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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 (T1), 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, Tl has long been regarded as an important indicator of the
construction of mental schema in humans. Early in the 20th century, psychologists began using T1
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



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 T1 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 T
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 Tl a. Spatial Inference b. Hierarchical inference and c.
Associative inference (adapted fronX. Zhang et al., 2023a

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
Tl 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 (SDEX 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)Vhile an ideal learning curve would show uniform accuracy across
all learned premises, performance often follows a U-shaped pattern. The pairs containing the end-



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) (Figurel.2. B).
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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).



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;
dIPFC, 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 fronX. 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).
Tl 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). Itis
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 “ | ndi vi dual di fference:
decision making: the role of COMT V#tundttat8 Met p
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 T1 has begun to establish this framework, revealing that the process



12

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 T1 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 Tl (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 Zitled:
Cortical interplay linking item encoding and comparison in solving a transitive inference task: An
EEG studyaddresses 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 (T1), grouped by genotype based on the
Val158Met single-nucleotide polymorphism in the CatecholO-MethyltransferasCOMT) 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.

Under Review, Preprint is available here
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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 T1 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 & Elvevag, 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 (32 = 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 TagMan 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 TagMan 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 Nlalll 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.
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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.
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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 up, 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 N [-5, 10]; boundary N [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,
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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 (Fe.. = 2.63, p = .54, np? = .06),
suggesting a comparable accuracy across groups, while there was a significant main effect of SD
(Fuen = 74,43, p <.001, np? = .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 (Fewy =.87, p = .54, 1p? =.021).
Similarly, RTs were significantly modulated by the SDs (Fu = 233.32, p <.001, np? = .745; post hoc
p <.001), with faster RTSs for larger SDs, but no significant differences were found across Genotype
groups (Fes = 1.21, p = .30, np? = .029) nor significant interaction (Fexo = p = .75, N> = .018).
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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.. = 0.87, p = .42, np? = .021), nor a significant
interaction (Fes= .77, p = .62, np% =.019). A significantly higher accuracy was found for Adjacent
Pairs (Fuzo = 16.57, p < .001, np? = 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 (Fe. = 47.45, p < .001, % = .372) and post-hoc
p< .05. No significant differences between Genotype (F.. = 2,34, p = .10, np? = .055), or interaction
was detected (Fexo= 1.60, p =.123, np2 =.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 (y? (2) = 10.85, p =.004) and last 4th (2 (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 (¥? (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).
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23

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 (Fe.., = .39, p < .001, n® = .848; post hoc p <
.001) and a lack of statistical significance for the main factor Genotype F.., = .28, p = .75, n* = .007).
No significant interaction was detected F.., = .38, p = .92, np? = .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 (Fuzs, =
78.53, p < .001, np? = .518) while no significant differences in drift rates were observed across
genotype groups (Fe» = 2.46, p = .09, np? = .063). The analysis also revealed a significant interaction
effect (Fexn = 4.37, p < .001, np? = .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 (Fe., =
4.71, p < .010, np? = .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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2.3.4 The COMT genotype groups perform differently when the comparisons depend on
anovel 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.
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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,
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27

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 (Fu. = 100.26, p < .001, np?> = .69 ), while no significant
differences in Accuracy neither between groups based on genotypes (Fe.., = 1.83, p = .17, np? = .075)
nor significant differences among Phases (F.., = .00, p = .95, np? = .00), were detected. Significant
interactions between factors task phases and SDs (Fe. = 2.74, p = .03, np? = .057) and all the three
main factors were detected (Fe. = 2.04, p = .04, ny? = .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 (Fe. = .76, p = .47, 1> = .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.., = 12.65, p <.001, np® = 11.24). A
significant effect of the SDs as a main factor (F..., = 219.36, p <.001, np? = .83) and an interaction of
SDs with the task Phases was detected (Fe.., = 6.31, p < .001, np? = .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.., = 2.97, p = .06, ny?> = .116), neither the interaction of
genotypes with task phases (F.., = .94, p = .39, np? = .04) nor the interaction with SDs (Fe. = 1.12,
p = .35, np? = .047) was significant. No significant interaction among the three main factors was
observed (Feuso = 1.21, p = .29, % = .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 (Fe., = 3.44,
p = .04, np? = .137). The drift rates of Val/Val were significantly lower than the other two groups
post-hoc p < .05. Significant effects for SDs (Fu., = 439.54, p< .001, np? = .001) and an interaction
effect of SDs with Genotypes was detected (Fe., = 3.42, p = .001, np? = .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 (Fe., = 5.28, p <.001, np? = .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.., =.028, p
= .86, np? = .001) and neither its interaction with genotypes was detected (F.., = 1.06, p = .35, np? =
.050). No significant interaction effects of the three main factors were observed (Fe., =1.95, p = .055,
np? = .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
etal., 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 & Elvevag, 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 Tl 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 T1 (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
etal., 2017; Sunetal., 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 (T1), 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
etal., 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
etal., 2012).

Itis 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 Tl 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 5kQ. 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, 01, 02) 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 Oms). 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+0) 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) x4 task epochs (S1, D1, S2, D2) and two frequency bands. The PCA was implemented
using the pcafunction 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, 01, 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 Oms) 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,
(Feso = 77.74, p < 0.001, np? = 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,
(Fuso = 1.91, p =1.91, np? = 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
(Fuso = 0.81, p = 0.521, np? = 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, (Fus«, = 5.64, p = 0.018, n,? = 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 (Fu«, = 0.38, p = 0.822, np? =
0.005) nor significant interaction between learning blocks and adjacent pairs (F .y = 0.48, p =
0.747, np? = 0.006), indicating RT changes over blocks were consistent across the adjacent pairs.

A 1 Accuracy B Reaction Time
—8—First Block 650 —&—First Block
—ii— Last Block —&— Last Block
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o £ 550

S N—

S 0.6 & 500

o
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AB BC CD DE EF AB BC CD DE EF
Adjacent Pairs 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, (Fuxe = 24.32, p < 0.001, np? = 0.44) indicating that accuracy was strongly modulated by
the SDs, as accuracy increased with larger SDs. Post hoc analysis showed significant differences
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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 .., = 4.28, p = 0.003,
np? = 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.
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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, (Fuus = 2.60, p = 0.039, n? = 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 ., = 0.45, p = 0.78, np? = 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 .., = 2.63,
p = 0.037, np? = 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 (Fe.o = 0.49, p = 0.75, np% = 0.02).
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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 .,
= 4.72, p <0.01, np? = 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 .., = 0.61, p = 0.66, np> = 0.02). At the
Occipital electrode cluster too, the analysis revealed a significant effect of SD on the N200 mean
amplitude (F .z = 3.70, p <0.01, n? = 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
(Feus = 1.05, p = 0.39, np? = 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.



48

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.
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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.
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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 wPL1I 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 (y%2) | 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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SD3 vs SD5: **

Table 3.1 Kruskal Wallis statistics table for alpha-band based functional connections. p<.001=z z, z
p<.01=2z zp<.05=2%, 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 wPL1 adjacency metrics for all the 5 SDs and for the two epochs for beta frequency band are
shown in Figure 3.8A.
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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 (y%2) | 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: ***
SD3vs SD4: *

SD3 vs SD5: ***

2 104.10 <0.001 | SD1vs 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 | SD1vs SD2: *
SD1 vs SD4: ***
SD1 vs SD5: ***
SD2 vs SD5: *
SD3 vs SD4: ***
SD3 vs SD5: ***

2 101.47 <0.001 | SD1vs 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: **




SD3 vs SD5:

81.21

<0.001

SD1 vs SD3:
SD1 vs SD4:
SD1 vs SD5:
SD2 vs SD3:
SD2 vs SD4.
SD2 vs SD5:

***

***

***

**

**k*k

**k*k
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*kk
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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=2 z,
p<.01=2z zp<.05=2%, 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 . = 8.34, p <0.001, np? = 0.21) on accuracy. There was no significant main effect of the
Encodings (S1/S2) (Fu. = 1.39, p = 0.25, np? = 0.04), suggesting no overall difference in accuracy
between the two presentations. There was a significant Encodings*Item interaction effect (F . =
2.48, p = 0.034, % = 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) (Fes = 3.47, p =0.005, np? = 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) (Fu. = 1.14, p = 0.29, np? = 0.04). The interaction between
Encoding and items was also not statistically significant (F . = 0.40, p = 0.85, np? = 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.



55

A 1 Accuracy Reaction Time
350
0.95 ]
g 340
= 09 =
o o
L
o
0.85 | 330
0.8 320
A B C D E F A B C D E F
S1 items S1 items
B ’ Accuracy Reaction Time
350
095
g 340
S 09 -
5 [
= 330
& 0.85
0.8 320
A B C D E F A B C D E F
S2 ltems S2 ltems

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
e = 2.28, p = 0.049, np? = 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 (Fs,155 = 2.60, p = 0.028, ny? = 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 s = 0.69, p = 0.635, np? = 0.02), or
the mean latency (Fes = 1.40, p = 0.226, ny% = 0.04).
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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 ANOVASs 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, (Fs. = 1.70, p = 0.137, np? = 0.05), or the mean latency (Fe.s = 0.97, p = 0.437, np? =
0.03). However, the S2 encoding revealed a significant effect on the mean amplitude, (Fe.s = 2.30,
p = 0.048, np? = 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, (Fe. = 0.87, p = 0.500, 1p?
=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
e = 4.13, p = 0.002, np? = 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 s =
0.53, p = 0.754, n,? = 0.02). A similar pattern emerged during S2 encoding, where a significant
main effect of SP on mean amplitude was found, (F . = 3.31, p = 0.007, np? = 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 (Fe. = 1.28, p = 0.275,
np? = 0.04).
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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 e = 3.60, p =
0.004, np? = 0.10). Mean latency, however, was not significantly modulated by serial position,
(Feus = 0.89, p = 0.487, np? = 0.03). The S2 encoding period showed an even stronger modulation
by SP, with the ANOVA revealing a highly significant effect on mean amplitude, (Fss = 8.26, p
<0.001, np? = 0.21). Similar to S1, mean latency during S2 was not significantly affected by SP,
(Fe = 1.85, p = 0.107, np? = 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 xSEM.

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.
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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.
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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 Tl 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
etal., 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
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etal., 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 & Hamél&inen, 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 (Lundgvist et al., 2016; Miller et
al., 2018) and focused attention (HansImayr & 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.
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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,0).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
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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. 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.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
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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 | 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
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