrodes to get a single 

mean wPLI value for each SD within the two epochs. The Kruskal-Wallis test, a non-parametric 

alternative to a one-way ANOVA, was then performed to determine if there was a statistically 

significant effect of SDs on wPLI values within each epoch of the inter-area connection. For any 

significant results, a multi-comparison test was used. We conducted the FC analysis only related 

to SDE as the main focus of this study was the decision-making process which happens only after 

the comparison of the two stimuli after the S2 is presented. 

3.3 Results 

 

3.3.A.1 Acquisition of item ranked structure: Behavioural performance in First-Last 

Learning Blocks and Test phase 

The participants were firstly examined whether they successfully learned the reciprocal rank 

relationship of the six items and how well the participants learnt, starting from the accuracy and 

RT of the first block till the last block. A two-way repeated measures ANOVA was conducted to 

examine the effects of the learning block (first vs last) and adjacent pairs (AB, BC, BD, DE, EF) 
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on accuracy during the learning phase. There was a significant main effect of the learning block, 

(F(1,319) = 77.74, p < 0.001, ηp
2 = 0.20). This indicates that accuracy significantly improved from the 

first learning block to the last (Figure 3.2A). The main effect of adjacent pairs was not significant, 

(F(4,310) = 1.91, p =1.91, ηp
2 = 0.02) suggesting that the accuracy across the five adjacent pairs did 

not significantly differ from each other, when considering the average performance across the task 

phases. On the contrary, looking at the performance in the last learning block, compared to the 

first block, there emerged a higher accuracy in comparisons including extreme items with respect 

to the middle ones. However, the variable interaction effect did not achieve a level of significance 

(F (4,310) = 0.81, p = 0.521, ηp
2 = 0.01), indicating it as a trend suggesting the acquisition of the 

structure. The same statistical test on the RT suggests a similar conclusion. The two way ANOVA 

on RT revealed a significant main effect of the learning blocks, (F(1,301) = 5.64, p = 0.018, ηp
2 = 0.02), 

indicating that along with accuracy, RT too differed from the first to the last learning block (Figure 

3.2B). However, there was no significant effect of adjacent pairs (F (4,301) = 0.38, p = 0.822, ηp
2 = 

0.005) nor significant interaction between learning blocks and adjacent pairs (F (4,301) = 0.48, p = 

0.747, ηp
2 = 0.006), indicating RT changes over blocks were consistent across the adjacent pairs. 

 

 

 

 

 

 

 

 

 

Figure 3.2 Behavioral performance comparison between first and last learning blocks of the Learning 

phase. A. Accuracy as a function of Adjacent Pairs (AB, BC, BD, DE, EF) B. Reaction Time as a function 

of Adjacent Pairs (AB, BC, BD, DE, EF) for the Learning Blocks (First (circle) and Last (square)). The 

vertical bars represent ±1 SEM. 

A significant indication that the participants acquired ranked structure of the different items was 

provided by the analysis of the behavioural performance in the test phase, where all the pair’s 

comparisons were tested. Our analysis focused on whether accuracy and RT were systematically 

affected by the SD, and whether these results were consistent across participants. For this purpose, 

we used a one-way repeated measures ANOVA with the proportion of correct trials for each SD 

(1 to 5) as the within-subject factors (Figure 3.3A). The ANOVA revealed a significant main effect 

of SD, (F (4,124) = 24.32, p < 0.001, ηp
2 = 0.44) indicating that accuracy was strongly modulated by 

the SDs, as accuracy increased with larger SDs. Post hoc analysis showed significant differences 

A B 
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for larger SDs (SD3, SD4, SD5) (p<0.001) compared to smaller SDs (SD1, SD2) (p<0.01). 

Similarly for RT, the ANOVA revealed a significant main effect of SD, (F (4,124) = 4.28, p = 0.003, 

ηp
2 = 0.12) indicating that RT was also modulated by the SDs (Figure 3.3B). Post hoc analysis 

confirmed the major differences come from larger SDs (p<0.05). These behavioural results 

confirm that participants correctly acquired the rank relationship, as performance systematically 

improved with increasing symbolic distances. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.3 Behavioral performance in test phase. A. Accuracy as a function of SDs (1 to 5) B. Reaction 

Time as a function of SDs (1 to 5) for the test phase. The vertical bars represent ±1 SEM. 

3.3.A.2 ERP components of SDE 

The ERP waveforms for the four electrode clusters (Frontal, Centro-Parietal, Parietal and 

Occipital) are presented in Figure 3.4. Our analysis focused on the modulation of three ERP 

components by the SDE during the S2 presentation. 

 

3.3.A.2.1 P200 Modulation 

The P200 component, a positive-going deflection in the ERP (Figure 3.4A), was observed at the 

Frontal electrode cluster. We quantified the modulation of its mean amplitude within the 170-

275ms time window using a one-way repeated measures ANOVA that revealed a significant effect 

of SD, (F (4,124) = 2.60, p = 0.039, ηp
2 = 0.08). However, post-hoc pairwise comparisons found no 

significant differences between any of the conditions (p>0.05). There was no significant effect of 

SDs on the P200 mean latency (F (4,124) = 0.45, p = 0.78, ηp
2 = 0.01). 

 

3.3.A.2.2 P300 Modulation 

The P300 component, a positive-going deflection in the ERP (Figure 3.4B) after 300ms into S2 

presentation, was observed at the Centro-Parietal electrode cluster. A one-way repeated measures 

ANOVA on the P300 mean amplitude (300-550ms) showed a significant effect of SD (F (4,124) = 2.63, 

p = 0.037, ηp
2 = 0.08). Post-hoc pairwise comparisons found no significant differences between 

any of the conditions (p>0.05).The analysis of P300 mean latency revealed no significant effect of 

SDs (F(4,124) = 0.49, p = 0.75, ηp
2 = 0.02). 

A B 
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Figure 3.4 Grand-averaged ERP waveforms measured at Frontal, Centro-Parietal, Parietal and 

Parieto-Occipital Electrode clusters for the 5 SDs. A. Frontal P200 (dashed area shows significant time 

interval 170-275ms) B. Centro-Parietal P300 (dashed area shows significant time interval 300-550ms)  

C. Parietal N200 (dashed area shows significant time interval 180-250ms) D. Occipital N200 (dashed area 

shows significant time interval 180-250ms). On the sides of each waveform are mean amplitude (blue 

squares) and mean latency (green squares) for the respective time windows. Error bars indicate ±SEM. 

 

3.3.A.2.3 N200 Modulation 

The N200 component, a negative-going deflection in the ERP, was analysed in the 180-250ms 

time window at the Parietal (Figure 3.4C) and Occipital (Figure 3.4D) electrode clusters. At the 

Parietal electrode cluster, a significant effect of SD was found on the N200 mean amplitude, (F (4,124) 

= 4.72, p <0.01, ηp
2 = 0.13). Post-hoc pairwise comparisons showed that the significant overall 

effect was driven by the higher mean amplitude of SD5 compared to both SD1 and SD2 (p<0.01). 

No significant effect of SDs were found on the latency (F (4,124) = 0.61, p = 0.66, ηp
2 = 0.02). At the 

Occipital electrode cluster too, the analysis revealed a significant effect of SD on the N200 mean 

amplitude (F (4,124) = 3.70, p <0.01, ηp
2 = 0.11). Post hoc pairwise comparisons indicated that the 

mean amplitude of SD5 was significantly different from the mean of SD1(p<0.01), while no other 

pairwise comparisons were significant. The N200 latency did not show a significant effect of SD 

(F (4,124) = 1.05, p = 0.39, ηp
2 = 0.03). 
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We observed a significant linear modulation of all three ERPs from the statistical analysis for the 

SDE suggesting that P200 and P300 components might be associated with the early visual 

processing and decision making processes, respectively, on the other hand, the N200 component, 

commonly associated with attentional allocation and conflict detection, suggest that as the 

differences between the two stimuli increases, the cognitive conflict or the amount of attention 

required to process and compare them is lower. Therefore, the more difficult comparison (SD1) 

has higher negativity than easier comparisons (SD5) 

 

3.3.A.3 Time Frequency analysis: Alpha and low Beta modulations in item comparison 

Time frequency analysis was performed to examine the role of alpha and beta frequency bands 

across all electrode clusters previously used for ERP analysis. Specifically, we assessed how these 

signals modulated with SDs in two critical epochs (Figure 3.5) of the task, decision making epochs 

S2 and the D2, which are the task periods corresponding to the pair comparisons computation and 

preceding motor decision selection depending on the results of the comparison, i.e., press L or K. 

We studied these signals in different chunks of electrodes to evaluate which brain areas contributed 

to the pair comparisons. 
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Figure 3.5 Alpha/Beta ERSP modulation with Symbolic distance. A. Frontal electrode cluster B. 

Centro-Parietal electrode cluster C. Parietal electrode cluster D. Occipital electrode cluster- S2 and D2 

aligned to the first stimulus. Below the ERSP plots are F statistics with significant (p<0.05) time-frequency 

points after FDR correction across all 5 SDs (1 to 5) in color and the grey areas showing non-significant 

time-frequency points. On the right-hand side are bar plots with average Alpha/Beta ERSP modulation as 

a function of SDs (1 to 5) across highly significant time points (S2:200 to 1000; D2:1000 to 1500). Error 

bars indicate ±SEM. 

ERSP plots for all channels within each cluster revealed a clear alpha/beta suppression 

(desynchronization) during and immediately after the S2 presentation when the subject is involved 

in active comparison and decision making. To measure these differences across the SDs, we 

conducted a one-way repeated measures ANOVA for each time-frequency bin. This analysis 

revealed significant SD-dependent alpha/beta modulations (p<0.05, FDR corrected), spanning the 

period 200ms after the S2 onset until 500ms into the D2 epoch (200 to 1500ms).  

As shown in Figure 3.5 A-D in all four electrode clusters, the significant ERSP values showed 

distinct patterns for alpha and beta frequency bands.  

On averaging the significant ERSP values for alpha and beta separately for the significant time 

windows, we observed a strong alpha suppression modulated by the SD. This effect was most 

prominent and linear in the Frontal, Centro-parietal and Occipital areas. This sustained alpha 

desynchronization may align with previous work displaying active information processing and 

visual working memory engagement. Lower beta desynchronization (13 to 20 Hz) was also 

significantly modulated by the SDE and was most pronounced in the Centro-Parietal and Parietal 

areas, and this linear effect could be related to motor preparation or movement-related processes. 
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3.3.A.4 PCA Analysis of SD-related Activity 

Principal Component Analysis (PCA) was conducted on the combined alpha and beta ERSP matrix 

(N=34 channels, M=20 conditions). The analysis detected a single dominant component, with the 

first component (PC1) accounting for 93.16% of the data variability (Figure 3.6A). By plotting the 

PC1 scores sorted according to the different task variables, it became apparent that the alpha and 

beta bands, derived from the studied cortical surface, contribute to task execution with a distinct, 

time-dependent weighting across the trial. During each epoch of the task, both alpha and beta 

power displayed a modulation dependent on SD. However, a deeper examination revealed that this 

SD modulation was more pronounced during the delay period than during the stimulus encoding 

phase. Interestingly, in the beta band, the SD encoding during the delay period was accompanied 

by a general increase in PC1 scores. Overall, these findings suggest that the contribution of alpha 

and beta rhythms to encoding SD involves different functional roles, with this difference emerging 

as the task progresses from stimulus encoding and item comparison toward the transformation of 

this decision into an overt movement indicating the final choice. 

 

 

 

 

 

 

Figure 3.6 Principal component analysis A. Cumulative variance plot: Percentage of the cumulative 

variance explained by each Principal Component B. PC1 score vs SD: PC1 scores for each epoch including 

alpha/beta band modulation plotted against the 5 SDs. 

 

3.3.A.5 Functional Connectivity and the SDE. 

The connectivity measure, wPLI was computed for all 33 electrodes and resulted in 33*33 matrices 

of group mean connectivity for each SD in S2/D2 epochs, and for alpha and beta separately. In the 

adjacency matrices the values along the main diagonal are zero by definition.  

The alpha-band wPLI adjacency metrics for all the 5 SDs and for the two decision making epochs 

(S2/D2) are shown in Figure 3.7A.  

 

A B 
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Figure 3.7 Alpha-band based functional connectivity metrics and plots differentiating between the 

two epochs of interest and the 5 SDs. A. Adjacency metrics with 33*33 electrodes for each SD B. Bar 

plots showing inter-area combination differences as a function of SDs within that connection (F-Frontal, 

CP-Centro-Parietal, P-Parietal, O-Occipital). Error bars indicate ±SEM.  

 

The results of the comparison between the six inter-area combinations for the five SDs in alpha-

band wPLI are shown in Figure 3.7B. A Kruskal Wallis test was performed to determine if there 

was a statistically significant difference in wPLI values across the 5 SDs for each inter-area 

combination and the two epochs separately (Table 3.1).  

 

Area-Connection Epoch H statistics (χ2) p-value Post-hoc: 

Significant Pairs 

F-CP 1 49.85 <0.001 SD1 vs SD2: *** 

SD1 vs SD3: *** 

SD1 vs SD4: *** 

SD1 vs SD5: *** 

 
2 50.55 <0.001 SD1 vs SD3: *** 
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SD1 vs SD4: ** 

SD2 vs SD3: *** 

SD3 vs SD4: * 

SD3 vs SD5: *** 

SD4 vs SD5: * 

F-P 1 15.76 <0.01 SD1 vs SD3: ** 

SD1 vs SD4: * 

SD1 vs SD5: ** 

 
2 15.04 <0.01 SD3 vs SD5: ** 

SD4 vs SD5: * 

F-O 1 49.35 <0.001 SD1 vs SD2: *** 

SD1 vs SD3: *** 

SD1 vs SD4: * 

SD1 vs SD5: *** 

SD3 vs SD4: ** 

 
2 14.72 <0.01 SD3 vs SD5: ** 

CP-P 1 7.34 n.s. 
 

 
2 38.99 <0.001 SD1 vs SD3: *** 

SD2 vs SD3: ** 

SD3 vs SD4: *** 

SD3 vs SD5: *** 

CP-O 1 18.78 <0.01 SD1 vs SD3: ** 

SD1 vs SD4: ** 

 
2 45.80 <0.001 SD1 vs SD2: ** 

SD1 vs SD3: *** 

SD1 vs SD4: ** 

SD2 vs SD5: ** 

SD3 vs SD5: *** 

SD4 vs SD5: *** 

P-O 1 16.37 <0.01 SD1 vs SD2: * 

SD1 vs SD3: ** 

SD1 vs SD4: * 

 
2 14.19 <0.01 SD2 vs SD5: * 
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SD3 vs SD5: ** 

 

Table 3.1 Kruskal Wallis statistics table for alpha-band based functional connections. p<.001=ᶻᶻᶻ, 

p<.01=ᶻ,z p<.05= ,z n.s = not significant. 

 

From the Figure 3.7 and Table 3.1 we can emphasize that for mostly all inter-area connections, 

there was a significant effect of wPLI on the SDs. Especially in the first epoch when the S2 is 

being presented, there is a clear statistically significant higher alpha-band wPLI of SD1 compared 

to the other SDs mostly evident in frontal connections with Centro-parietal, parietal and occipital 

regions, that are all involved in decision-making and information processing.  

 

The wPLI adjacency metrics for all the 5 SDs and for the two epochs for beta frequency band are 

shown in Figure 3.8A. 

 
Figure 3.8 Beta-band based functional connectivity metrics and plots differentiating between the two 

epochs of interest and the 5 SDs. A. Adjacency metrics with 33*33 electrodes for each SD B. Bar plots 

showing inter-area combination differences as a function of SDs within that connection (F-Frontal, CP-

Centro-Parietal, P-Parietal, O-Occipital). Error bars indicate ±SEM. 

 

The results of the comparison between the six inter-area combinations for the five SDs in beta-

band wPLI are shown in Figure 3.8B. Similar to alpha-band wPLI, a Kruskal Wallis test was 
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performed to determine if there were statistically significant differences in beta-band wPLI values 

across the 5 SDs for each inter-area combination and the two epochs separately (Table 3.2).  

 

Area-Connection Epoch H statistics (χ2) p-value Post-hoc: 

Significant Pairs 

F-CP 1 89.28 <0.001 SD1 vs SD4: *** 

SD1 vs SD5: *** 

SD2 vs SD4: *** 

SD2 vs SD5: *** 

SD3 vs SD4: * 

SD3 vs SD5: *** 

 
2 104.10 <0.001 SD1 vs SD2: * 

SD1 vs SD3: *** 

SD1 vs SD4: *** 

SD1 vs SD5: *** 

SD2 vs SD3: *** 

SD2 vs SD4: *** 

SD2 vs SD5: *** 

F-P 1  56.31 <0.001 SD1 vs SD2: * 

SD1 vs SD4: *** 

SD1 vs SD5: *** 

SD2 vs SD5: * 

SD3 vs SD4: *** 

SD3 vs SD5: *** 

 
2 101.47 <0.001 SD1 vs SD3: ** 

SD1 vs SD4: *** 

SD1 vs SD5: *** 

SD2 vs SD3: ** 

SD2 vs SD4: *** 

SD2 vs SD5: *** 

SD3 vs SD5: *** 

F-O 1 46.89 <0.001 SD1 vs SD4: *** 

SD1 vs SD5: *** 

SD2 vs SD4: *** 

SD2 vs SD5: *** 

SD3 vs SD4: ** 
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SD3 vs SD5: * 

 
2  81.21 <0.001 SD1 vs SD3: *** 

SD1 vs SD4: *** 

SD1 vs SD5: *** 

SD2 vs SD3: ** 

SD2 vs SD4: *** 

SD2 vs SD5: *** 

CP-P 1 42.94 <0.001 SD1 vs SD4: ** 

SD1 vs SD5: ** 

SD2 vs SD3: ** 

SD3 vs SD4: *** 

SD3 vs SD5: *** 

 
2 51.94 <0.001 SD1 vs SD4: * 

SD1 vs SD5: *** 

SD2 vs SD3: *** 

SD2 vs SD4: *** 

SD2 vs SD5: *** 

CP-O 1 34.60 <0.001 SD1 vs SD4: *** 

SD1 vs SD5: *** 

SD2 vs SD4: * 

SD2 vs SD5: *** 

SD3 vs SD5: * 

 
2 86.07 <0.001 SD1 vs SD3: *** 

SD1 vs SD4: *** 

SD1 vs SD5: *** 

SD2 vs SD3: *** 

SD2 vs SD4: *** 

SD2 vs SD5: *** 

P-O 1 9.34 n.s. 
 

 
2 75.96 <0.001 SD1 vs SD3: ** 

SD1 vs SD4: *** 

SD1 vs SD5: *** 

SD2 vs SD3: * 

SD2 vs SD4: *** 

SD2 vs SD5: *** 
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SD3 vs SD4: * 

SD3 vs SD5: * 

 

Table 3.2 Kruskal Wallis statistics table for beta-band based functional connections. p<.001=ᶻᶻᶻ, 

p<.01=ᶻ,z p<.05= ,z n.s = not significant. 

 

From the Figure 3.7 B and Table 3.2 we understand that for mostly all inter-area connections, there 

was a significant effect of beta band wPLI on the SDs. In the first epoch when the S2 is being 

presented there is a linear trend, decrease in beta-band wPLI with increasing SD especially 

connections between Centro-parietal electrodes with frontal and occipital regions. Also, it is 

important to note that in the 2nd epoch - D2, this is the period of motor preparation. Here in this 

epoch, we can observe a similar trend as in the previous epoch in the connections between occipital 

electrodes with frontal and parietal regions that are all linked to movement related processing. 

 

3.3.B.1 Encoding of individual item serial position as S1/S2 

Once the SDE was detected in the test phase, we wanted to evaluate how the subjects encoded and 

manipulated the hierarchically ranked six images in their mental schema to infer the relationship 

between them in the test phase itself. As mentioned in section 3.2.3, Accuracy and RT were 

analysed for the two Encodings, using a two-way repeated measures ANOVA with the proportion 

of correct trials and RT for each item (A to F) and S1/S2 Encoding as the within-subject factors 

(Figure 3.9A-B). The repeated measures ANOVA revealed a significant main effect of the six 

items (F (5,155) = 8.34, p <0.001, ηp
2 = 0.21) on accuracy. There was no significant main effect of the 

Encodings (S1/S2) (F (1,31) = 1.39, p = 0.25, ηp
2 = 0.04), suggesting no overall difference in accuracy 

between the two presentations. There was a significant Encodings*Item interaction effect (F (5,155) = 

2.48, p = 0.034, ηp
2 = 0.07). Post-hoc comparisons revealed that the accuracy of the middle items 

C, D and E were significantly different from the extreme items A, B and F in the S2 Encoding 

(p<0.05), also the middle items had lower accuracy in the S2 encoding than in the S1 encoding 

(p<0.05), indicating that though when the item was presented did not have significant difference, 

the accuracy and shaping of SPE was significantly better in S2 encoding epoch. 

 

For RT analysis, repeated measures ANOVA revealed a significant main effect of the six items (A 

to F) (F (5,155) = 3.47, p =0.005, ηp
2 = 0.10). Post-hoc comparisons using Bonferroni correction 

revealed that Item F had significantly lower RT than item B, D and E (all p<0.05). No other 

pairwise comparisons between items reached significance. However, there was no significant main 

effect of the Encodings (S1/S2) (F (1,31) = 1.14, p = 0.29, ηp
2 = 0.04). The interaction between 

Encoding and items was also not statistically significant (F (5,155) = 0.40, p = 0.85, ηp
2 = 0.01). 

These behavioural differences from S1 and S2 Encoding convey that though there is a comparable 

SPE in the first presentation of items, the effect is stronger only when the second stimulus is 

presented, when they actually have to manipulate the rank order of the items to compute the 

relationship between both the stimuli. 
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Figure 3.9 SPE of items presented in Test Phase. A. Encoding S1: Accuracy and RT as a function of 

items presented as S1 (A to F) B. Encoding S2: Accuracy and RT as a function of items presented as S2 (A 

to F) in the test phase. The vertical bars represent ±1 SEM. 

 

3.3.B.2 ERP components of item rank encoding 

The ERP waveforms for the four electrode clusters (Frontal, Centro-Parietal, Parietal and 

Occipital) are presented in Figure 3.10. Our analysis focused on the modulation of three ERP 

components by the SPE during S1 and S2 encoding of items.  

 

3.3.B.2.1 P200 Modulation 

The P200 component, a positive-going deflection in the ERP which was observed at the Frontal 

electrode cluster (Figure 3.10), was analysed using separate one-way repeated measures ANOVAs 

to assess the modulation of its mean amplitude and mean latency by the Serial position of items 

(A to F) across the S1 and S2 encoding period within the 150-275ms post stimulus presentation.  

For S1 encoding, the ANOVA revealed a significant effect of SP on the mean P200 amplitude, (F 

(5,155) = 2.28, p = 0.049, ηp
2 = 0.07). However, post-hoc pairwise comparisons using Tukey Kramer 

correction found no significant differences between any of the conditions (p>0.05). For mean 
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latency, there was a significant effect of items (F(5,155) = 2.60, p = 0.028, ηp
2 = 0.08). Post-hoc 

pairwise comparisons found that Item F was significantly different from item B and item E 

(p<0.05). No other pairwise comparisons were significant. While analysis of S2 encoding found 

no significant effect of SP for either mean P200 amplitude (F (5,155) = 0.69, p = 0.635, ηp
2 = 0.02), or 

the mean latency (F (5,155) = 1.40, p = 0.226, ηp
2 = 0.04).  

 

 

Figure 3.10 Grand-averaged P200 ERP waveforms measured at Frontal cluster for S1 and S2. Below 

are mean amplitude and mean latency respectively. The vertical bars represent ±1 SEM.  

 

3.3.B.2.2 P300 Modulation 

The P300 component, observed as a positive-going deflection in the ERP waveform and identified 

at the Centro-Parietal electrode cluster (Figure 3.11), was analysed using separate one-way 

repeated measures ANOVAs to assess the modulations of its mean amplitude and mean latency by 

SP (A to F) across the S1 and S2 encoding epochs within 300-500ms post stimulus presentation. 

For S1 encoding period, the ANOVA showed no significant effect of SP on either the mean P300 

amplitude, (F(5,155) = 1.70, p = 0.137, ηp
2 = 0.05), or the mean latency (F(5,155) = 0.97, p = 0.437, ηp

2 = 

0.03). However, the S2 encoding revealed a significant effect on the mean amplitude, (F(5,155) = 2.30, 

p = 0.048, ηp
2 = 0.07). Post-hoc pairwise comparisons using Tukey Kramer correction showed that 

item B was significantly different from item E and F (p>0.05). No other pairwise comparisons 

were significant. There was no significant effect on the mean latency, (F(5,155) = 0.87, p = 0.500, ηp
2 

= 0.03).  
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Figure 3.11 Grand-averaged P300 ERP waveforms measured at Centro-Parietal cluster for S1 and 

S2. Below are mean amplitude and mean latency respectively. The vertical bars represent ±1 SEM.  

 

3.3.B.2.3 N200 Modulation 

The N200 component, observed as a negative-going deflection in the ERP, was also analysed at 

the Parietal (Figure 3.12A) and Occipital (Figure 3.12B) electrode clusters, with separate one-way 

repeated measures ANOVAs conducted to assess the modulation of mean amplitude and mean 

latency by serial positions (items A to F) across the S1/S2 encoding epochs within the 150-250ms 

period post stimulus presentation. 

On the Parietal cluster, the S1 encoding revealed a significant effect of SP on mean amplitude, (F 

(5,155) = 4.13, p = 0.002, ηp
2 = 0.12). Moreover, Post-hoc pairwise comparison with Tukey-Kramer 

revealed that Item C was significantly different from Items B and D (both p<0.001). No other 

pairwise comparisons were significant.  There was no significant effect on mean latency, (F (5,155) = 

0.53, p = 0.754, ηp
2 = 0.02). A similar pattern emerged during S2 encoding, where a significant 

main effect of SP on mean amplitude was found, (F (5,155) = 3.31, p = 0.007, ηp
2 = 0.10). However, 

post-hoc comparisons revealed that the main effect was the result of Item B being significantly 

different from item C (p =0.007), but no significant effect on mean latency (F (5,155) = 1.28, p = 0.275, 

ηp
2 = 0.04). 
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Figure 3.12 A. Grand-averaged N200 ERP waveforms measured at Parietal clusters for S1 and S2. 

B. Grand-averaged N200 ERP waveforms measured at Occipital cluster for S1 and S2. Below are 

mean amplitude and mean latency respectively. The vertical bars represent ±1 SEM.  
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For the Occipital cluster, analysis was performed using the same statistical approach. For S1 

encoding, the ANOVA revealed a significant effect of SP on mean amplitude, (F (5,155) = 3.60, p = 

0.004, ηp
2 = 0.10). Mean latency, however, was not significantly modulated by serial position,  

(F (5,155) = 0.89, p = 0.487, ηp
2 = 0.03). The S2 encoding period showed an even stronger modulation 

by SP, with the ANOVA revealing a highly significant effect on mean amplitude, (F (5,155) = 8.26, p 

<0.001, ηp
2 = 0.21). Similar to S1, mean latency during S2 was not significantly affected by SP, 

(F (5,155) = 1.85, p = 0.107, ηp
2 = 0.06). 

 

From the results of the three ERPs we analysed, it can be concluded that though some components 

show significant effects of serial positions of the items when presented either in the first encoding 

epoch or the second encoding period, the modulations are not representative of the usual SPE 

pattern that was observed in the behavioural analysis in either of the encoding epochs. The detected 

linear trend of ERP modulation is more in line with the hypothesis that these signals are encoding 

an abstract feature of the stimuli, which is in this individual items’ rank value rather than a 

response-oriented modulation, embedded in the U-shape of SPE.    

 

3.3.B.3 Time Frequency analysis: Alpha and Beta modulations in rank encoding 

Time frequency analysis was performed to examine the role of alpha and beta frequency bands 

across all electrode clusters previously used for ERP analysis. We assessed how these frequencies 

modulated during and after the presentation of each item during the task (Figure 3.13A-D) 

ERSP plots for all the clusters during S1 encoding revealed weaker alpha/beta desynchronization 

during and immediately after the S1 presentation. However, during and after S2 encoding, a 

stronger alpha/beta desynchronization was observed. To statistically quantify these differences 

across items in each Encoding phase, we conducted a one-way repeated measures ANOVA for 

each time-frequency bin. This analysis revealed significant SPE-dependent alpha/beta modulations 

(p<0.05, FDR corrected), spanning from 200ms after the S1/S2 onset until 500ms into the delay 

epoch. 

As shown in Figure 3.13A-D the significant ERSP values in all the clusters displayed distinct 

patterns for alpha and beta frequency bands. On averaging the significant ERSP values for alpha 

and beta separately across the identified significant time windows, we observed a strong alpha/beta 

desynchronization modulated by the SPE only in S2 encoding especially during the delay period 

where alpha band might reflect active maintenance of information in the working memory and 

beta band which is usually associated with motor preparation, might be the readiness to act on the 

information being held in the memory. The SPE related U shape of items was clearer in the frontal 

and occipital cluster, the two areas that are usually involved in attention, encoding and maintenance 

of visual stimuli. 
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Figure 3.13Alpha/Beta ERSP modulation in the A. Frontal electrode cluster B. Centro-Parietal 

cluster C. Parietal cluster D. Occipital cluster. S1 Encoding - S1 presentation to the end of D1 and S2 

Encoding: S2 presentation to end of D2, both aligned to the first stimulus. Below the ERSP plots are F 

statistics with significant (p<0.05) time-frequency points after FDR correction across all 6 items (A to F). 

On the right-hand side are bar plots with average Alpha/Beta ERSP values as a function of SPE (A to F). 

Error bars indicate ±SEM. 

3.3.B.3 PCA: Global dynamics of item rank encoding  

A second PCA was conducted on the combined alpha and beta ERSP matrix (N=34 channels, M= 

48 conditions). The analysis detected a single dominant component, with the first component-PC1 

accounting for 88.3% of the data variability (Figure 3.14A). By plotting the PC1 scores sorted 

according to the rank order of items, it became apparent that the alpha and beta bands, derived 

from the studied cortical areas, contribute to serial positioning of the task items with a distinct, 
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time-dependent weighting across the trail. During the 4 specific epochs of the task, where items 

are presented either first or as second stimulus, both alpha and beta power displayed a modulation 

dependent on SP. However, a deeper examination revealed that this SP modulation was more 

pronounced when the items were presented as S2 especially during the delay period. For this 

analysis too, in the beta band, the SP encoding during the delay period was accompanied by a 

general increase in PC1 scores. Overall, these findings suggest that the contribution of alpha and 

beta rhythms in rank encoding the items involves different functional roles similar to those 

observed in SDE. 

 

Figure 3.14 Principal component analysis A. Cumulative variance plot: Percentage of the cumulative 

variance explained by each Principal Component B. PC1 score vs Item encoding: PC1 scores for each epoch 

including alpha/beta band modulation plotted against the 6 items. 

 

3.4 Discussion 

Learning the relationship between abstract items or objects to form a serial order is crucial for 

manipulating stored information, which often exists as a mental schema in WM. These combined 

processes facilitated by coordinated activity of different brain areas is one of the important 

characteristics that support human decision-making. We studied the underlying neural correlates 

of the encoding of information in a hierarchically ordered schema after its learning using an 

experimental design involving a delay TI task, where participants had to learn a six-item ordered 

series during learning and compare the rank order of pairs of them after their rank order acquisition. 

The task was designed to separate in time, presentation of individual items of a pair comparison 

as well as introducing a period of time required to maintain in memory the items’ rank or the results 

of their rank comparison. Thanks to this design we separated possible overlapping signals between 

visual encoding, decision making during item comparisons and motor response related decisions. 

We recorded and analysed EEG activity of 32 participants while testing the participants during the 

item’s comparison in the test phase of the task. The analysis of ERPs, alpha and beta band 

modulations and functional connectivity among brain areas, indicate the contribution of different 

cortical areas to different processes of the task while the mental schema in the WM was activated 

and manipulated to make the decision.  

A B 
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3.4.1 Behavioural evidence of successful schema acquisition and use for decision making 

The behavioural performance successfully confirms the acquisition and utilization of the mental 

schema consisting of the ordered items in the task, as indexed by the two primary task variables: 

the Symbolic distance effect (SDE) and the Serial Position effect (SPE). Our delayed TI paradigm 

successfully replicated the behavioural patterns observed in similar (Kay et al., 2024) and previous 

studies (Bryant & Trabasso, 1971; Merritt & Terrace, 2011; Zeithamova et al., 2012a). 

 

In the Learning phase, all participants met the required 60% accuracy criterion by the final block, 

indicating that they successfully acquired the underlying hierarchically rank-ordered schema from 

the adjacent pairs (Figure 3.2). While some TI task-based literature notes this learning effect is 

characterized by the SPE (Brunamonti et al., 2016a; Merritt & Terrace, 2011), this effect was only 

observed as a non-significant trend in our last learning block. Moreover, this SPE related trend 

took shape only in the last learning block when compared to the first block. 

The subsequent Test phase, however, produced reliable findings consistent with existing literature: 

both accuracy and RT were significantly modulated by the Symbolic distance (SD) (Figure 3.3). 

This effect suggests that participants not only acquired the adjacent pair relationships but also 

integrated them into a relational schema, which was then actively utilized to make novel, memory-

based decisions (Kay et al., 2024).  

 

Following the confirmation of the overall SDE, we investigated how this schema-based serially 

ordered knowledge is expressed by analysing the influence of the SPE when items are presented 

individually in the test phase unlike the usual SPE observed during learning phase to measure 

adjacent item relationships. Different from the traditional TI tasks, our delayed TI paradigm 

imposes a two-stage encoding process where the subject must first encode item S1 and maintain 

its rank in WM before S2 appears. The final, schema-accessing step-computing the relationship 

between the two ranks and making the choice - must occur during the S2 presentation. 

Focusing on the test phase, where the schema was fully acquired and being actively applied for 

novel inference, we sought to determine if the hierarchical rank understanding emerges during S1 

encoding or during the S2 comparison epochs. Psychological studies suggest that a mental schema 

influences retrieval by enabling orderly search and facilitating the reconstruction of information 

(Ghosh & Gilboa, 2014). Our behavioural analysis of the SPE confirmed that this structural 

knowledge is not fully available when items are presented as S1 (Figure 3.9). Instead, the 

characteristic SPE - high accuracy for extreme items and low accuracy for middle items are 

significantly more evident and accurately shaped only when items are presented as S2. 

Since the time following S2 presentation is the moment that forces the subject to encode the second 

item and actively retrieve the position of the previous item to compute the comparison, the 

emergence of the SPE at this stage strongly suggests that the complete schema organization is 

expressed and retrieved at the moment of comparison. Also, the lower accuracy and higher RT 

observed for items in the middle of the schema confirm that locating these central ranks within the 

serially ordered mental representation imposes a higher retrieval difficulty (Riley, 1976). The 
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combined evidence from the SDE (utilization of the schema) and the context-dependent SPE 

(structural organization of items) concludes that the mental schema of the serially ordered items is 

revealed by these two main task variables. 

 

3.4.2 ERP correlates: item rank retrieval difficulty (SPE) and item comparison difficulty 

(SDE)  

The second goal of this investigation was to characterize the time-locked neural processes 

associated with the moment of independent item encoding (S1/S2) (SPE) and the pair-wise 

relational comparison difficulty at the onset of S2 presentation (SDE) using ERPs. 

Despite the clear emergence of the SPE in the behavioural accuracy during the S2 encoding phase, 

the analysis of the ERP components, P200, N200 and P300, across both S1 and S2 presentation 

did not reveal any significant SPE that followed the characteristic U-shaped trend (Figure 3.10; 

Figure 3.11 and Figure 3.12). This dissociation might suggest that the retrieval and encoding of an 

item’s absolute rank within the schema is not executed as a simple, time-locked event at the 

moment of stimulus onset. This process involves active and continuous effort in retrieving and 

locating items within the serially ordered mental representation, which is therefore not captured 

by ERP components.  

 

Whereas, the SDE was clearly indexed by ERP components, confirming that the brain is capable 

of instantaneously assessing relational difficulty at the moment of comparison (Figure 3.4). The 

analysis of the Frontal P200 (170-275ms) and the Centro-parietal P300 (300-550ms) revealed a 

significant overall effect of SD on the mean amplitude for both components. The P200 is generally 

associated with visual attention and discrimination processes and its modulation may track task 

difficulty (Sokhadze et al., 2017). The P300, especially the P3b observed in the Centro-parietal 

areas is a marker of parietal functions associated with high level processes such as stimulus 

categorization, updating of WM and task difficulty (Causse et al., 2015; Kelly & O’Connell, 2015). 

The significant effects suggest that the task variables modulate these general visual, attentional 

and WM-updating processes and these components track linear changes in relational difficulty 

specific to the SDE.  

 

The Parietal and Occipital N200 (180-250ms) provided a clearer expression of the SDE, 

highlighting the brain's rapid assessment of relational difficulty. The N200 component, localized 

over posterior scalp regions and peaking around 200ms post-stimulus (N2b), is classically 

associated with conflict detection and attention (Folstein & Van Petten, 2008). In line with this, 

the N200’s negativity is known to increase with the magnitude of conflict, a pattern observed in 

studies of numerical comparison or reasoning where greater negativity is elicited when a presented 

number is inconsistent with expectations or when there is rule violation(Xiao et al., 2018, 2019). 

This sensitivity to conflict is functionally reflected in numerical distance effects, which have been 

detected as early as 200ms in ERP amplitudes over parietal sites suggesting that the brain evaluates 

numerical meaning underlying the serial positions of items rapidly (Nieder & Dehaene, 2009). Our 
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results align with these findings as the mean amplitude of the N200 for the most difficult 

comparisons (SD1 and SD2) was significantly more negative than for the easiest comparison 

(SD5) across both posterior clusters. The increase in negativity for small SDs demonstrates that 

the effort required for conflict resolution and precise visual discrimination scales inversely with 

the relational distance. This rapid neural processing supports the cognitive model that TI and 

numerical comparison share a mechanism (Bryant & Trabasso, 1971; Dehaene, 1996; Goodwin & 

Johnson-Laird, 2005), where adjacent items (small SD) induce higher cognitive conflict, which is 

assessed as early as 200ms post-stimulus. 

 

3.4.3 Time-Frequency dynamics and Functional Connectivity: Alpha and Beta oscillations 

track encoding, maintenance and schema utilization for decision execution. 

While the ERP analysis provided a time-locked index of decision making and task difficulty, it is 

important to recognize that ERPs are unable to capture all brain responses to a visual stimulus, 

especially those that are not synchronized in both time and phase (Vecchio et al., 2022). Therefore, 

to gain a general and comprehensive overview of the physiological processing supporting our task, 

we employed TFA.  

 

The exciting literature on TI tasks using serial order processing emphasizes the involvement of the 

hippocampus, PFC and Parietal cortex. Human and animal studies have consistently demonstrated 

the major role these regions play in coding items in a sequence or rank order, storing them in 

memory during learning, and manipulating them during problem solving and decision-making 

(Brunamonti et al., 2016a; Hinton et al., 2010; G. Jensen, 2017a; Mione et al., 2020a; Munoz et 

al., 2020; Ramawat et al., 2022a). Building upon this knowledge, our TFA analysis was 

specifically designed to investigate the role of the brain rhythms within and between these and 

other cortical areas, aiming to explain how oscillatory dynamics promote the successful execution 

of this form of TI task (Di Bello et al., 2024; Marc et al., 2025). 

Foundational work established that oscillatory modulations, particularly event-related 

desynchronization (ERD) in alpha band, are systematically modulated by task demand during 

visual processing, memorization and attention (Gomarus et al., 2006; Klimesch, 1999; Klimesch 

et al., 1990; Pfurtscheller et al., 1994; Proskovec et al., 2018; Townsend et al., 2019). To overcome 

the limitations of traditional ERD/ERS - which typically investigate only a single frequency band, 

we used ERSPs and weighted Phase-lag index (wPLI) for functional connectivity. This combined 

approach allowed us to understand how decision making using the mental schema of items in a 

serial order formed in the WM developed during learning are manipulated during testing, 

influencing both the alpha/beta ERSPs and the functional communication across our selected 

electrode clusters.  

Visual stimulus presentations elicited a widespread suppression in the alpha and lower beta bands 

that was more negative during stimulus presentation but attenuated and extended into the early 

delay periods (200ms to 1500ms) (Figure 3.5). This general pattern aligns with literature 

confirming that visual stimulation induces a post 200ms power reduction in these bands (Griffiths 



68 
 

et al., 2019; Michalareas et al., 2016; Wianda & Ross, 2019). Statistical analysis revealed that both 

the localized and global alpha and lower beta suppression showed statistically significant 

modulations for item rank order encoding characterized by SPE and for relational decision-making 

characterized by linear SDE. We also found significant linear SDE for alpha and lower beta band 

wPLI, which signifies decision-making-related inter-area connectivity. 

We relate the serial position and symbolic distance effects to the processing demands of working 

memory, as they were clearly modulated during the second delay period (D2), when the 

participants were maintaining the ranks of both the items, theoretically completing the relational 

computation and preparing to respond. 

 

Alpha Modulations: 

The alpha ERSP (8-12Hz) served as the index of schema utilization effort and WM load, with both 

the SPE and SDE modulating its activity across all areas in amplitude and connectivity.  

 

The six items - A to F when presented in the first encoding phase (S1/D1) and the second encoding 

phase (S2/D2) reflected different forms of serially ordered item arrangement (Figure 3.13). 

Compared to the S1 encoding phase, S2 reflected a greater desynchronization of alpha activity 

which was also dependent on the serial position. The items when encoded at S1 phase reflect a 

simple visual encoding of the hierarchical order in the mental schema which is a linear expression. 

On the other hand, the higher alpha suppression modulated during the S2 encoding, specifically in 

Frontal, Parietal and Occipital clusters (Figure 3.13A, C & D) clearly relates to the involvement 

of these areas in the representation of items that are maintained and actively utilized during the 

rank comparison processes.  

 

Coming to alpha suppression for SDE modulation, it was strongest (most negative) for SD1 and 

progressively attenuated with increasing SD in all four area clusters. This linear increase in alpha 

negativity with task difficulty aligns with extensive literature establishing that alpha 

desynchronization tracks increasing cognitive load and task difficulty across various WM 

paradigms, for example, Gevins et al., 1997, reported decreased Centro-parietal alpha activity 

when participants moved from an easy 0-back condition to a difficult 3-back condition. Similarly, 

Pension et al.,2007 found that the duration of alpha desynchronization across the scalp became 

steadily longer as letter n-back load increased. Also, our findings might be linked to the 

behavioural pattern observed for SDE. For instance, a study found that the more alpha suppressed 

as WM load increased, the larger the drop in behavioural performance (Hsu & Hämäläinen, 2022). 

Alpha suppression is also widely viewed as a sign of cortical engagement, allowing either the 

encoding of information into WM or decoding of information for retrieval (O. Jensen & Mazaheri, 

2010; Klimesch et al., 2007). Since alpha increase in the later delay period usually reflects sensory 

gating to protect memory from interference (Klimesch et al., 2007), the continuous suppression 

observed in our analysed time window suggests that visual information processing and active 

manipulation are still ongoing and though visual input is blocked during the delay, previously 
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presented item may direct internal attention and affect alpha activity (Pavlov & Kotchoubey, 

2022). 

A particularly novel finding is the modulation of alpha suppression by the SDE and SPE evidence 

in the Occipital electrode cluster as traditional models of decision-making using TI tasks have 

rarely emphasized direct Occipital involvement (X. Zhang et al., 2022a) (Figure 3.5D; Figure 

3.13D). But, here, alpha suppression in the Occipital cluster decreased with increasing ease of 

relational comparisons (SDE) and was also reduced for the easily locatable extreme items (SPE). 

Occipital alpha suppression is associated with visuospatial attention and the active processing of 

visual input (Gould et al., 2011; Gratton, 2018). The maximal negativity for difficulty related to 

middle items in a hierarchy and the difficulty related to symbolic distance computation supports 

the evidence linking parieto-occipital alpha activity to WM demands required for actively 

processing the mental representation of the serial order (Fukuda et al., 2015; D. Li et al., 2021).  

 

Beta Modulations: 

The lower beta ERSP (13-20Hz) provided insight into the sensorimotor and executive components 

of the task, reflecting the difficulty of the final decision based on the difficulty of rank comparison 

for preparing for the subsequent response. 

Similar to alpha, beta desynchronization was also higher for the second encoding phase (S2) 

compared to first (S1) but the serial position effect was evident only in frontal and Centro-parietal 

areas (Figure 3.13A, B), with a U-shaped pattern (lower suppression for extreme items) in the D2 

encoding phase. While SDE was significantly modulated in the Centro-parietal and parietal areas 

(Figure 3.5B, C). Though historically linked to the sensorimotor cortex for motor planning and 

execution (Kilavik et al., 2013; Pfurtscheller, 1981), the functional significance of beta suppression 

has broadened to also include cognitive functions such as WM (Lundqvist et al., 2016; Miller et 

al., 2018) and focused attention (Hanslmayr & Staudigl, 2014). In our task, both the task variables, 

significantly modulated beta suppression in both encoding and decision-making phases which was 

followed by the motor responses. This spatial specificity, over areas involved in motor planning, 

suggests that the relational difficulty is not only reflected in general cognitive load, but also 

influences movement-related processing (A. Takahashi et al., 2024). The linear beta suppression 

with SDE (maximal at SD1), might indicate motor cortex engagement to prepare the execution of 

the response following the schema comparison. Also, a recent study by Di Bello and colleagues 

on PFC contributions in TI task through beta/gamma interplay, shows that the beta-SDE 

relationship diminishes in strength before the start of the movement, highlighting a specialized 

involvement during the core inferential computations that precede motor preparation and execution 

(Di Bello et al., 2024). Thus, our data showing relational difficulty influencing areas involved in 

motor planning could reflect the final, preparation-related phase of a broader top-down control 

mechanism mediated by beta oscillations. The U-shaped SPE reflected in beta suppression for the 

six-item serial encoding might indicate the ease with which the location of each item, compared 

to the previously presented item, facilitates the response preparation process. 
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3.4.4 PCA suggests distinct roles of alpha and beta modulation  

These region-specific alpha and beta findings were supported and summarized by the PCA as it 

confirmed the high consistency of the alpha rhythm in indexing cognitive load effect and the beta 

rhythm in indexing motor preparation. 

There were visual encoding effects of alpha/beta during the first encoding phase of the items 

whereas at the second encoding both alpha and beta had lower PC1 scores. But during the second 

encoding phase it is also important to note that the overall cortical alpha remains consistent during 

item encoding and delay periods whereas beta shows higher increase of PC1 scores from encoding 

to delay (Figure 3.14). Similarly for measuring SDE related overall cortical alpha/beta 

modulations, we observed the same effect as that of SPE, alpha remained linear and consistent for 

both time periods whereas beta modulated by symbolic distance had higher PC1 scores (Figure 

3.6). Overall, these findings suggest that the contribution of alpha and beta rhythms to the two 

major task information processing, encoding of items’ rank and ranks comparisons reflected in the 

behavioral SPE/SDE, involves distinct functional roles that shift dynamically throughout the task 

progression, from initial stimulus encoding to the final motor choice. 

 

3.4.5 Functional Connectivity (wPLI): Network dynamics of memory-based Decision making 

The localized alpha and beta suppression was ultimately mirrored and extended by the connectivity 

analysis, providing a final picture of the large-network interactions necessary for decision 

execution. This analysis focused on the SDE, as the primary index of memory-based decision 

making. 

 

The alpha band wPLI was significantly higher for SD1 compared to all other SDs during the S2 

epoch, indicating maximal network coordination for the most difficult item comparisons (Figure 

3.7). This effect was strongest in connections involving frontal regions with Centro-parietal, 

parietal and occipital areas. This functional network represents the interaction between the frontal 

executive control centres (responsible for attention, WM and decision making) and the posterior 

memory or schema retrieval sites, alongside the visual cortex, which aids in visual mental imagery 

(Knauff & May, 2006; Pearson, 2019; Sauseng et al., 2005). This functional connectivity suggests 

that the network must establish links between these areas for effective schema retrieval and 

utilization to make task related decisions. 

 

The beta-band wPLI revealed a complementary, motor-centric modulation. FC revealed a clear 

linear decrease with increasing SD in the network, including Centro-parietal areas linked with 

frontal and occipital areas (Figure 3.8). This means that the strongest level of communication is 

established at most difficult comparisons to prepare for subsequent motor response. As evidenced 

in goal-directed actions (movement planning, selection and online monitoring), frontocentral 

sensorimotor cortices and posterior parietal cortices cooperatively integrate sensory inputs (the 

items) and motor outflows (the button press) (Y. Li et al., 2022). The observed beta-band wPLI 

linking the decision-making areas (frontal), visual attention areas (occipital) and the motor 
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preparation areas (Centro-parietal) suggests that beta oscillations track the difficulty of 

transforming the schema-based decision into finalized, ready-to-execute response. 

 

Overall, these findings conclude that the task variables of this paradigm with explicit delays 

involve different cortical areas playing unique roles individually and in interaction with each other 

to make task relevant decisions.  

 

Figure 3.15 is a pictorial model representation of the results aligned to the task progression, linking 

the neural and behavioural processes involved in the TI task performance. 

 

 
Figure 3.15 Pictorial representation of study findings: This figure illustrates the progression of neural 

dynamics underlying the Transitive inference task, from early encoding to functional connectivity and the 

final behavioural outcomes: (i) Early encoding and processing (S2 presentation): The P200, N200 and 

P300 ERP components are modulated across four key electrode clusters (F,CP,P,O).This modulation 

indicates the initial visual and cognitive processing of the items (ii) Frequency-specific decoding (S2/D2): 

This ERP activity is underlain by the linear modulation of alpha and beta desynchronization by symbolic 

distance (SD) within each of the four clusters (iii) Functional differentiation (D2): When combined, these 

regions reveal an overall SDE-related alpha and beta modulation specific to the D2 period, confirming 

functionally distinct, yet interacting, roles for both frequency bands during maintenance of the comparison 

and preparation of the response (iv) Inter-areas Communication (Task execution): The alpha and beta 

wPLI demonstrates inter-areas functional connectivity essential for the execution of the TI task. This 

oscillatory communication ultimately dictates the final behavioural outcome, which is the observed SDE in 

the subject’s response. 
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3.5 Limitations and Future Perspectives 

Due to the constraints of our experimental design, a relatively short baseline window (200ms) was 

utilized for spectral normalization. This restricted our frequency analysis to the alpha/beta bands, 

as this duration is insufficient to reliably capture multiple cycles of lower frequencies, such as theta 

oscillations. Future improvements in analysis can be made to also include the lower frequencies.  

 

The study still has other major components to be explored, such as the neural networks underlying 

the learning progression that forms the current serial order, as well as when the order is reversed. 

In a set of ongoing analyses, we are also exploring how learning shapes the mental schema that 

supports the pair comparisons in the test phase analysed above. Specifically, these analyses are 

evaluating ERP and frequency band modulation during the learning phase of the task to track their 

dynamics across different steps and monitor the modification of the functional network 

connectivity. Future work will also address the connectivity limitations on the test phase by 

utilizing a more refined topographical segmentation strategy to capture the distinct contributions 

of individual cortical areas and lateralized networks involved in such type of decision-making 

process. Such results could frame the dynamics of the network subtending complex cognitive 

functions relying on serial order and mental schema manipulation underlying a paradigm that could 

be useful for creating learning strategies and for developing serial order-based skills, like 

mathematical, logical reasoning and linguistic skills. The observed dynamics could be explored in 

individuals with deficitary serial order skills suffering for example of dyscalculia and other 

learning difficulties.  

 

4. Conclusions 

Both these studies confirm that the solving of the transitive inference problems involves high-level 

cognitive functions dependent on a network of cortical regions. Learning the relationship between 

abstract items and forming a serially ordered mental schema can be demonstrated as both, genetic-

dopamine related and an interplay between different cortical areas of the brain playing unique 

roles. We can conclude these findings by stating that such memory-based decisions underlying 

transitive inference tasks may be the result of oscillatory activities and connectivity among 

different regions of the brain that work simultaneously to encode task variables and execute the 

task. 
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Appendix: Supplementary Information (Study 1) 

 

Supplementary Figure S1 

 

Supplementary Figure S1. BIC Values of Test Phase for each participant: The Figure lists, for every genotype and 

participant, the BIC obtained when fitting three alternative DDMs to the RT distributions recorded in the test phase: (i) a 

Null model in which no decision parameter varies with SD, (ii) a Drift-only model allowing the drift-rate to scale linearly 

with SD, and (iii) a Drift-Boundary model in which both drift-rate and decision boundary vary with SD. Cells are 

colour-coded with a blue-yellow gradient in which the darkest colour marks the lowest (best) BIC within each row 
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Supplementary Figure S2  

 

Supplementary Figure S2. BIC Values of the Last Learning Block for each participant. The Figure lists, for every 

genotype and participant, the BIC obtained when fitting three alternative DDMs to the RT distributions recorded in the 

final learning block: (i) a Null model in which no decision parameter varies with the pair, (ii) a Drift-only model allowing 

the drift to change with the pair, reflecting a U shape, and (iii) a Drift-Boundary model in which both drift-rate and 

decision boundary vary with the pair. Cells are colour-coded with a blue-yellow gradient in which the darkest colour 

marks the lowest (best) BIC within each row 
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Supplementary Figure S3 

 

Supplementary Figure S3.BIC Values of Reverse Phase for each participant. The Figure lists, for every genotype and 

participant, the BIC obtained when fitting three alternative DDMs to the RT distributions recorded in the reversed phase: 

(i) a Null model in which no decision parameter varies with SD, (ii) a Drift-only model allowing the drift-rate to scale 

linearly with SD, and (iii) a Drift-Boundary model in which both drift-rate and decision boundary vary with SD. Cells are 

colour-coded with a blue-yellow gradient in which the darkest colour marks the lowest (best) BIC within each row 

 

 

 

 

 

 

 

 

 

 



76 
 

Bibliography 

Acuna, B. D. (2002). Frontal and Parietal Lobe Activation during Transitive Inference in Humans. 

Cerebral Cortex, 12(12), 1312–1321. https://doi.org/10.1093/cercor/12.12.1312 

Acuna, B. D., Sanes, J. N., & Donoghue, J. P. (2002). Cognitive mechanisms of transitive 

inference. Experimental Brain Research, 146(1), 1–10. https://doi.org/10.1007/s00221-002-

1092-y 

Akrami, A., Kopec, C. D., Diamond, M. E., & Brody, C. D. (2018). Posterior parietal cortex 

represents sensory history and mediates its effects on behaviour. Nature, 554(7692), 368–

372. https://doi.org/10.1038/nature25510 

Aronov, D., Nevers, R., & Tank, D. W. (2017). Mapping of a non-spatial dimension by the 

hippocampal-entorhinal circuit. Nature, 543(7647), 719–722. 

https://doi.org/10.1038/nature21692 

Behrens, T. E. J., Muller, T. H., Whittington, J. C. R., Mark, S., Baram, A. B., Stachenfeld, K. L., 

& Kurth-Nelson, Z. (2018). What Is a Cognitive Map? Organizing Knowledge for Flexible 

Behavior. In Neuron (Vol. 100, Issue 2, pp. 490–509). Cell Press. 

https://doi.org/10.1016/j.neuron.2018.10.002 

Benton, L. A. (1994). Neuropsychological Assessment. Annual Review of Psychology, 45, 1–23. 

Beste, C., Adelhöfer, N., Gohil, K., Passow, S., Roessner, V., & Li, S. C. (2018). Dopamine 

modulates the efficiency of sensory evidence accumulation during perceptual decision 

making. International Journal of Neuropsychopharmacology, 21(7), 649–655. 

https://doi.org/10.1093/ijnp/pyy019 

Bilder, R. M., Volavka, J., Lachman, H. M., & Grace, A. A. (2004a). The catechol-O-

methyltransferase polymorphism: Relations to the tonic-phasic dopamine hypothesis and 

neuropsychiatric phenotypes. In Neuropsychopharmacology (Vol. 29, Issue 11, pp. 1943–

1961). https://doi.org/10.1038/sj.npp.1300542 

Bilder, R. M., Volavka, J., Lachman, H. M., & Grace, A. A. (2004b). The catechol-O-

methyltransferase polymorphism: Relations to the tonic-phasic dopamine hypothesis and 

neuropsychiatric phenotypes. In Neuropsychopharmacology (Vol. 29, Issue 11, pp. 1943–

1961). https://doi.org/10.1038/sj.npp.1300542 

Bolam, J., Diaz, J. A., Andrews, M., Coats, R. O., Philiastides, M. G., Astill, S. L., & Delis, I. 

(2024). A drift diffusion model analysis of age-related impact on multisensory decision-

making processes. Scientific Reports, 14(1). https://doi.org/10.1038/s41598-024-65549-5 

Bond, A. B., Wei, C. A., & Kamil, A. C. (2010). Cognitive representation in transitive inference: 

A comparison of four corvid species. Behavioural Processes, 85(3), 283–292. 

https://doi.org/10.1016/j.beproc.2010.08.003 



77 
 

Bonnefond, M., Castelain, T., Cheylus, A., & Van der Henst, J. B. (2014). Reasoning from 

transitive premises: An EEG study. Brain and Cognition, 90, 100–108. 

https://doi.org/10.1016/j.bandc.2014.06.010 

Boysen, S. T., Berntson, G. G., Shreyer, T. A., & Quigley, K. S. (1993). Processing of Ordinality 

and Transitivity by Chimpanzees (Pan troglodytes}. In Journal of Comparative Psychology 

(Vol. 107, Issue 2). 

Brozoski, J. T., Brown, M. R., Rosvold, E. H., & Goldman, S. P. (1979). Cognitive Deficit Caused 

by Regional Depletion of Dopamine in Prefrontal Cortex of Rhesus Monkey. 

https://www.science.org 

Brunamonti, E., Costanzo, F., Mammì, A., Rufini, C., Veneziani, D., Pani, P., Vicari, S., Ferraina, 

S., & Menghini, D. (2017). Evaluation of relational reasoning by a transitive inference task 

in attention-deficit/hyperactivity disorder. Neuropsychology, 31(2), 200–208. 

https://doi.org/10.1037/neu0000332 

Brunamonti, E., Genovesio, A., Carbè, K., & Ferraina, S. (2011a). Gaze modulates non-

propositional reasoning: Further evidence for spatial representation of reasoning premises. 

Neuroscience, 173, 110–115. https://doi.org/10.1016/j.neuroscience.2010.11.011 

Brunamonti, E., Genovesio, A., Carbè, K., & Ferraina, S. (2011b). Gaze modulates non-

propositional reasoning: Further evidence for spatial representation of reasoning premises. 

Neuroscience, 173, 110–115. https://doi.org/10.1016/j.neuroscience.2010.11.011 

Brunamonti, E., Mione, V., Di Bello, F., De Luna, P., Genovesio, A., & Ferraina, S. (2014). The 

NMDAr antagonist ketamine interferes with manipulation of information for transitive 

inference reasoning in non-human primates. Journal of Psychopharmacology, 28(9), 881–

887. https://doi.org/10.1177/0269881114538543 

Brunamonti, E., Mione, V., di Bello, F., Pani, P., Genovesio, A., & Ferraina, S. (2016a). Neuronal 

modulation in the prefrontal cortex in a transitive inference task: Evidence of neuronal 

correlates of mental schema management. Journal of Neuroscience, 36(4), 1223–1236. 

https://doi.org/10.1523/JNEUROSCI.1473-15.2016 

Brunamonti, E., Mione, V., di Bello, F., Pani, P., Genovesio, A., & Ferraina, S. (2016b). Neuronal 

modulation in the prefrontal cortex in a transitive inference task: Evidence of neuronal 

correlates of mental schema management. Journal of Neuroscience, 36(4), 1223–1236. 

https://doi.org/10.1523/JNEUROSCI.1473-15.2016 

BRYANT, P. E., & TRABASSO, T. (1971). Transitive Inferences and Memory in Young 

Children. Nature, 232(5311), 456–458. https://doi.org/10.1038/232456a0 

Causse, M., Fabre, E., Giraudet, L., Gonzalez, M., & Peysakhovich, V. (2015). EEG/ERP as a 

Measure of Mental Workload in a Simple Piloting Task. Procedia Manufacturing, 3, 5230–

5236. https://doi.org/10.1016/j.promfg.2015.07.594 



78 
 

Chen, J., Lipska, B. K., Halim, N., Ma, Q. D., Matsumoto, M., Melhem, S., Kolachana, B. S., 

Hyde, T. M., Herman, M. M., Apud, J., Egan, M. F., Kleinman, J. E., & Weinberger, D. R. 

(2004). Functional Analysis of Genetic Variation in Catechol-O-Methyltransferase (COMT): 

Effects on mRNA, Protein, and Enzyme Activity in Postmortem Human Brain. In Am. J. 

Hum. Genet (Vol. 75). 

Colombo, M., & Frost, N. (2001). Representation of serial order in humans: A comparison to the 

findings with monkeys (Cebus apella). Psychonomic Bulletin & Review, 8(2), 262–269. 

Colzato, L. S., Waszak, F., Nieuwenhuis, S., Posthuma, D., & Hommel, B. (2010). The flexible 

mind is associated with the catechol-O-methyltransferase (COMT) Val158Met 

polymorphism: Evidence for a role of dopamine in the control of task-switching. 

Neuropsychologia, 48(9), 2764–2768. 

https://doi.org/10.1016/j.neuropsychologia.2010.04.023 

Cona, G., & Semenza, C. (2017). Supplementary motor area as key structure for domain-general 

sequence processing: A unified account. In Neuroscience and Biobehavioral Reviews (Vol. 

72, pp. 28–42). Elsevier Ltd. https://doi.org/10.1016/j.neubiorev.2016.10.033 

Cools, R., Barker, A. R., Sahakian, J. B., & Robbins, W. T. (2001). Enhanced or Impaired 

Cognitive Function in Parkinson’s Disease as a Function of Dopaminergic Medication and 

Task Demands. Cerebral Cortex, 11(12), 1136–1143. 

Cools, R., & Robbins, T. W. (2004). Chemistry of the adaptive mind. In Philosophical 

Transactions of the Royal Society A: Mathematical, Physical and Engineering Sciences (Vol. 

362, Issue 1825, pp. 2871–2888). Royal Society. https://doi.org/10.1098/rsta.2004.1468 

Cools, R., Stefanova, E., Barker, R. A., Robbins, T. W., & Owen, A. M. (2002). Dopaminergic 

modulation of high-level cognition in Parkinson’s disease: the role of the prefrontal cortex 

revealed by PET. Brain, 125, 584–594. 

Daisley, J. N., Vallortigara, G., & Regolin, L. (2010). Logic in an asymmetrical (social) brain: 

Transitive inference in the young domestic chick. Social Neuroscience, 5(3), 309–319. 

https://doi.org/10.1080/17470910903529795 

Dehaene, S. (1996). The Organization of Brain Activations in Number Comparison: Event-Related 

Potentials and the Additive-Factors Method. Journal of Cognitive Neuroscience, 8(1), 47–68. 

D’Esposito, M., & Postle, B. R. (2015). The cognitive neuroscience of working memory. Annual 

Review of Psychology, 66, 115–142. https://doi.org/10.1146/annurev-psych-010814-015031 

DeVito, L. M., Lykken, C., Kanter, B. R., & Eichenbaum, H. (2010). Prefrontal cortex: Role in 

acquisition of overlapping associations and transitive inference. Learning and Memory, 

17(3), 161–167. https://doi.org/10.1101/lm.1685710 

Di Antonio, G., Raglio, S., & Mattia, M. (2024). A geometrical solution underlies general neural 

principle for serial ordering. Nature Communications , 15(1). https://doi.org/10.1038/s41467-

024-52240-6 



79 
 

Di Bello, F., Mione, V., Pani, P., Brunamonti, E., & Ferraina, S. (2024). Prefrontal cortex 

contribution in transitive inference task through the interplay of beta and gamma oscillations. 

Communications Biology, 7(1). https://doi.org/10.1038/s42003-024-07418-5 

Dickinson, D., & Elvevåg, B. (2009). Genes, cognition and brain through a COMT lens. In 

Neuroscience (Vol. 164, Issue 1, pp. 72–87). 

https://doi.org/10.1016/j.neuroscience.2009.05.014 

Dusek, J. A., & Eichenbaum, H. (1997). The hippocampus and memory for orderly stimulus 

relations (ratsentorhinal and perirhinal corticesrelational representationdeclarative 

memory) (Vol. 94). https://www.pnas.org 

Dutilh, G., Vandekerckhove, J., Tuerlinckx, F., & Wagenmakers, E. J. (2009). A diffusion model 

decomposition of the practice effect. Psychonomic Bulletin and Review, 16(6), 1026–1036. 

https://doi.org/10.3758/16.6.1026 

Egan, M. F., Goldberg, T. E., Kolachana, B. S., Callicott, J. H., Mazzanti, C. M., Straub, R. E., 

Goldman, D., & Weinberger, D. R. (2001a). Effect of COMT Val 108/158 Met genotype on 

frontal lobe function and risk for schizophrenia. 

www.pnas.orgcgidoi10.1073pnas.111134598 

Egan, M. F., Goldberg, T. E., Kolachana, B. S., Callicott, J. H., Mazzanti, C. M., Straub, R. E., 

Goldman, D., & Weinberger, D. R. (2001b). Effect of COMT Val 108/158 Met genotype on 

frontal lobe function and risk for schizophrenia. 

www.pnas.orgcgidoi10.1073pnas.111134598 

Eichenbaum, H. (2017). On the Integration of Space, Time, and Memory. In Neuron (Vol. 95, 

Issue 5, pp. 1007–1018). Cell Press. https://doi.org/10.1016/j.neuron.2017.06.036 

Fang, Y. J., Tan, C. H., Tu, S. C., Liu, C. Y., & Yu, R. L. (2019). More than an “inverted-U”? An 

exploratory study of the association between the catechol-o-methyltransferase gene 

polymorphism and executive functions in Parkinson’s disease. PLoS ONE, 14(3). 

https://doi.org/10.1371/journal.pone.0214146 

Folstein, J. R., & Van Petten, C. (2008). Influence of cognitive control and mismatch on the N2 

component of the ERP: A review. In Psychophysiology (Vol. 45, Issue 1, pp. 152–170). 

Blackwell Publishing Inc. https://doi.org/10.1111/j.1469-8986.2007.00602.x 

Frank, J. M., Rudy, W. J., Levy, B. W., & O’Reilly, C. R. (2005). When logic fails: Implicit 

transitive inference in humans. Memory & Cognition, 33, 742–750. 

Friston, K., Schwartenbeck, P., FitzGerald, T., Moutoussis, M., Behrens, T., & Dolan, R. J. (2014). 

The anatomy of choice: Dopamine and decision-making. Philosophical Transactions of the 

Royal Society B: Biological Sciences, 369(1655). https://doi.org/10.1098/rstb.2013.0481 

Fukuda, K., Mance, I., & Vogel, E. K. (2015). α power modulation and event-related slow wave 

provide dissociable correlates of visual working memory. Journal of Neuroscience, 35(41), 

14009–14016. https://doi.org/10.1523/JNEUROSCI.5003-14.2015 



80 
 

Funahashi, S. (2001). Neuronal mechanisms of executive control by the prefrontal cortex. In 

Neuroscience Research (Vol. 39). www.elsevier.com/locate/neures 

Gazes, R. P., Chee, N. W., & Hampton, R. R. (2012). Cognitive mechanisms for transitive 

inference performance in rhesus monkeys: Measuring the influence of associative strength 

and inferred order. Journal of Experimental Psychology: Animal Behavior Processes, 38(4), 

331–345. https://doi.org/10.1037/a0030306 

Gazes, R. P., Hampton, R. R., & Lourenco, S. F. (2017). Transitive inference of social dominance 

by human infants. Developmental Science, 20(2). https://doi.org/10.1111/desc.12367 

Gazes, R. P., Templer, V. L., & Lazareva, O. F. (2023). Thinking about order: a review of common 

processing of magnitude and learned orders in animals. In Animal Cognition (Vol. 26, Issue 

1, pp. 299–317). Springer Science and Business Media Deutschland GmbH. 

https://doi.org/10.1007/s10071-022-01713-6 

Gevins, A., Smith, E. M., McEvoy, L., & Yu, D. (1997). High-resolution EEG Mapping of Cortical 

Activation Related to Working Memory: Effects of Task Difficulty, Type of Processing, and 

Practice. Cerebral Cortex, 7(4), 374–385. 

Ghani, U., Signal, N., Niazi, I. K., & Taylor, D. (2020). ERP based measures of cognitive 

workload: A review. In Neuroscience and Biobehavioral Reviews (Vol. 118, pp. 18–26). 

Elsevier Ltd. https://doi.org/10.1016/j.neubiorev.2020.07.020 

Ghosh, V. E., & Gilboa, A. (2014). What is a memory schema? A historical perspective on current 

neuroscience literature. In Neuropsychologia (Vol. 53, Issue 1, pp. 104–114). 

https://doi.org/10.1016/j.neuropsychologia.2013.11.010 

Gillan, D. J. (1981). Reasoning in the Chimpanzee: II. Transitive Inference (Vol. 7, Issue 2). 

Giuffrida, V., Marc, I. B., Ramawat, S., Fontana, R., Fiori, L., Bardella, G., Fagioli, S., Ferraina, 

S., Brunamonti, E., & Pani, P. (2023). Reward prospect affects strategic adjustments in stop 

signal task. Frontiers in Psychology, 14. https://doi.org/10.3389/fpsyg.2023.1125066 

Goffin, C., Vogel, S. E., Slipenkyj, M., & Ansari, D. (2020). A comes before B, like 1 comes 

before 2. Is the parietal cortex sensitive to ordinal relationships in both numbers and letters? 

An fMRI-adaptation study. Human Brain Mapping, 41(6), 1591–1610. 

https://doi.org/10.1002/hbm.24897 

Gold, J. I., & Shadlen, M. N. (2007a). The neural basis of decision making. In Annual Review of 

Neuroscience (Vol. 30, pp. 535–574). 

https://doi.org/10.1146/annurev.neuro.29.051605.113038 

Gold, J. I., & Shadlen, M. N. (2007b). The neural basis of decision making. In Annual Review of 

Neuroscience (Vol. 30, pp. 535–574). 

https://doi.org/10.1146/annurev.neuro.29.051605.113038 



81 
 

Goldman-Rakic, P. S. (1992). Working Memory and the Mind. Scientific American, 267(3), 110–

117. https://doi.org/10.2307/24939217 

Goldman-Rakic, P. S. (1995). Cellular Basis of Working Memory Review. In Neuron (Vol. 14). 

Gomarus, H. K., Althaus, M., Wijers, A. A., & Minderaa, R. B. (2006). The effects of memory 

load and stimulus relevance on the EEG during a visual selective memory search task-an ERP 

and ERD/ERS study. In Clinical Neurophysiology (Vol. 117). 

Gomez, P., Ratcliff, R., & Perea, M. (2007). A Model of the Go/No-Go Task. Journal of 

Experimental Psychology: General, 136(3), 389–413. https://doi.org/10.1037/0096-

3445.136.3.389.supp 

Goodwin, G. P., & Johnson-Laird, P. N. (2005). Reasoning about relations. Psychological Review, 

112(2), 468–493. https://doi.org/10.1037/0033-295X.112.2.468 

Gould, I. C., Rushworth, M. F., & Nobre, A. C. (2011). Indexing the graded allocation of 

visuospatial attention using anticipatory alpha oscillations. Journal of Neurophysiology, 

105(3), 1318–1326. https://doi.org/10.1152/jn.00653.2010 

Gratton, G. (2018). Brain reflections: A circuit-based framework for understanding information 

processing and cognitive control. Psychophysiology, 55(3). 

https://doi.org/10.1111/psyp.13038 

Griffiths, B. J., Mayhew, S. D., Mullinger, K. J., Jorge, J., Charest, I., Wimber, M., & Hanslmayr, 

S. (2019). Alpha/beta power decreases track the fidelity of stimulus specific information. 

ELife, 8. https://doi.org/10.7554/eLife.49562 

Grosenick, L., Clement, T. S., & Fernald, R. D. (2007). Fish can infer social rank by observation 

alone. Nature, 445(7126), 429–432. https://doi.org/10.1038/nature05511 

Hadian Rasanan, A., Hosein Amani Rad, A., Hosein Hadian Rasanan, A., & Amani Rad, J. (2021). 

Reflected Boundary Drift Diffusion Model: A Double Responding Framework for Go/No-

Go Paradigm. Proceedings of the Annual Meeting of the Cognitive Science Society, 2623–

2629. https://escholarship.org/uc/item/1tn9931d 

Hanks, T. D., Kopec, C. D., Brunton, B. W., Duan, C. A., Erlich, J. C., & Brody, C. D. (2015). 

Distinct relationships of parietal and prefrontal cortices to evidence accumulation. Nature, 

520(7546), 220–223. https://doi.org/10.1038/nature14066 

Hanslmayr, S., & Staudigl, T. (2014). How brain oscillations form memories - A processing based 

perspective on oscillatory subsequent memory effects. In NeuroImage (Vol. 85, pp. 648–

655). Academic Press Inc. https://doi.org/10.1016/j.neuroimage.2013.05.121 

Heldmann, M., Rohde, L. S., Münte, T. F., & Ye, Z. (2024). Cross-frequency and inter-regional 

phase synchronization in explicit transitive inference. Cerebral Cortex, 34(1). 

https://doi.org/10.1093/cercor/bhad494 



82 
 

Hinton, E. C., Dymond, S., von Hecker, U., & Evans, C. J. (2010). Neural correlates of relational 

reasoning and the symbolic distance effect: Involvement of parietal cortex. Neuroscience, 

168(1), 138–148. https://doi.org/10.1016/j.neuroscience.2010.03.052 

Holroyd, C. B., Ribas-Fernandes, J. J. F., Shahnazian, D., Silvetti, M., & Verguts, T. (2018). 

Human midcingulate cortex encodes distributed representations of task progress. 115(25), 

6398–6403. https://doi.org/10.17605/OSF.IO/WXHTA 

Hsu, Y. F., & Hämäläinen, J. A. (2022). Load-dependent alpha suppression is related to working 

memory capacity for numbers. Brain Research, 1791. 

https://doi.org/10.1016/j.brainres.2022.147994 

Hwang, E. J., Dahlen, J. E., Mukundan, M., & Komiyama, T. (2017). History-based action 

selection bias in posterior parietal cortex. Nature Communications, 8(1). 

https://doi.org/10.1038/s41467-017-01356-z 

Jensen, G. (2017a). Serial learning. In APA handbook of comparative psychology: Perception, 

learning, and cognition. (pp. 385–409). American Psychological Association. 

https://doi.org/10.1037/0000012-018 

Jensen, G. (2017b). Serial learning. In APA handbook of comparative psychology: Perception, 

learning, and cognition. (pp. 385–409). American Psychological Association. 

https://doi.org/10.1037/0000012-018 

Jensen, G., Kao, T., Michaelcheck, C., Simms Borge, S., Ferrera, V. P., & Terrace, H. S. (2021). 

Category learning in a transitive inference paradigm. Memory & Cognition, 49, 1020–1035. 

https://doi.org/10.3758/s13421-020-01136-z/Published 

Jensen, O., & Mazaheri, A. (2010). Shaping functional architecture by oscillatory alpha activity: 

Gating by inhibition. Frontiers in Human Neuroscience, 4. 

https://doi.org/10.3389/fnhum.2010.00186 

Jung, M., Mizuno, Y., Fujisawa, T. X., Takiguchi, S., Kong, J., Kosaka, H., & Tomoda, A. (2019). 

The Effects of COMT Polymorphism on Cortical Thickness and Surface Area Abnormalities 

in Children with ADHD. Cerebral Cortex, 29(9), 3902–3911. 

https://doi.org/10.1093/cercor/bhy269 

Karalunas, S. L., & Huang-Pollock, C. L. (2013). Integrating impairments in reaction time and 

executive function using a diffusion model framework. Journal of Abnormal Child 

Psychology, 41(5), 837–850. https://doi.org/10.1007/s10802-013-9715-2 

Kay, K., Biderman, N., Khajeh, R., Beiran, M., Cueva, C. J., Shohamy, D., Jensen, G., Wei, X. 

X., Ferrera, V. P., & Abbott, L. F. (2024). Emergent neural dynamics and geometry for 

generalization in a transitive inference task. PLoS Computational Biology, 20(4 April). 

https://doi.org/10.1371/journal.pcbi.1011954 

Keil, A., Bernat, E. M., Cohen, M. X., Ding, M., Fabiani, M., Gratton, G., Kappenman, E. S., 

Maris, E., Mathewson, K. E., Ward, R. T., & Weisz, N. (2022). Recommendations and 



83 
 

publication guidelines for studies using frequency domain and time-frequency domain 

analyses of neural time series. Psychophysiology, 59(5). https://doi.org/10.1111/psyp.14052 

Kelly, S. P., & O’Connell, R. G. (2015). The neural processes underlying perceptual decision 

making in humans: Recent progress and future directions. In Journal of Physiology Paris 

(Vol. 109, Issues 1–3, pp. 27–37). Elsevier Masson s.r.l. 

https://doi.org/10.1016/j.jphysparis.2014.08.003 

Kilavik, B. E., Zaepffel, M., Brovelli, A., MacKay, W. A., & Riehle, A. (2013). The ups and downs 

of beta oscillations in sensorimotor cortex. In Experimental Neurology (Vol. 245, pp. 15–26). 

https://doi.org/10.1016/j.expneurol.2012.09.014 

Klimesch, W. (1999). Full-length review EEG alpha and theta oscillations reflect cognitive and 

memory performance: a review and analysis. Brain Research Reviews, 29, 169–195. 

Klimesch’, W., Pfurtscheller, G., Mohl, W., & Schimke, H. (1990). Event-related 

desynchronization, ERD-mapping and hemispheric differences for words and numbers. In 

International Journal of Psychophysiology (Vol. 8). 

Klimesch, W., Sauseng, P., & Hanslmayr, S. (2007). EEG alpha oscillations: The inhibition-timing 

hypothesis. In Brain Research Reviews (Vol. 53, Issue 1, pp. 63–88). 

https://doi.org/10.1016/j.brainresrev.2006.06.003 

Knauff, M., & May, E. (2006). Mental imagery, reasoning, and blindness. Quarterly Journal of 

Experimental Psychology, 59(1), 161–177. https://doi.org/10.1080/17470210500149992 

Lachman M., H., Papolos F., D., Saito, T., Yu, Y.-M., Szumlanski L. Carol, & Weinshilboum M., 

R. (1996). Human catechol-O-methyltransferase pharmacogenetics: description of a 

functional polymorphism and its potential application to neuropsychiatric disorders. 

Pharmacogenetics, 6, 243–250. 

Lancaster, T. M., Heerey, E. A., Mantripragada, K., & Linden, D. E. J. (2015). Replication study 

implicates COMT val158met polymorphism as a modulator of probabilistic reward learning. 

Genes, Brain and Behavior, 14(6), 486–492. https://doi.org/10.1111/gbb.12228 

Lancaster, T. M., Linden, D. E., & Heerey, E. A. (2012). COMT val158met predicts reward 

responsiveness in humans. Genes, Brain and Behavior, 11(8), 986–992. 

https://doi.org/10.1111/j.1601-183X.2012.00838.x 

Lazareva, O. (2025). Transitive inference and transitivity: Two sides of the same coin? In Journal 

of the Experimental Analysis of Behavior (Vol. 124, Issue 1). John Wiley and Sons Inc. 

https://doi.org/10.1002/jeab.70031 

Lazareva, O. F., Smirnova, A. A., Bagozkaja, M. S., Zorina, Z. A., Rayevsky, V. V., & 

Wasserman, E. A. (2004). TRANSITIVE RESPONDING IN HOODED CROWS 

REQUIRES LINEARLY ORDERED STIMULI. Journal of the Experimental Analysis of 

Behavior, 82(1), 1–19. https://doi.org/10.1901/jeab.2004.82-1 



84 
 

Lazareva, O. F., & Wasserman, E. A. (2006). Effect of stimulus orderability and reinforcement 

history on transitive responding in pigeons. Behavioural Processes, 72(2), 161–172. 

https://doi.org/10.1016/j.beproc.2006.01.008 

Li, D., Zhao, C., Guo, J., Kong, Y., Li, H., Du, B., Ding, Y., & Song, Y. (2021). Visual Working 

Memory Guides Spatial Attention: Evidence from alpha oscillations and sustained potentials. 

Neuropsychologia, 151. https://doi.org/10.1016/j.neuropsychologia.2020.107719 

Li, Y., Wang, Y., & Cui, H. (2022). Posterior parietal cortex predicts upcoming movement in 

dynamic sensorimotor control. https://doi.org/10.1073/pnas 

Libben, M., & Titone, D. (2008). The role of awareness and working memory in human transitive 

inference. Behavioural Processes, 77(1), 43–54. 

https://doi.org/10.1016/j.beproc.2007.06.006 

Lippl, S., Kay, K., Jensen, G., Ferrera, V. P., & Abbott, L. F. (2024). A mathematical theory of 

relational generalization in transitive inference. https://doi.org/10.1073/pnas 

Lopez-Garcia, P., Young Espinoza, L., Molero Santos, P., Marin, J., & Ortuño Sanchez-Pedreño, 

F. (2013). Impact of COMT genotype on cognition in schizophrenia spectrum patients and 

their relatives. Psychiatry Research, 208(2), 118–124. 

https://doi.org/10.1016/j.psychres.2012.09.043 

Luciana, M., & Nelsont, C. A. (1998). The functional emergence of prefrontally-guided working 

memory systems in four-to eight-year-old children. Neuropsychologia, 36(3), 273–293. 

Lundqvist, M., Rose, J., Herman, P., Brincat, S. L. L., Buschman, T. J. J., & Miller, E. K. K. 

(2016). Gamma and Beta Bursts Underlie Working Memory. Neuron, 90(1), 152–164. 

https://doi.org/10.1016/j.neuron.2016.02.028 

Marc, I. B., Giuffrida, V., Ramawat, S., Bardella, G., Ferraina, S., & Brunamonti, E. (2025). 

Dynamics of oscillatory power subtends multiplexing of perceptual and mnemonic 

information within the premotor cortex. https://doi.org/10.1101/2025.05.08.652817 

Markant, J., Cicchetti, D., Hetzel, S., & Thomas, K. M. (2014). Contributions of COMT 

Val158Met to cognitive stability and flexibility in infancy. Developmental Science, 17(3), 

396–411. https://doi.org/10.1111/desc.12128 

Mattay, V. S., Tessitore, A., Callicott, J. H., Bertolino, A., Goldberg, T. E., Chase, T. N., Hyde, T. 

M., & Weinberger, D. R. (2002). Dopaminergic modulation of cortical function in patients 

with Parkinson’s disease. Annals of Neurology, 51(2), 156–164. 

https://doi.org/10.1002/ana.10078 

McGonigle, O. B., & Chalmers, M. (1977). Are monkeys logical? Nature, 267, 694–696. 

Merritt, D. J., & Terrace, H. S. (2011). Mechanisms of Inferential Order Judgments in Humans 

(Homo sapiens) and Rhesus Monkeys (Macaca mulatta). Journal of Comparative 

Psychology, 125(2), 227–238. https://doi.org/10.1037/a0021572 



85 
 

Michalareas, G., Vezoli, J., van Pelt, S., Schoffelen, J. M., Kennedy, H., & Fries, P. (2016). Alpha-

Beta and Gamma Rhythms Subserve Feedback and Feedforward Influences among Human 

Visual Cortical Areas. Neuron, 89(2), 384–397. https://doi.org/10.1016/j.neuron.2015.12.018 

Miller, E. K., Lundqvist, M., & Bastos, A. M. (2018). Working Memory 2.0. In Neuron (Vol. 100, 

Issue 2, pp. 463–475). Cell Press. https://doi.org/10.1016/j.neuron.2018.09.023 

Minxha, J., Adolphs, R., Fusi, S., Mamelak, A. N., & Rutishauser, U. (2020). Flexible recruitment 

of memory-based choice representations by the human medial frontal cortex. Science, 

368(6498). https://doi.org/10.1126/science.aba3313 

Mione, V., Brunamonti, E., Pani, P., Genovesio, A., & Ferraina, S. (2020a). Dorsal Premotor 

Cortex Neurons Signal the Level of Choice Difficulty during Logical Decisions. Cell Reports, 

32(4). https://doi.org/10.1016/j.celrep.2020.107961 

Mione, V., Brunamonti, E., Pani, P., Genovesio, A., & Ferraina, S. (2020b). Dorsal Premotor 

Cortex Neurons Signal the Level of Choice Difficulty during Logical Decisions. Cell Reports, 

32(4). https://doi.org/10.1016/j.celrep.2020.107961 

Mione, V., Canterini, S., Brunamonti, E., Pani, P., Donno, F., Fiorenza, M. T., & Ferraina, S. 

(2015). Both the COMT Val158Met single-nucleotide polymorphism and sex-dependent 

differences influence response inhibition. Frontiers in Behavioral Neuroscience, 9(MAY). 

https://doi.org/10.3389/fnbeh.2015.00127 

Mizuno, Y., Jung, M., Fujisawa, T. X., Takiguchi, S., Shimada, K., Saito, D. N., Kosaka, H., & 

Tomoda, A. (2017). Catechol-O-methyltransferase polymorphism is associated with the 

cortico-cerebellar functional connectivity of executive function in children with attention-

deficit/hyperactivity disorder. Scientific Reports, 7(1). https://doi.org/10.1038/s41598-017-

04579-8 

Moriguchi, Y., & Shinohara, I. (2018). Effect of the COMT Val158Met genotype on lateral 

prefrontal activations in young children. Developmental Science, 21(5). 

https://doi.org/10.1111/desc.12649 

Morton, N. W., Schlichting, M. L., Preston, A. R., & Bassett, S. (2020). Representations of 

common event structure in medial temporal lobe and frontoparietal cortex support efficient 

inference. PNAS, 117(47), 29338–29345. https://doi.org/10.1073/pnas.1912338117/-

/DCSupplemental 

Mou, Y., Province, J. M., & Luo, Y. (2014). Can infants make transitive inferences? Cognitive 

Psychology, 68, 98–112. https://doi.org/10.1016/j.cogpsych.2013.11.003 

Mulder, M. J., Wagenmakers, E. J., Ratcliff, R., Boekel, W., & Forstmann, B. U. (2012). Bias in 

the brain: A diffusion model analysis of prior probability and potential payoff. Journal of 

Neuroscience, 32(7), 2335–2343. https://doi.org/10.1523/JNEUROSCI.4156-11.2012 



86 
 

Munoz, F., Jensen, G., Kennedy, B. C., Alkan, Y., Terrace, H. S., & Ferrera, V. P. (2020). Learned 

Representation of Implied Serial Order in Posterior Parietal Cortex. Scientific Reports, 10(1). 

https://doi.org/10.1038/s41598-020-65838-9 

Muranishi, M., Inokawa, H., Yamada, H., Ueda, Y., Matsumoto, N., Nakagawa, M., & Kimura, 

M. (2011). Inactivation of the putamen selectively impairs reward history-based action 

selection. Experimental Brain Research, 209(2), 235–246. https://doi.org/10.1007/s00221-

011-2545-y 

Nieder, A., & Dehaene, S. (2009). Representation of number in the brain. In Annual Review of 

Neuroscience (Vol. 32, pp. 185–208). https://doi.org/10.1146/annurev.neuro.051508.135550 

Niendam, T. A., Laird, A. R., Ray, K. L., Dean, Y. M., Glahn, D. C., & Carter, C. S. (2012). Meta-

analytic evidence for a superordinate cognitive control network subserving diverse executive 

functions. Cognitive, Affective and Behavioral Neuroscience, 12(2), 241–268. 

https://doi.org/10.3758/s13415-011-0083-5 

Oldfield, C. R. (1971). The Assessment and analysis of handedness: The Edinburgh Inventory. 

Neuropsychologia, 9, 97–113. 

Ollat, H. (1992). Dopaminergic insufficiency reflecting cerebral ageing: value of a dopaminergic 

agonist, piribedil. Journal of Neurology, 239, S13–S16. 

Ott, T., & Nieder, A. (2019). Dopamine and Cognitive Control in Prefrontal Cortex. In Trends in 

Cognitive Sciences (Vol. 23, Issue 3, pp. 213–234). Elsevier Ltd. 

https://doi.org/10.1016/j.tics.2018.12.006 

Park, J., & Starns, J. J. (2015). The approximate number system acuity redefined: A diffusion 

model approach. Frontiers in Psychology, 6(DEC). 

https://doi.org/10.3389/fpsyg.2015.01955 

Park, S. A., Miller, D. S., Nili, H., Ranganath, C., & Boorman, E. D. (2020). Map Making: 

Constructing, Combining, and Inferring on Abstract Cognitive Maps. Neuron, 107(6), 1226-

1238.e8. https://doi.org/10.1016/j.neuron.2020.06.030 

Pavlov, Y. G., & Kotchoubey, B. (2022). Oscillatory brain activity and maintenance of verbal and 

visual working memory: A systematic review. Psychophysiology, 59(5). 

https://doi.org/10.1111/psyp.13735 

Paz-y-Mino, C. G., Bond B. Alan, Kami C. Alan, & Balda P. Russell. (2004). Pinyon jays use 

transitive inference to predict social dominance. Nature, 430(7001), 778–781. 

https://doi.org/10.1038/nature02720 

Pearson, J. (2019). The human imagination: the cognitive neuroscience of visual mental imagery. 

In Nature Reviews Neuroscience (Vol. 20, Issue 10, pp. 624–634). Nature Publishing Group. 

https://doi.org/10.1038/s41583-019-0202-9 



87 
 

Perkovic, M. N., Strac, D. S., Tudor, L., Konjevod, M., Erjavec, G. N., & Pivac, N. (2017). 

Catechol-O-methyltransferase, Cognition and Alzheimer’s Disease. Current Alzheimer 

Research, 15(5), 408–419. https://doi.org/10.2174/1567205015666171212094229 

Pfurtscheller, G. (1981). Central Beta Rhythm during sensorimotor activities in man. 

Electroencephalography and Clinical Neurophysiology, 51, 253–264. 

Pfurtscheller, G., Neuper, C., & Mohl, W. (1994). Event-related desynchronization (ERD) during 

visual processing. In INTERNATIONAL JOURNAL OF PSYCHOPHYSIOLOGY (Vol. 16). 

Piaget, J. (1928). Judgment and Reasoning in the Child. 

Piaget, J. (1955). The Construction of Reality in the Child (1st ed.). Routledge. 

Pirrone, A., Dickinson, A., Gomez, R., Stafford, T., & Milne, E. (2017). Understanding perceptual 

judgment in autism spectrum disorder using the drift diffusion model. Neuropsychology, 

31(2), 173–180. https://doi.org/10.1037/neu0000320 

Prado, J., Noveck, I. A., & Van Der Henst, J. B. (2010). Overlapping and distinct neural 

representations of numbers and verbal transitive series. Cerebral Cortex, 20(3), 720–729. 

https://doi.org/10.1093/cercor/bhp137 

Preston, A. R., & Eichenbaum, H. (2013). Interplay of hippocampus and prefrontal cortex in 

memory. In Current Biology (Vol. 23, Issue 17). https://doi.org/10.1016/j.cub.2013.05.041 

Previc, F. H. (1999). Dopamine and the Origins of Human Intelligence. In Brain and Cognition 

(Vol. 41). http://www.idealibrary.comon 

Proskovec, A. L., Wiesman, A. I., Heinrichs-Graham, E., & Wilson, T. W. (2018). Beta Oscillatory 

Dynamics in the Prefrontal and Superior Temporal Cortices Predict Spatial Working Memory 

Performance. Scientific Reports, 8(1). https://doi.org/10.1038/s41598-018-26863-x 

Raftery, A. E. (1995). Bayesian Model Selection in Social Research. In Source: Sociological 

Methodology (Vol. 25). 

Ramawat, S., Marc, I. B., Ceccarelli, F., Ferrucci, L., Bardella, G., Ferraina, S., Pani, P., & 

Brunamonti, E. (2023). The transitive inference task to study the neuronal correlates of 

memory-driven decision making: A monkey neurophysiology perspective. In Neuroscience 

and Biobehavioral Reviews (Vol. 152). Elsevier Ltd. 

https://doi.org/10.1016/j.neubiorev.2023.105258 

Ramawat, S., Mione, V., Di Bello, F., Bardella, G., Genovesio, A., Pani, P., Ferraina, S., & 

Brunamonti, E. (2022a). Different Contribution of the Monkey Prefrontal and Premotor 

Dorsal Cortex in Decision Making During a Transitive Inference Task. Neuroscience, 485, 

147–162. https://doi.org/10.1016/j.neuroscience.2022.01.013 

Ramawat, S., Mione, V., Di Bello, F., Bardella, G., Genovesio, A., Pani, P., Ferraina, S., & 

Brunamonti, E. (2022b). Different Contribution of the Monkey Prefrontal and Premotor 



88 
 

Dorsal Cortex in Decision Making During a Transitive Inference Task. Neuroscience, 485, 

147–162. https://doi.org/10.1016/j.neuroscience.2022.01.013 

Ratcliff, R. (2022). Integrated diffusion models for distance effects in number memory. Cognitive 

Psychology, 138. https://doi.org/10.1016/j.cogpsych.2022.101516 

Ratcliff, R., & Mckoon, G. (2008). The Diffusion Decision Model: Theory and Data for Two-

Choice Decision Tasks. Neural Computation, 20(4), 873–922. 

Ratcliff, R., & Rouder, J. N. (2000). A Diffusion Model Account of Masking in Two-Choice Letter 

Identification. Laming, 26(1), 127–140. https://doi.org/10.10371/0096-1523.26.1.127 

Ratcliff Roger, & McKoon Gail. (2024). Using Diffusion Models for Symbolic Numeracy Tasks 

to Examine Aging Effects. Journal of Experimental Psychology: Learning, Memory, and 

Cognition, 50(9), 1385–1403. https://doi.org/10.1037/xlm0001400.supp 

Riley, C. A. (1976). The Representation of Comparative Relations and the Transitive Inference 

Task. Journal of Experimental Child Psychology, 22, 1–22. 

Rosa, E. C., Dickinson, D., Apud, J., Weinberger, D. R., & Elvevåg, B. (2010). COMT Val158Met 

polymorphism, cognitive stability and cognitive flexibility: an experimental examination. 

http://www.behavioralandbrainfunctions.com/content/6/1/53 

Sauseng, P., Klimesch, W., Schabus, M., & Doppelmayr, M. (2005). Fronto-parietal EEG 

coherence in theta and upper alpha reflect central executive functions of working memory. 

International Journal of Psychophysiology, 57(2), 97–103. 

https://doi.org/10.1016/j.ijpsycho.2005.03.018 

Schwarz, W., & Keus, M. I. (2004). Moving the eyes along the mental number line: Comparing 

SNARC effects with saccadic and manual responses. Perception & Psychophysics, 66(4), 

651–664. 

Shimada, K., Fujisawa, T. X., Takiguchi, S., Naruse, H., Kosaka, H., Okazawa, H., & Tomoda, A. 

(2017). Ethnic differences in COMT genetic effects on striatal grey matter alterations 

associated with childhood ADHD: A voxel-based morphometry study in a Japanese sample. 

World Journal of Biological Psychiatry, 18(4), 322–328. 

https://doi.org/10.3109/15622975.2015.1102325 

Shinn, M., Lam, N. H., & Murray, J. D. (2020). A flexible framework for simulating and fitting 

generalized drift-diffusion models. ELife, 9, 1–27. https://doi.org/10.7554/ELIFE.56938 

Sokhadze, E. M., Casanova, M. F., Casanova, E., Lamina, E., Kelly, D. P., & Khachidze, I. (2017). 

Event-related potentials (ERP) in cognitive neuroscience research and applications. 

NeuroRegulation, 4(1), 14–27. https://doi.org/10.15540/nr.4.1.14 

Stam, C. J., Nolte, G., & Daffertshofer, A. (2007). Phase lag index: Assessment of functional 

connectivity from multi channel EEG and MEG with diminished bias from common sources. 

Human Brain Mapping, 28(11), 1178–1193. https://doi.org/10.1002/hbm.20346 



89 
 

Summerfield, C., Luyckx, F., & Sheahan, H. (2020). Structure learning and the posterior parietal 

cortex. In Progress in Neurobiology (Vol. 184). Elsevier Ltd. 

https://doi.org/10.1016/j.pneurobio.2019.101717 

Sun, H., Yuan, F., Shen, X., Xiong, G., & Wu, J. (2014). Role of COMT in ADHD: A systematic 

meta-analysis. In Molecular Neurobiology (Vol. 49, Issue 1, pp. 251–261). Humana Press 

Inc. https://doi.org/10.1007/s12035-013-8516-5 

Takahashi, A., Iuchi, S., Sasaki, T., Hashimoto, Y., Ishizaka, R., Minami, K., & Watanabe, T. 

(2024). Working memory load increases movement-related alpha and beta 

desynchronization. Neuropsychologia, 205. 

https://doi.org/10.1016/j.neuropsychologia.2024.109030 

Takahashi, M., Ushitani, T., & Fujita, K. (2008). INFERENCE BASED ON TRANSITIVE 

RELATION IN TREE SHREWS (TUPAIA BELANGERI) AND RATS (RATTUS 

NORVEGICUS) ON A SPATIAL DISCRIMINATION TASK. In The Psychological Record 

(Vol. 58). 

Tavares, G., Perona, P., & Rangel, A. (2017). The attentional Drift Diffusion Model of simple 

perceptual decision-making. Frontiers in Neuroscience, 11(AUG). 

https://doi.org/10.3389/fnins.2017.00468 

Taylor, S. (2018). Association between COMT Val158Met and psychiatric disorders: A 

comprehensive meta-analysis. American Journal of Medical Genetics, Part B: 

Neuropsychiatric Genetics, 177(2), 199–210. https://doi.org/10.1002/ajmg.b.32556 

Titone, D., Ditman, T., Holzman, P. S., Eichenbaum, H., & Levy, D. L. (2004). Transitive 

inference in schizophrenia: Impairments in relational memory organization. Schizophrenia 

Research, 68(2–3), 235–247. https://doi.org/10.1016/S0920-9964(03)00152-X 

Townsend, B., Legere, J. K., O’Malley, S., Mohrenschildt, M. v., & Shedden, J. M. (2019). 

Attention modulates event-related spectral power in multisensory self-motion perception. 

NeuroImage, 191, 68–80. https://doi.org/10.1016/j.neuroimage.2019.02.015 

Treichler, F. R., & Tilburg, D. Van. (1996). Concurrent Conditional Discrimination Tests of 

Transitive Inference by Macaque Monkeys: List Linking. In Journal of Experimental 

Psychology: Animal Behavior Processes (Vol. 22, Issue i). 

Van Elzakker, M., O’Reilly, R. C., & Rudy, J. W. (2003). Transitivity, flexibility, conjunctive 

representations, and the hippocampus. I. An empirical analysis. Hippocampus, 13(3), 334–

340. https://doi.org/10.1002/hipo.10083 

van Kesteren, M. T. R., Rignanese, P., Gianferrara, P. G., Krabbendam, L., & Meeter, M. (2020). 

Congruency and reactivation aid memory integration through reinstatement of prior 

knowledge. Scientific Reports, 10(1). https://doi.org/10.1038/s41598-020-61737-1 

Vecchio, F., Nucci, L., Pappalettera, C., Miraglia, F., Iacoviello, D., & Rossini, P. M. (2022). 

Time-frequency analysis of brain activity in response to directional and non-directional visual 



90 
 

stimuli: an event related spectral perturbations (ERSP) study. Journal of Neural Engineering, 

19(6). https://doi.org/10.1088/1741-2552/ac9c96 

Vinck, M., Oostenveld, R., Van Wingerden, M., Battaglia, F., & Pennartz, C. M. A. (2011). An 

improved index of phase-synchronization for electrophysiological data in the presence of 

volume-conduction, noise and sample-size bias. NeuroImage, 55(4), 1548–1565. 

https://doi.org/10.1016/j.neuroimage.2011.01.055 

Von Fersen, L., Wynne, C. D. L., Delius, J. D., & Staddon, J. E. R. (1991). Transitive Inference 

Formation in Pigeons. In Journal of Experimental Psychology (Vol. 17). 

Wagenmakers, E. J. (2009). Methodological and empirical developments for the Ratcliff diffusion 

model of response times and accuracy. In European Journal of Cognitive Psychology (Vol. 

21, Issue 5, pp. 641–671). https://doi.org/10.1080/09541440802205067 

Weaver, J. E., Steirn, J. N., & Zentall, T. R. (1997). Transitive inference in pigeons: Control for 

differential value transfer. In Psychonomic Bulletin & Review (Vol. 4, Issue 1). 

Weinberger, M., & Dostrovsky, J. O. (2011). A basis for the pathological oscillations in basal 

ganglia: The crucial role of dopamine. In NeuroReport (Vol. 22, Issue 4, pp. 151–156). 

https://doi.org/10.1097/WNR.0b013e328342ba50 

Wendelken, C. (2015). Meta-analysis: How does posterior parietal cortex contribute to reasoning? 

Frontiers in Human Neuroscience, 8(JAN), 1–11. https://doi.org/10.3389/fnhum.2014.01042 

Whitlock, J. R. (2017). Posterior parietal cortex. In Current Biology (Vol. 27, Issue 14, pp. R691–

R695). Cell Press. https://doi.org/10.1016/j.cub.2017.06.007 

Wianda, E., & Ross, B. (2016). Detecting neuromagnetic synchrony in the presence of noise. 

Journal of Neuroscience Methods, 262, 41–55. 

https://doi.org/10.1016/j.jneumeth.2016.01.012 

Wianda, E., & Ross, B. (2019). The roles of alpha oscillation in working memory retention. Brain 

and Behavior, 9(4). https://doi.org/10.1002/brb3.1263 

Winterer, G., & Weinberger, D. R. (2004). Genes, dopamine and cortical signal-to-noise ratio in 

schizophrenia. In Trends in Neurosciences (Vol. 27, Issue 11, pp. 683–690). 

https://doi.org/10.1016/j.tins.2004.08.002 

Wu, T., Chen, C., Spagna, A., Wu, X., Mackie, M. A., Russell-Giller, S., Xu, P., Luo, Y. jia, Liu, 

X., Hof, P. R., & Fan, J. (2020). The functional anatomy of cognitive control: A domain-

general brain network for uncertainty processing. Journal of Comparative Neurology, 528(8), 

1265–1292. https://doi.org/10.1002/cne.24804 

Xiao, F., Chen, Q. F., Long, C. Q., & Li, H. (2018). The rule expectancy effect on the 

electrophysiological correlates underlying numerical rule acquisition. Neuroscience Letters, 

665, 252–256. https://doi.org/10.1016/j.neulet.2017.09.052 



91 
 

Xiao, F., Sun, T., Qi, S., & Chen, Q. (2019). Common and distinct brain responses to detecting 

top-down and bottom-up conflicts underlying numerical inductive reasoning. 

Psychophysiology, 56(12). https://doi.org/10.1111/psyp.13455 

Xu, B., Wu, J., Xiao, H., Münte, T. F., & Ye, Z. (2024). Inferior parietal cortex represents relational 

structures for explicit transitive inference. Cerebral Cortex, 34(4). 

https://doi.org/10.1093/cercor/bhae137 

Zalesak, M., & Heckers, S. (2009). The role of the hippocampus in transitive inference. Psychiatry 

Research - Neuroimaging, 172(1), 24–30. https://doi.org/10.1016/j.pscychresns.2008.09.008 

Zeithamova, D., Dominick, A. L., & Preston, A. R. (2012a). Hippocampal and ventral medial 

prefrontal activation during retrieval-mediated learning supports novel inference. Neuron, 

75(1), 168–179. https://doi.org/10.1016/j.neuron.2012.05.010 

Zeithamova, D., Dominick, A. L., & Preston, A. R. (2012b). Hippocampal and ventral medial 

prefrontal activation during retrieval-mediated learning supports novel inference. Neuron, 

75(1), 168–179. https://doi.org/10.1016/j.neuron.2012.05.010 

Zhang, J., & Rowe, J. B. (2014). Dissociable mechanisms of speed-accuracy tradeoff during visual 

perceptual learning are revealed by a hierarchical drift-diffusion model. Frontiers in 

Neuroscience, 8 APR. https://doi.org/10.3389/fnins.2014.00069 

Zhang, X., Qiu, Y., Li, J., Jia, C., Liao, J., Chen, K., Qiu, L., Yuan, Z., & Huang, R. (2022a). 

Neural correlates of transitive inference: An SDM meta-analysis on 32 fMRI studies. 

NeuroImage, 258. https://doi.org/10.1016/j.neuroimage.2022.119354 

Zhang, X., Qiu, Y., Li, J., Jia, C., Liao, J., Chen, K., Qiu, L., Yuan, Z., & Huang, R. (2022b). 

Neural correlates of transitive inference: An SDM meta-analysis on 32 fMRI studies. 

NeuroImage, 258. https://doi.org/10.1016/j.neuroimage.2022.119354 

Zhou, Y., & Freedman, D. J. (2019). Posterior parietal cortex plays a causal role in perceptual and 

categorical decisions. In Science (Vol. 365). https://www.science.org 

  

 

 

 

 

 

 



92 
 

 

 

 

 

 

 

 

If the highest place I reached is at Your feet 

Then I've done it all 

If the best thing that I’ve seen is Your glory,  

Then I’ve seen it all  

Your love has saved my life 

Forever satisfied 

God, You are my everything  

 

If one word is the only thing You speak  

Then I’ve heard it all 

If I feel Your heart and never see Your hand 

I still have it all  

No treasure of this life 

Could ever satisfy 

God, You are my everything 

God, You are my everything 


