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ARTICLE INFO ABSTRACT

Keywords: Numerical cognition is a field that investigates the sociocultural, developmental, cognitive, and biological as-
Numerical cognition pects of mathematical abilities. Recent findings in cognitive neuroscience suggest that cognitive skills are
Mathematics facilitated by distributed, transient, and dynamic networks in the brain, rather than isolated functional modules.
Embodied cognition th h he bodil d luti b £ fe Is th s Kills h

Evolution Further, research on the bodily and evolutionary bases of cognition reveals that our cognitive skills harness
Neuroimaging capacities originally evolved for action and that cognition is best understood in conjunction with perceptuomotor
ontology capacities. Despite these insights, neural models of numerical cognition struggle to capture the relation between

mathematical skills and perceptuomotor systems. One front to addressing this issue is to identify building block
sensorimotor processes (BBPs) in the brain that support numerical skills and develop a new ontology connecting
the sensorimotor system with mathematical cognition. BBPs here are identified as sensorimotor functions,
associated with distributed networks in the brain, and are consistently identified as supporting different cognitive
abilities. BBPs can be identified with new approaches to neuroimaging; by examining an array of sensorimotor
and cognitive tasks in experimental designs, employing data-driven informatics approaches to identify sensori-
motor networks supporting cognitive processes, and interpreting the results considering the evolutionary and
bodily foundations of mathematical abilities. New empirical insights on the BBPs can eventually lead to a
revamped embodied cognitive ontology in numerical cognition. Among other mathematical skills, numerical
magnitude processing and its sensorimotor origins are discussed to substantiate the arguments presented.
Additionally, an fMRI study design is provided to illustrate the application of the arguments presented in
empirical research.

To understand how we learn and do math, we develop models of how
different math-specific and domain-general processes work together to
support numerical skills. Behavioral and neuroimaging studies experi-
mentally test the validity of these models. Neuroimaging studies explore
neural correlates; how biological systems support numerical skills. One
fundamental assumption that underlie neuroimaging studies is that
mathematical skills, and more generally cognitive skills, can be
construed as collections of relatively simple processes—each associated
with specific functions and localized brain networks. The idea of func-
tional modules in the brain has been around for a while and can be
traced back to the computational theory of mind (CTM) (Neumann, 1958;
Rescorla, 2020). Historically, these functional modules had not been
defined based on the study of biological systems, or more broadly brain-
body-environment interactions. Instead, they were formulated based on
the idea that the human mind operates similar to a computer, with
functional modules found in computing systems. This approach has been

adopted in neuroimaging studies after the invention of fMRI and is still
applicable today (Poldrack, 2010).

The current models in numerical cognition are constrained by what
we assume are the basic functions and processes. A particular challenge
with these models is their deficiency in explaining how number pro-
cessing relates to bodily systems and skills. Traditional cognitive terms
are inadequate in describing the interactions of brain-body-environment
systems in situated contexts (Beer, 2008). One potential solution is to
construct a novel cognitive ontology; one, where the cognitive concepts
emerge from the study of the biological systems during authentic tasks,
rather than being delineated by decontextualized computational func-
tions. A cognitive ontology is described as a set of cognitive processes
and their interrelationships (Hastings et al., 2014). What I call building
block processes (BBPs) are fundamental sensorimotor functions that
originally (in evolutionary terms) facilitated perceptuomotor skills and
were repurposed to serve cognitive skills. These processes work together
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in transient and dynamic ways to support complex cognitive tasks.

In the last two decades cognitive neuroscience research has shifted
its focus to the study of functional and structural networks in the brain.
Network neuroscience research has revealed dynamic and distributed
networks across different domains of cognition, yet we neither fully
understand what these networks do, nor do we have a taxonomy cate-
gorizing them (Uddin et al., 2023). Previous efforts towards constructing
alternative ontologies in neuroimaging focused on using large-scale data
and data-analytics methods to study brain networks and the associated
functions (Hastings et al., 2014; Passingham, Stephan, & Kotter, 2002;
Poldrack & Yarkoni, 2016). Accumulation of work along these lines can
eventually help build a comprehensive cognitive ontology of sensori-
motor networks matching with tasks and behaviors. The theory of neural
use can help with the interpretation of how these sensorimotor networks
are associated with cognitive skills. This theory suggests that, during the
evolutionary process, bodily systems and functions were repurposed to
support complex cognitive functions (Anderson, 2014). Neural reuse can
be considered a specific case of exaptation, which describes how a faculty
previously serving a specific function gets co-opted to realize a new
function, during the evolutionary process (Gould & Vrba, 1982). It is
probable that BBPs draw heavily from basic sensorimotor operations
that have been co-opted to aid cognitive functions. Cognitive skills like
reading and mathematics are products of both biological and cultural
evolution (Geary, 2007) and tracing the BBPs that underlie cognitive
skills can only be possible by incorporating evolutionary perspectives
when interpreting neuroimaging data.

The motivation for this paper is to discuss how we can develop a new
cognitive ontology in numerical cognition guided by embodied and
evolutionary theories and findings, and emerging data analytics ap-
proaches in neuroimaging. To set the stage, we first reflect on the history
and current state of cognitive models in numerical cognition and discuss
the limitations of incorporating findings on the bodily origins of math-
ematical skills in aggregate models. Then, magnitude representation and
verbal encoding in numerical cognition are presented as case studies,
and alternative interpretations are discussed based on embodied and
evolutionary perspectives. Finally, a hypothetical neuroimaging study is
presented to substantiate the arguments made.

1. The impact of the information processing approach on
numerical cognition

The goal of numerical cognition as a field is to explain numerical
skills, both in humans and other animal species, across the sociocultural,
developmental, behavioral, cognitive, and biological (i.e., neural and
genetic) levels. The origins of numerical cognition research can be
traced back to clinical studies in the late 19th and early 20th centuries,
when observations were made on how the numerical skills of patients
were affected by neuropsychological conditions, induced by strokes,
lesions, and injuries to the brain (Henschen, 1919; Rourke & Conway,
1997). Around the same time, psychologists studied mathematical
thinking and methods for teaching mathematics (Thorndike, 1922). The
thought processes that lead to mathematical insights were also a topic of
interest (Hadamard, 1945). In the early 20th century, the emergence of
behaviorism in the USA transformed the landscape of psychological
research. Behaviorism emerged as a reaction to the use of introspection
and mental states in psychology and targeted making psychology similar
to natural sciences, solely relying on the study of observable behavior
and stimulus-response relations (Watson, 1913).

It wasn’t until after the second world war, when the study of the
mind, mental states, and cognitive representations became the center of
focus in psychology, during what we now call the cognitive revolution of
the 1950s (Gardner, 1987). Fueled by excitement on what can be
accomplished with computation and a push against behaviorism, ideas
on natural cognition and artificial intelligence merged, yielding to the
notion that cognition is a form of computation (Miller, 2003). Turing’s
abstract formulation of computation was followed by designs for
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physical computers (Godfrey & Hendry, 1993). These developments
coincided with discoveries on neuron function and their relation to
learning and cognition (e.g., Hebb, 1949), propelling the idea that a
neuron is a type of computational unit, with the spiking action indi-
cating an all or none output based on the inputs. The neuron’s method of
calculating inputs and producing a binary output was comparable to the
workings of digital computers, fostering the notion that the brain
functions similarly to a computer.

Two pioneers of the cognitive revolution, Warren S. McCulloch and
Walter Pitts developed a formal model of the brain as a network of
neurons, each neuron acting as a simple logical processing unit, and
networks of neurons together capable of carrying out logical operations
(Arbib, 2000; McCulloch & Pitts, 1943). McCulloch (1961) was partic-
ularly interested in humans’ numerical abilities: In his essay, titled
“What is a number that a man may know it and a man that he may know
a number?,” he explained how an interconnected set of logical units can
realize different numerical operations. The question of how the brain
supports number processing, and cognition in general, then became a
matter of the processing capabilities of different organizations of net-
works of neurons. This approach eventually led to the emergence of
connectionism, which involves modeling of cognition with artificial
neural networks (Rumelhart & McClelland, 1986).

Theories of computation distinguish between the hardware compo-
nents (some form of a computer; a Turing machine) and the software;
instructions outlining the logical processes taking place in an informa-
tion processing system (Marr, 1982). The idea that computational or
algorithmic processes were separate from the physical systems executing
the computation implied that cognition could be studied in isolation
from its biological correlates. Paralleling this view, Newell and Simon
(1976) argued that “a physical symbol system has the necessary and
sufficient means for general intelligent action” (p. 116). Here, a “phys-
ical symbol system” denotes a system capable of representing and pro-
cessing expressions composed of symbols. This statement has two
implications: first, that any sufficiently complex physical symbol system
can yield intelligence; and second, that the human mind can be
considered a physical symbol system. This approach underestimates the
importance and the unique contributions of the human (and generally
any) brain and body in cognition and approaches the mind as a symbol
manipulation system. In a sense, the brain is treated as yet another
generic computer, making the physical symbol system or the algorithm of
the human mind the focus of investigation. With this approach, the field
of cognitive science flourished, with studies experimentally testing to
what extent the proposed cognitive models were able to predict
behavioral data. In a nutshell, the human brain was reduced to a generic
computer and the body to a trivial mass of flesh, leaving the abstract
notion of the mind as the main focus of investigation.

Developments in imaging technologies, increased availability of
computational power, and the motivation to better understand the
neural correlates of cognition triggered the emergence of cognitive
neuroscience as a field (Reuter-Lorenz, Baynes, Mangun, & Phelps, 2010).
During the 1990s, cognitive neuroimaging focused on identifying brain
areas associated with various cognitive processes previously studied in
cognitive science. There has been early calls highlighting that complex
cognitive functions are carried out by networks and not individual re-
gions (Mesulam, 1990) and since 2000s, there has been a shift from
matching specific functions with isolated brain regions to studying dy-
namic and distributed networks in the brain that support cognitive
functions. Despite this shift, the theoretical frameworks in cognitive
neuroscience are still deeply rooted in the cognitive models that were
proposed decades before. Cognitive functions suggested by the compu-
tational theory of mind might not actually exist in the brain and ca-
pacities matching with these functions could be the result of multiple
intertwined BBPs that we don’t yet fully understand. In order to char-
acterize these fundamental processes, we should consider not just the
human mind and the brain, but the biological organism as a whole, its
evolutionary past, its interactions with the environment, and the brain’s
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role in mediating these interactions.
1.1. Cognitive neuroscience research on numerical cognition

Cognitive neuroscience research on numerical cognition primarily
examines neural correlates of number skills and individual differences.
In addition to domain general processes (e.g., working memory, visuo-
spatial abilities), numerical cognition focuses on domain-specific pro-
cesses that underlie numerical skills; for example, number sense,
counting, numerical magnitude representation, arithmetic calculation,
and fact retrieval. Aggregate models of numerical cognition provide a
map of cognitive processes matching with brain regions and synthesize
findings across many studies to explain how number processing takes
place in the brain (e.g., Arsalidou, Pawliw-Levac, Sadeghi, & Pascual-
Leone, 2018; Faye et al., 2019; Menon, 2014).

Beyond mapping cognitive processes with brain regions, numerical
cognition contributed to our understanding of how different phenom-
ena, like age, existence of cognitive disorders or sociocultural factors,
modulate neural underpinnings of numerical cognition. Thanks to this
body of research, we now have a better understanding of the develop-
ment of number sense in early childhood, the development of counting
and arithmetic abilities in early years of schooling, and how early in-
dicators (e.g., counting, working memory, verbal abilities, the home
numeracy environment) predict later mathematical success (Hawes,
Sokolowski, Ononye, & Ansari, 2019). Numerical cognition research
also had an impact on mathematics education and classroom practices
(Simplicio et al., 2020).

A subset of research in numerical cognition explores the relation
between the bodily systems and measures, and number processing skills
from an embodied cognition perspective. Embodied cognition, also
known more broadly as 4E (embodied, embedded, enactive, and
extended) cognition, serves as an umbrella term for a multitude of
theories on how cognition is grounded in bodily systems and in-
teractions. The common denominator of these theories is the principle
that cognition cannot be understood merely as a mental phenomenon,
and instead we should approach cognition as an emergent theme in how
the brain and the body interact in physical and sociocultural contexts
(Gallagher, 2017; Newen, De Bruin, & Gallagher, 2018). Research on
embodiment of mathematical cognition (commonly referred to as
embodied numerosity or embodied mathematics) examines the connection
between bodily skills and measures (such as gestures, fine- and gross-
motor abilities, and finger counting) and numerical abilities; how
bodily measures are linked to and can predict these abilities; how these
relationships manifest at the neural level; and how situated activity in
physical and social contexts can facilitate learning.

The embodied perspective asserts that, instead of assisting the
development of abstract mathematical representations and principles,
bodily interactions structure the sensorimotor system in order to provide
semantic content for number processing (Abrahamson, 2021; de Freitas
& Sinclair, 2013; Lindemann & Fischer, 2015; Soylu, 2016). This body of
research moves towards understanding numerical cognition not merely
as a computational process confined to the brain, but as a theme
emerging from the interactions among the brain, body, and environ-
ment—within cultural and evolutionary contexts.

2. The body and mathematics relation: evolutionary and
embodied perspectives

Mathematics is a distinct human capability that has emerged, in part,
thanks to recent human cultural evolution. Geary distinguishes between
two types of number skills: 1) Biologically-primary skills are hereditary
and not dependent on enculturation. Some of these skills—such as
approximate numbers skills—are shared with other animals (Brannon &
Merritt, 2011). 2) Biologically-secondary skills, on the other hand, are
developmental, show cultural variance, and are results of human cul-
tural evolution. Symbolic representations of numbers and number
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operations are some examples.

The vast diversity in how human cultures represent and communi-
cate numbers, combined with the minimal evolutionary changes in
humans over the last several thousand years since we started using
symbolic numbers, strongly suggest that symbolic mathematics is pri-
marily a product of cultural evolution (O’Shaughnessy, Gibson, &
Piantadosi, 2021). This also suggests that mathematical cognition rep-
resents a case of neural reuse and mathematical abilities make use of
biological systems that originally evolved to support other functions
(Anderson, 2016). Therefore, it is essential that we adopt an evolu-
tionary perspective in our efforts to make sense of human mathematical
skills. The emergence of symbolic mathematical skills from some foun-
dational sensorimotor skills is a story of both biological and cultural
evolution.

Studies with a diverse group of vertebrates (e.g., chimps, mice, birds,
fish) show that humans share some non-symbolic mathematical abilities
with other species, including an object tracking system, which can
distinguish quantities up to four, and an approximate number system,
which can make approximate magnitude judgments on larger quantities
(Geary, Berch, & Koepke, 2015). Human infants show similar capabil-
ities (Jordan & Brannon, 2006) and these number skills are considered
as part of the humans’ biological readiness for mathematics. However,
the ability to process large, exact, and symbolic numbers is thanks to our
cultural evolution, evidenced by both the presence and absence of
symbolic and exact numbers across cultures, myriad of different ways
numbers are represented in different cultures, and the need for encul-
turation and learning opportunities for number skills to develop (Beller
et al., 2018; O’Shaughnessy et al., 2021).

Our current efforts to understand the neural mechanisms supporting
cognitive, bodily, and social skills need to take the intertwined coevo-
lutionary history linking these skills. Human cognitive skills, like
reading and symbolic mathematics, make use of sensorimotor systems
that evolved to support other functions (Anderson, 2014, 2016). In the
brain, these unique cognitive skills make use of large networks of
distributed systems, working together in dynamic and transient ways
(Sporns, 2011). Each brain region participates in many different net-
works and the role of a particular region in a single function alone is not
sufficient to characterize it. For example, while it is established that
angular gyrus (AG) activates during arithmetic retrieval (Grabner et al.,
2009), it also participates in a wide range of tasks, including semantic
processing, reading, visuospatial processing, social cognition, and finger
individuation (Anema et al., 2008; Rusconi, Walsh, & Butterworth,
2005; Seghier, 2012). Similar to AG, most brain regions commonly
included in neural models of mathematical cognition participate in a
wide range of tasks, complicating attribution of functions to brain re-
gions. Anderson (2007) explains this wider phenomenon with an apt
analogy: “... finding the role of a given brain area will be something like
finding the right letter to go into a box on a (multidimensional) cross-
word puzzle, determined not just by the answer to a single clue, but by
all the clues whose answers cross that box” (p. 339). Like the letters in a
crossword puzzle, each brain region contributes to multiple different
functions. As is the case for AG, it is often not immediately clear how and
why a specific region participates in multitude of networks, associated
with seemingly unrelated tasks. Explaining the functional contribution
of distinct systems to a wide variety of cognitive functions has to
consider the history of how these systems evolved and how each
cognitive function is associated with the building block sensorimotor
processes (BBPs) involved.

What does it mean for sensorimotor processes to support cognition?
Theories of embodied cognition (EC) are broadly categorized into two as
weak EC and strong EC (Gallagher, 2017). Weak EC reduces situated
action in the environment to sensorimotor processing in the brain and
emphasizes body-based mental representations (e.g., Barsalou, 1999).
On the other hand, strong EC theories view cognition as an emergent
outcome of the intricate interaction between the brain, body, and
environment (e.g., Chemero, 2011; Varela, Thompson, & Rosch, 1991).
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This perspective asserts that cognition cannot be solely reduced to brain
processes. While strong EC accounts aim to explain cognition without
relying on mental representations, they are challenged by “abstract”
domains of cognition, such as mathematical thinking, memory,
reasoning, and mental imagination. Such representation-hungry forms of
processing are offline; they take place in the absence of a physical
context that is relevant to the subject of processing (Clark & Toribio,
1994). The term representation-hungry here refers to the difficulties of
explaining some forms of cognition without resorting to disembodied
mental representations.

Mental arithmetic, solving a chess puzzle, or retrieving a childhood
memory are all processes that bear little or no relation to the ongoing
interactions with the organism’s current context. Simulation accounts of
cognition come to help in such cases, where offline processing is char-
acterized as simulated sensorimotor processing (Gallese & Lakoff, 2005;
Soylu, 2016; Svensson, Lindblom, & Ziemke, 2007). Simulation theories
characterize offline processing as a form of internal sensorimotor ac-
tivity. The relation between the body and number processes is more
overt and observable early in the development, becoming progressively
more offline, with number processes involving fewer interactions with
the environment. For example, even though children rely on fingers,
audible counting, or physical manipulatives to do arithmetic, adults
mostly rely on some form of offline processing (e.g., mental calculation,
retrieval). Mathematics becomes more decontextualized with develop-
ment, making interactions with the environment less central. Never-
theless, the traces of those early bodily interactions can be observable in
adulthood (Michaux, Masson, Pesenti, & Andres, 2013; Soylu & New-
man, 2016). For example, across numerous studies, number processing
tasks were found to activate sensorimotor areas associated with fingers
and behavioral associations between finger (e.g., tapping, finger gnosis,
fine-motor ability) and number measures were found (see Barrocas,
Roesch, Gawrilow, & Moeller, 2020; Berteletti & Booth, 2016; Soylu,
Lester, & Newman, 2018 for reviews).

3. What is missing in numerical cognition models?

Despite substantial evidence supporting the role of sensorimotor
systems in numerical cognition (Sixtus, Krause, Lindemann, & Fischer,
2023), the existing neurocognitive models for number processing fall
short in explaining how these sensorimotor systems actually facilitate
numerical processes. As highlighted by Roesch and Moeller (2015), the
deficiency in our present models of number processing becomes evident
in how the research findings regarding the connection between finger
sensorimotor abilities and number processing are frequently overlooked
in the context of neurocognitive models of numerical cognition. This is
not necessarily due to shortcomings in the proposed models themselves.
Instead, the issue stems from the prevailing cognitive ontology that has
held influence in the field of numerical cognition and more broadly in
cognitive neuroscience.

To add more clarity to the argument here, let’s consider two brain
regions commonly featured in numerical cognition models and their
associated functions: the intraparietal sulcus (IPS) and the angular gyrus
(AG). We will first focus on a fundamental capacity in numerical
cognition, magnitude representation—which is often associated with
IPS—and discuss how the relationship between magnitude representa-
tion and action, along with the associated sensorimotor systems, are
addressed within neurocognitive models. Then, we will visit AG, the
functions mapped to it in numerical cognition models, and discuss the
more expansive roles of AG as an association area. Going back to the
aforementioned puzzle analogy, we will discuss why we are challenged
with getting the pieces of the puzzle right.

3.1. Magnitude processing and the IPS

Magnitude processing refers to the ability to estimate, represent, and
process magnitudes across multiple modalities (mainly visual, but also
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auditory, olfactory, etc.). A magnitude is the size or extent of a specific
measure, for example the length of a rod, the distance to an object, the
weight or volume of an object. Drawing from behavioral and neuro-
imaging studies, showing associations between non-numerical (phys-
ical) and numerical magnitude processing, it has been proposed that
physical magnitude estimation is the precursor for numerical magnitude
representation and that numerical magnitude processing makes use of
systems originally evolved to process physical magnitudes, pointing to a
domain-general magnitude processing system (Cohen Kadosh, Lam-
mertyn, & Izard, 2008; Dormal, Andres, & Pesenti, 2012; Moyer &
Landauer, 1967).

A key principle in embodied cognition is the inseparability of
perception and action, underscoring the importance of understanding
perception in the context of action. Prior research, encompassing diverse
forms of magnitudes, indicates that when individuals are tasked with
estimating a magnitude, their perception goes beyond merely recog-
nizing an objective magnitude. Instead, they incorporate their own
body, morphology, and the potential for actions within the environment
into this estimation process. According to this action-specific account of
perception, humans perceive the environment based on their ability to
act in it (Gibson, 1979). For example, objects positioned to be easier to
grasp are estimated to be closer (Linkenauger, Witt, Stefanucci, Bak-
dash, & Proffitt, 2009), graspable object sizes are judged relative to the
hand size (Linkenauger, Leyrer, Biilthoff, & Mohler, 2013), and object
sizes are perceived relative to the body size (van der Hoort, Guterstam,
& Ehrsson, 2011). These effects extend to estimations involving slope,
volume, weight, time, distance, and other factors. Collectively, these
findings illustrate that estimations across various magnitude categories
are impacted by bodily capacities, morphology, and the perceived po-
tential for actions (see Philbeck & Witt, 2015 for a review). Across these
instances, magnitude processing and representation are intertwined
with action possibilities rather than being solely concerned with pure
magnitude estimations.

Neuroimaging studies have pointed to the involvement of bilateral
parietal areas in the processing of numerical magnitudes, in particular
the intraparietal sulcus (IPS) (Ansari, 2007; Faye et al., 2019). Besides
neural overlap and associations among various forms of magnitude
processing, neuroimaging studies also revealed distinct neural correlates
for symbolic numerical, non-symbolic numerical, and non-numerical
magnitude processing. For example, Fias, Lammertyn, Reynvoet,
Dupont, and Orban (2003) identified a segment of the left IPS partici-
pating in both symbolic and non-symbolic magnitude comparison, in
addition to an anterior segment that only participates in symbolic
number comparisons. In a meta-analysis study, Sokolowski, Fias, Ono-
nye, and Ansari (2017) reported more left-lateralized superior parietal
involvement for symbolic numerical, compared to both non-symbolic
numerical and non-numerical magnitude processing, and distinct acti-
vations in the bilateral precuneus for only non-symbolic numerical
processing. While neuroimaging studies consistently indicate the
involvement of the IPS in processing both physical and numerical
magnitudes, IPS is not exclusively dedicated to magnitude processing.

Given the evidence for magnitude representation being intimately
tied with action, particularly action with hands and fingers, it is
reasonable to expect IPS to have a significant role in object-oriented
actions. In fact, across both human and monkey studies, IPS is found
to be responsible for integration of multimodal information, involving
both proprioception, and planning and execution of object-oriented
actions (e.g., grasping, object manipulation) (see Grefkes & Fink, 2005
for a review). Within the IPS, the anterior portion (aIPS) participates in
the integration of visual information, encoding graspable features of
objects, and target goal, and the posterior portion participating in the
experiential knowledge of object-use to guide action (Mruczek, von
Loga, & Kastner, 2013; Tunik, Ortigue, Adamovich, & Grafton, 2008). In
a TMS study, the stimulation of the right alPS was found to perturb grip
aperture during bimanual action (Le, Vesia, Yan, Niemeier, & Crawford,
2014), pointing to the role of this region in adjusting the grip aperture
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during the grasping action. The anterior and posterior parts of IPS were
also reported to have different structural and functional connectivity
profiles, the posterior section linking with the insula, premotor and
middle frontal areas, while the posterior IPS links with extrastriate vi-
sual areas (Uddin et al., 2010). Further, in a large-scale meta-analysis
study, Yeo et al. (2015) developed a map of functional specialization and
flexibility for cortical regions, which pointed to IPS as one of the most
functionally flexible (participating in a diverse range of functions) re-
gions in the cortex. Both the functional and structural findings point to
IPS as a region integrating visual, tactile, and motor modalities in the
service of many different perceptuomotor and cognitive functions.

As mentioned above, prior research has reliably associated the IPS
with both numerical and nonnumerical magnitude processing. Yet,
when the broader literature is examined, it becomes evident that the IPS
serves a wider function as an association area, and more specifically in
facilitating visually coordinated manual actions. Describing the IPS as a
magnitude processing module makes it challenging to position number
processing within the broader context of biological systems that evolved
to support action. Multiple studies on the relation between hands/fin-
gers and numbers allude to the more widely defined role of IPS in
visually coordinated manual action. For instance, Andres, Ostry, Nicol,
and Paus (2008) observed that Arabic numerals written on physical
objects influenced grip aperture during the initiation of grasping actions;
with larger numerals accompanying larger grip apertures. This finding
highlights the overlap and interference between numeric and physical
magnitude representations during the grasping action. In a separate
study, Badets, Andres, Di Luca, and Pesenti (2007) explored the inter-
play between estimation of affordances (object and organism specific
action possibilities; Gibson, 1979) and numerical magnitude represen-
tation. In an initial experiment, the act of grasping rods was influenced
by a preceding presentation of numbers. Small numbers led to over-
estimated grasps—subjects estimated they could grasp the rod when
they couldn’t—while large numbers resulted in underestimated grasps.
In a subsequent experiment, participants judged whether two rods were
of equal length, a task that did not involve grasping. Notably, the nu-
merical primes did not have any effect on the judgment of physical size.
Together, these experiments demonstrated that physical and discrete
numerical magnitude systems overlap only in the context of the grasping
movement.

3.2. The role of angular gyrus in numerical cognition

Much like magnitude processing, other processes incorporated into
numerical cognition models, such as verbal processing and symbol
(Arabic numeral) processing, can also be unraveled to delve into their
sensorimotor and evolutionary origins. In the inferior parietal cortex,
the left angular gyrus has been consistently found to be more active
during arithmetic fact retrieval. Because angular gyrus is thought to be
part of the perisylvian language network, this activation has been inter-
preted as verbal coding of numbers or retrieval of verbally stored facts
(Dehaene, Piazza, Pinel, & Cohen, 2003; Delazer et al., 2003; Grabner
et al., 2009). However, there are alternative models, for example,
pointing to hippocampus and para-hippocampus for arithmetic
retrieval, and associating angular gyrus with attention orientation
(Bloechle et al., 2016).

Similar to IPS, outside of numerical cognition, AG is associated with
many different functions, including semantic processing, conceptual
integration, spatial coordination, memory retrieval, reading compre-
hension, the default mode network, attention, spatial cognition, theory-
of-mind, and social cognition (see Igelstrom & Graziano, 2017; Seghier,
2012 for reviews). The inferior parietal cortex, housing the angular
gyrus in its posterior region, stands out as one of the most prominent
connection hubs in the brain (Tomasi & Volkow, 2011). Also, similar to
IPS, AG shows dissociable functional and structural connectivity across
its subregions; the anterior section is linked to basal ganglia, premotor
and ventrolateral prefrontal areas, whereas the posterior section is
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linked to regions that are part of the default-mode network (DMN),
including the ventromedial prefrontal, posterior cingulate, para-
hippocampal and hippocampal areas (Uddin et al., 2010). AG activates
across a wide range of tasks, suggesting that understanding its function
may require looking beyond the confines of a single domain. AG, being
positioned in the temperoparietal junction, is adjacent to visual, spatial,
and somatosensory association areas, and is highly connected to other
parts of the brain, making it ideal for receiving inputs from multimodal
areas and conducting heteromodal integration.

In a comprehensive meta-analysis encompassing various semantic
tasks, Binder, Desai, Graves, and Conant (2009) identified the angular
gyrus as a central hub consistently activating across diverse semantic
tasks. This led to the proposition that the angular gyrus serves as a
primary system for conceptual integration, playing a role in various
forms of semantic processing. One approach linking sensorimotor and
semantic processing suggests that the integration of multimodal infor-
mation in the association areas is central to concept representations
(Barsalou, 2008; Pulvermiiller, 2005). The meaning of a concept comes
from the context- and experience-dependent sensorimotor simulation of
visual, tactile, and auditory modalities related to that concept (Gallese &
Lakoff, 2005). Based on fMRI and DTI findings, AG is proposed to be a
hub for the heteromodal conceptual processing system, which integrates
content-specific information from multiple modalities for semantic
memory and representation (Binder et al., 2009; Bonner, Peelle, Cook, &
Grossman, 2013).

Apart from the extensive body of research in numerical cognition
that links the AG to verbal retrieval of arithmetic facts, there exists a set
of studies indicating that the AG serves as a convergence point between
finger sensory processing and mathematical cognition. In 1924 Gerst-
mann diagnosed a patient who was not able to name or point to her
fingers, due to a lesion in the left AG. Further tests showed that the
patient also had difficulty differentiating between their own or another
person’s right and left hand, performed poorly in arithmetic tests, and
showed difficulty in writing (Gerstmann, 1940). Similar findings have
been replicated with patients with parietal lesions (Mayer et al., 1999).
In two studies, stimulation of angular gyrus in healthy adults was shown
to disrupt both finger sense and number processing (Roux, Boetto,
Sacko, Chollet, & Tremoulet, 2003; Rusconi et al., 2005). In the only
fMRI study on finger gnosis—a measure of finger sense, measuring the
ability to localize the stimulation of fingers—the left inferior parietal
lobule emerged as one of the parietal neural correlates, together with
bilateral precuneus (Rusconi et al., 2014). The activation of the angular
gyrus (AG) during finger gnosis aligns with the previously discussed
heteromodal function. This is because the finger gnosis task necessitates
the mental representation of a finger schema, involving the integration
of visual, tactile, and motor modalities. The process overlap between
number and finger sensorimotor processing in AG was shown in a dual-
task study, where adult participants were asked to tap on their fingers
and concurrently answer arithmetic questions. The results showed dif-
ferential interference of anatomically ordered tapping on single-digit
addition, compared to double-digit addition, with particularly left AG
showing a higher process overlap between these two tasks. The results
were interpreted as arithmetic fact retrieval activating finger represen-
tations, due to associations that were established during finger counting
experiences in early childhood (Soylu & Newman, 2016).

Overall, despite the empirical confirmation of the angular gyrus’s
involvement in arithmetical retrieval, its precise role remains ambig-
uous. The diverse heteromodal role of the angular gyrus (AG) across
various task domains, coupled with the findings from prior numerical
cognition studies that demonstrate an interaction between number and
finger sensorimotor processing, suggests that the AG’s involvement in
number processing deserves a fresh look that goes beyond verbal
memory retrieval. In fact, verbal processing itself is grounded in the
sensorimotor system (Cappa & Pulvermiiller, 2012), exemplified with
effects like comprehension of action verbs (e.g., kick, pick) activating
somatotopically relevant parts of the motor system (Pulvermiiller, 2005)
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and behavioral sensorimotor effects in processing of action verbs
(Muraki, Dahm, & Pexman, 2023). Besides, a recent study provides
evidence for what is called the cortical language network to be actually a
consequence of averaging across diverse linguistic processes, leaving
only cortical connectivity hubs at the aggregate, and masking more
complex, dynamic, and distributed networks, not limited to the cortex
(Aliko, Wang, Small, & Skipper, 2023).

The AG’s engagement in various tasks signifies its role as a hub for
heteromodal integration, facilitating semantic processing and memory
across diverse domains. AG’s function is part of a larger question about
the origins of semantic processing and how sensorimotor networks in the
brain support semantic understanding and memory. A cognitive
ontology that has a corpus of sensorimotor BBPs in relation to formation
and retrieval of semantic memories could help explain how AG supports
arithmetic memory retrieval and its relation to seemingly distant skills,
like finger sensorimotor skills. We do not yet have such a cognitive
ontology and building one will require empirical studies that can help
unfold the BBPs connecting diverse domains of cognition.

4. How to develop a new cognitive ontology
4.1. Implementation of data analytics approaches

The move from focusing on regions to dynamic networks came with
changes in data analysis methods. New approaches, such as multivariate
pattern analysis (MVPA) or connectivity analysis, enabled study of
many-to-many structure-function relationships and consideration of
networks, rather than distinct regions, as functional units. How each
region contributes to numerous functions can be tackled by gathering
neuroimaging data involving a variety of tasks and examining the
distinct contributions of each region to the array of tasks studied. In a
pioneering study, Passingham et al. (2002) introduced the notions of
connectional and functional fingerprints, which are multidimensional
representations for functional profiles of different cortical regions. A
connectional fingerprint represents the structural connectivity of a re-
gion, while a functional fingerprint represents the disposition of a re-
gion; the extent with which a region participates in a variety of tasks.
Passingham et al. used perceptuomotor tasks across multiple modalities,
such as auditory, visual, tactile, and proprioceptive, to characterize the
functional contributions of each region in the cortex. The results showed
that structural connectivity, to some degree, accounted for functional
fingerprints of different brain areas. More importantly, this study
introduced the structure-function match as a one-to-many relation, each
region participating in multiple functions, across different scales.

Anderson, Kinnison, and Pessoa (2013) employed a similar meth-
odology to that of Passingham et al. (2002) to study functional diversity
of brain areas. However, in this case, they defined a functional finger-
print as a 20-dimensional vector, each dimension representing activa-
tion maps from different tasks, categorized under four categories: action
(e.g., motor learning), cognition (e.g., working memory), emotion (e.g.,
fear), and perception (e.g., audition). With the functional fingerprints,
they were able to show how much each region contributed to the
different types of task categories, in a weighted manner. They also
introduced a network measure, named assortivity, indicating the simi-
larity of functional fingerprints across various regions that constitute a
network. This approach enables a brain region to be characterized not by
a single function, but by a multidimensional vector that portrays the
region’s weighted contribution to a spectrum of tasks.

While it is important to note that each region supports multiple
different functions, it is the networks that carry out cognitive functions
and not individual regions. In most cases, brain networks show emergent
characteristics. Emergence here refers to new properties or behaviors
observed when elements of a complex system interact; properties that
cannot be observed when each part is studied in isolation. Pessoa (2022)
calls this phenomenon interactional complexity, and makes a call for
shifting our functional unit of analysis from brain regions to functional
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networks. The functional networks in the brain are not mutually
exclusive and one region participates in multiple networks, realizing
different functions. In addition to individual brain regions exhibiting
functional diversity (Anderson et al., 2013; Passingham et al., 2002),
functional networks show a high-degree of overlap and they dynami-
cally change depending on the task context (Najafi, McMenamin, Simon,
& Pessoa, 2016). Analytical approaches, like network science, and dy-
namic and complex systems, have been implemented to characterize the
different, resting-state and task-related networks commonly observed in
the brain. However there has not yet been consensus on what constitutes
a network, the taxonomy of networks, or the nomenclature used to
describe networks within the brain (Uddin, 2023). Given the rapid pace
of advancements in network neuroscience, it is likely that these issues
will be addressed in the future.

4.2. Exploring sensorimotor functions through an evolutionary lens

The next challenge is how we define functions. Traditionally,
cognitive functions—such as perception, attention, memory, and lan-
guage—are defined in disembodied and computational terms. However,
it is likely that the BBPs in the brain are different from those computa-
tional functions found in information processing models. As Poldrack
(2010) exemplifies, “... while we think that ‘working memory’ is a
unique function implemented in the brain, it may be the case that there
is no such function implemented by the brain and that what we call
working memory is in reality a combination of some other functions” (p.
755). What are these “other functions”? We don’t yet know for sure;
some recent work provides preliminary ideas on the nature of these
native—as in emerging from the biological mechanisms; not conceived
independent of biological correlates—functions. Anderson (2014) pro-
poses sensorimotor primitives in the brain, named neuroscientifically
relevant psychological (NRP) factors, which come together in dynamic
ways to support cognitive abilities. Each NRP factor makes use of mul-
tiple regions and multiple NRP factors contribute to a given cognitive
state. Illustrating a similar approach, Poldrack, Halchenko, and Hanson
(2009) used a decoding method to classify fMRI data from eight tasks
and used a dimension-reduction method to determine six dimensions
(patterns of activation) that are most characteristic. These dimensions
embody processes that are not determined a priori, but instead emerge
from the analysis of data. Each dimension was found to have differential
contributions to the eight tasks studied, showing both differences and
similarities across the tasks. From a single study, it is not immediately
clear what the functions of these dimensions are, however multiple
studies using similar methods can help uncover the nature of these
functions.

Pessoa, Medina, and Desfilis (2022) argue that “vertebrate neuro-
architecture does not respect the boundaries of standard mental terms”
and that neuroscience studies should instead focus on “the dynamic
coupling between large-scale brain circuits and complex, naturalistic
behaviours” (p 1.). The mental terms mentioned are psychological con-
structs and domains such as cognition, emotion, attention, and memory.
They advocate for neuroscience research to prioritize exploring the
interplay between large-scale brain circuits and real-world behaviors.
Their critique extends to several putative distinctions made, for example
between cognition and affect, cortical and subcortical systems, and the
additive nature of phylogenetically old and new systems in the brain.
These arguments are supported by neuroscience studies showing that
neural correlates of tasks associated with, for example, cognition and
emotion involve intertwined dynamic and distributed networks, and
that the modularity suggested by mental domains are not accommo-
dated by neuroscience findings. The alternative path suggested is to
focus on neural circuits subserving specific classes of behavior, while
also considering the evolutionary contexts of these behaviors. Cisek
(2022) similarly objects to putative mental terms and emphasizes the
significance of evolutionary approaches in elucidating how brain sys-
tems facilitate contextual behaviors and skills. They propose a taxonomy
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delineating the neural mechanisms governing basic sensorimotor con-
trol in vertebrates. This taxonomy traces phylogenetic progression
across various species and examines how organism morphology, ner-
vous systems, and behaviors have co-evolved to adapt to evolutionary
pressures.

Even though we don’t yet have comprehensive models of numerical
cognition guided by the approaches discussed so far, there is some
promising preliminary work. For example, Vallortigara, Lorenzi, Mes-
sina, and Perrino (2022) combines evidence from a multitude of studies
involving various vertebrates (e.g., fish, birds, primates) and proposes a
model of continuous and discrete magnitude processing, involving both
pallial (cortical in mammals) and subpallial (subcortical in mammals)
systems. The model includes midbrain structures, thalamus, sensory
pathways, and cortical association regions and explains how behaviors
involving magnitude processing are supported by distributed networks,
not limited to the cortex. The proposed approach holds promise in
identifying core sensorimotor functions and associated neural circuitry,
which can subsequently inform our understanding of human cognitive
abilities, such as mathematics.

Based on the discussions so far, what type of numerical cognition
neuroimaging study would allow exploring the BBPs in numerical
cognition? Despite recent neuroimaging research showing that the
neural correlates of cognitive processes are transient, dynamic, and
distributed networks, research into functional connectivity has also
indicated that fundamental sensory and motor functions exhibit a degree
of specialization (Yeo et al., 2011). There is evidence suggesting that
phylogenetically older functions (functions that emerged relatively early
in evolution) tend to associate with more localized networks, whereas
newer cognitive functions tend to involve more extensive networks
(Anderson, 2014). In a sense, while the evolutionary brain building
project favored specialized sensorimotor functions early on, the acqui-
sition of newer functions—relying on diverse combination of these
earlier functions—demanded further and more intricate interlinking of
distinct brain systems. Mathematics, one of the most recent human
cognitive abilities, is widely distributed and draws upon a variety of
functions that originally evolved for different purposes. Large-scale
projects involving many subjects, tasks, and modalities, such as the
Human Connectome Project, drive many of the studies harnessing new
data analytic approaches. Unfortunately, these projects do not typically
include number processing (e.g., arithmetic, magnitude comparison)
and relevant sensorimotor (e.g., finger tapping, gnosis) tasks. Therefore,
it would be beneficial to explore what type of experimental data would
allow the type of data-driven research discussed. In typical numerical
cognition neuroimaging studies, tasks are often confined and centered
on the specific skills under investigation. However, studies involving
number tasks together with tasks that engage the relevant sensorimotor
functions have the potential to yield fresh insights.

4.3. Charting the course for future research

How should we design an experimental paradigm and analyze data
to explore the BBPs? What we call a BBP here is essentially a functional
sensorimotor network that matches with a functional label that alludes
to what this network does. Despite the proliferation of network neuro-
science research, we do not have yet a taxonomy of functional networks,
both because there is no consensus on what constitutes a network and
because it is not clear what the networks that reliably emerge across
different studies do (Uddin, Yeo, & Spreng, 2019), perhaps with a few
exceptions such as the salience and default-mode networks (Uddin et al.,
2023). However, there has been some promising examples for research
on cognitive ontologies that can help chart the path ahead.

Machine learning methods, particularly decoding, have been
increasingly used in cognitive neuroscience. Decoding involves training
and testing of a machine learning algorithm to predict task conditions or
mental states based on the neural data. This process involves training the
algorithm with a set of data and testing it with another. The testing
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indicates how well the trained algorithm captures the aspects of the
signal that characterizes the differences among task conditions or
mental states. Decoding methods have been shown to predict the task or
mental states in fMRI experiments with high accuracy, across different
domains. Decoding analysis provides different insights than the more
typical parametric testing (e.g., GLM) with fMRI data; for instance, it
shows weather the signal studied has information that characterizes the
classes (conditions, mental states etc.) studied, which properties of the
signal contributes towards the classification and how well the model
developed generalize, with testing on new datasets (Naselaris, Kay,
Nishimoto, & Gallant, 2011). Decoding analysis involves preprocessing
of data, feature extraction, training of the classification algorithm, and
testing of the trained algorithm by measuring classification performance
with new data.

fMRI data comprises time-series data with an intricate spatial
component, involving many voxels (up to about a million, depending on
the resolution). Each voxel produces signal values across the time series.
When employing machine learning algorithms for data analysis, each
voxel serves as a feature. However, dealing with hundreds of thousands
of features is not computationally viable. To address this issue, feature
extraction (dimension reduction) methods are used, which condense the
data into a smaller feature-set, without significantly compromising the
ability to identify unique patterns associated with each task condition.
Unsupervised feature extraction methods, such as principal component
analysis (PCA) or independent component analysis (ICA), do not make
use of the class labels when transforming the data to a reduced set of
features. Conversely, supervised methods, like linear discriminant
analysis (LDA), enable the selection of features crucial for distinguishing
data from one class versus others.

In a decoding study including eight diverse tasks (e.g., gambling
decisions, rhyme judgments, and working memory), Poldrack et al.
(2009) used an entropy measure for feature selection, leading to the
selection of ~2 K voxels with the highest entropy (variability across
tasks), which were then used for a neural network decoding analysis.
The neural network analysis produced comparable accuracy to a whole-
brain support vector machines (SVM) analysis, showing that the reduced
dataset with much fewer voxels included the information needed to
classify the different asks. They then used an agglomerative hierarchical
clustering approach to extract neural activity patterns from each
dimension of the reduced space formed by the hidden units of the neural
network. A dimensional loading process was followed to determine to
what extent each dimension matched with each task. To understand
what the activity patterns for each dimension meant, in terms of the type
of processing taking place, they matched each task with a collection of
cognitive concepts from a basic cognitive ontology (e.g., language,
audition, spatial processing).

Walters et al. (2022) used an fMRI dataset with 44 diverse task
conditions and matched each condition with a set of perceptual-motor or
cognitive ontological constructs from the Cognitive Atlas (Poldrack
et al., 2011). They trained a cognitive encoding model with a subset of
the tasks and found that the model generalized to untrained tasks. In
other words, the data-driven ontology developed was able to predict
activation patterns of new tasks and even of resting-state networks. This
study is innovative in multiple ways. It shows that encoding can be used
to assess cognitive theories. The predictive success of the encoding
model based on the cognitive theory provides a new way of assessing
cognitive theories. This approach also can help with refining a cognitive
ontology: If the inclusion of an ontological construct consistently fails to
improve prediction results, this might show that the construct is either
ill-defined, largely overlaps with other constructs, or the tasks associated
with the construct are not in fact associated.

Both Poldrack et al. (2009) and Walters et al. (2022) show how
paradigms with diverse tasks can help characterize networks that
contribute to a wide-range of cognitive concepts. Furthermore, they
show that decoding and encoding can be complementary in exploring
new networks and functions (Naselaris et al., 2011), and how to validate



F. Soylu

these, as part of the mission to develop a cognitive ontology. To illustrate
the practical application of the ideas outlined here, let’s explore a hy-
pothetical study design aimed at investigating the relation between the
hand-finger sensorimotor system and numerical cognition. Building
upon the previously discussed link between numerical magnitude pro-
cessing and object-oriented action affordances, a study involving
different forms of magnitude tasks (symbolic/non-symbolic numerical),
along with physical magnitude estimation, graspability estimation,
finger gnosis, and finger tapping tasks, would generate data conducive
to encoding analysis. Such analyses can assist in characterizing the
extent to which various BBPs are utilized in numerical tasks and how
these processes align with sensorimotor tasks. The selection of these
sensorimotor tasks can be tailored based on the theoretical claims being
tested. For instance, past investigations into the interplay between fin-
gers and numbers have focused on various facets of finger sensorimotor
processing, including tapping, fine motor abilities, grasping, and gnosis.
However, application of machine learning methods in this area has been
limited to electrophysiological studies (Salehzadeh, Rivera, Man, Jalili,
& Soylu, 2023; Salehzadeh, Soylu, & Jalili, 2023).

In the hypothetical study, ten different tasks across four categories
would be used: 1) Finger/hand sensorimotor tasks—finger tapping,
finger gnosis, and graspability; 2) Comparison tasks—physical magni-
tude, non-symbolic number (quantity), and symbolic (Arabic numeral);
3) Executive function tasks—working memory and cognitive control;
and 4) Number processing—simple and complex arithmetic (Fig. 1). The
finger tasks aim to capture sensorimotor patterns related to finger pro-
cessing, while the comparison tasks aim to assess the extent to which
physical magnitude, quantity, and symbolic comparison differ in their
associations with the other tasks. The executive function tasks are used
for comparison with the arithmetic tasks, helping evaluate their asso-
ciations with sensorimotor and comparison tasks. Lastly, the inclusion of
simple and complex arithmetic tasks aims to enable a comparison be-
tween retrieval and calculation strategies concerning their association
with the finger sensorimotor tasks.

Data analysis would involve preprocessing and application of
dimension reduction methods to create a reduced dimension version of
the dataset. Decoding analysis would involve training of an algorithm (e.
g., SVM, neural networks) to classify trial data into task categories.
Feature importance analysis would reveal networks that most contribute
to the classification. For example, SVM models that classify across the
three comparisons tasks (i.e., magnitude, non-symbolic, and symbolic)
in a one-vs-rest fashion, would reveal voxel maps that uniquely
contribute to classification of each comparison task. The decoding
analysis can help identify sensorimotor networks dominant in the finger
tasks and to what extent each of these contribute to the math tasks. For
instance, a specific network predominantly manifesting in finger tap-
ping, gnosis, and grasping, as well as in number comparison and addi-
tion, could be construed as a pivotal sensorimotor process linked to
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finger sensorimotor processing, but also to the processing of numerical
quantities. A broader identification and understanding of these central
processes necessitate the accumulation of a corpus of research utilizing
similar methodologies, meta-analysis studies aimed at pinpointing
recurrent networks within analogous task contexts, alongside a taxon-
omy of functional networks (Uddin et al., 2023).

Data analytics methods applied to datasets with diverse tasks can
also reveal how a single region contributes to many different functions.
For example, the limited functions attributed to IPS and AG in numerical
cognition models are partially due to the narrow task contexts consid-
ered. Functional fingerprint (Passingham et al., 2002) or functional di-
versity (Anderson et al, 2013) measures expose the one-to-many
relationships between brain regions and tasks. These approaches facil-
itate the validation of claims about the relative and comparative
engagement of an ROI across different tasks (Fig. 2). For instance, in the
proposed hypothetical study, the functional fingerprint associated with
the intraparietal sulcus (IPS) would be expected to show a stronger as-
sociation with graspability compared to finger gnosis, or with magni-
tude comparison compared to complex arithmetic.

The proposed research design aims to test claims regarding the
participation of the sensorimotor system in various number processes
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Fig. 2. Example functional fingerprints showing the association of three hy-
pothetical ROIs with different tasks.
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and to examine the fundamental sensorimotor BBPs underpinning nu-
merical cognition. The study presented here is purely hypothetical,
illustrating the proposed approach. Progress in understanding human
numerical abilities could be achieved through a series of studies exam-
ining the associations between various sensorimotor and number tasks
and identifying fundamental processes consistently observed across
these studies. Meta-analyses, compiling results from multiple studies
could reveal sensorimotor patterns consistently linked with particular
cognitive tasks. Yet, interpreting what these sensorimotor patterns mean
will require theoretical progress. For instance, the simulation of senso-
rimotor states to facilitate cognitive skills has been suggested in various
cognitive domains (e.g., Gallese & Sinigaglia, 2011; Gibbs, 2006; Pez-
zulo, Barca, Bocconi, & Borghi, 2010). Yet, we lack the terminology to
articulate how simulation of sensorimotor states support cognition and
the comprehensive understanding of the neural systems that dynami-
cally emerge to mediate between the sensorimotor systems and the
cognitive tasks. The hypothetical study outlined here is admittedly
vague. Current guidelines and heuristics for utilizing data informatics
approaches to identify fundamental sensorimotor processes involved in
cognition are still underdeveloped. Nevertheless, these burgeoning
techniques offer promising avenues that warrant further development
and investigation.

5. Conclusion

Recently, cognitive neuroscience models have transitioned from
localizationism to network-based approaches, where neural correlates of
cognitive processes are understood as dynamic networks distributed
throughout the brain. Further, the structure-function relations are
described in many-to-many terms: a single function might engage mul-
tiple structures, while a single structure can be implicated in various
functions. The rapid advancements in computational methods and the
availability of extensive datasets have further enhanced our capacity to
examine the brain’s structural and functional networks. Yet, a disparity
remains: The dominant cognitive ontology—the foundational concepts
and associations used to study and model cognition—in numerical
cognition, and more generally in cognitive neuroscience, still depends
on the computational theory of mind, and does not lend itself to explain
brain-body-environment relations.

Seeking a new cognitive ontology for numerical cognition requires
developing new research methods and theoretical frameworks that are
capable of dissecting our assumptions about mathematical abilities; by
considering how a set of skills that evolved independently came together
to enable our mathematical skills and how biological correlates of
number processing are rooted in systems that support situated action.
Data informatics approaches, such as machine learning, combined with
expansive datasets afford novel ways to empirically probe theories on
the role of the sensorimotor system in cognition.

I contend that our search should focus on identifying the founda-
tional, building block processes (BBPs) within multimodal sensorimotor
systems. These processes collaboratively function in a multitude of ways
to facilitate cognitive abilities. Such an exploration necessitates inno-
vative study designs where both the cognitive tasks and their related
perceptuomotor tasks are jointly examined. The proposed approach to
studying numerical cognition incorporates ideas on embodiment,
evolutionary studies in biology and anthropology, cognitive science, and
neuroscience, in addition to emerging data informatics methods in
neuroimaging. Theories that are likely to come out of these efforts will
explain not only how bodily systems that evolved to interact with a
physical environment, build tools, and socially communicate can enable
emergent skills like mathematics and reading, but also how different
domains of cognition are interrelated by way of shared building block
processes.

Acta Psychologica 249 (2024) 104416
CRediT authorship contribution statement

Firat Soylu: Conceptualization, Writing — original draft, Writing —
review & editing.

Declaration of competing interest

In regards to my manuscript, submitted to Acta Psychologica, I have
NO affiliations with or involvement in any organization or entity with
any financial interest (such as honoraria; educational grants; participa-
tion in speakers’ bureaus; membership, employment, consultancies,
stock ownership, or other equity interest; and expert testimony or
patent-licensing arrangements), or non-financial interest (such as per-
sonal or professional relationships, affiliations, knowledge or beliefs) in
the subject matter or materials discussed in the manuscript.

Data availability

No data was used for the research described in the article.

Acknowledgments

The author is thankful to Brian Rivera and Mona Anchan, and the
anonymous reviewers for their constructive feedback.

References

Abrahamson, D. (2021). Grasp actually: An evolutionist argument for enactivist
mathematics education. Human Development, 65(2), 77-93. https://doi.org/
10.1159/000515680

Aliko, S., Wang, B., Small, S. L., & Skipper, J. I. (2023). The entire brain, more or less, is
at work: ‘Language regions’ are artefacts of averaging [Preprint]. bioRxiv. doi:htt
ps://doi.org/10.1101,/2023.09.01.555886.

Anderson, M. L. (2007). Massive redeployment, exaptation, and the functional
integration of cognitive operations. Synthese, 159(3), 329-345. https://doi.org/
10.1007/511229-007-9233-2

Anderson, M. L. (2014). After phrenology: Neural reuse and the interactive brain. MIT
Press. https://doi.org/10.1017/50140525X15000631

Anderson, M. L. (2016). Neural reuse in the organization and development of the brain.
Developmental Medicine and Child Neurology, 58, 3-6. https://doi.org/10.1111/
dmcen.13039

Anderson, M. L., Kinnison, J., & Pessoa, L. (2013). Describing functional diversity of
brain regions and brain networks. Neurolmage, 73, 50-58. https://doi.org/10.1016/
j-neuroimage.2013.01.071

Andres, M., Ostry, D. J., Nicol, F., & Paus, T. (2008). Time course of number magnitude
interference during grasping. Cortex, 44, 414-419. https://doi.org/10.1016/j.
cortex.2007.08.007

Anema, H. A, Kessels, R. P. C., de Haan, E. H. F., Kappelle, L. J., Leijten, F. S., van
Zandvoort, M. J. E., & Dijkerman, H. C. (2008). Differences in finger localisation
performance of patients with finger agnosia. NeuroReport, 19(14), 1429-1433.
https://doi.org/10.1097/WNR.0b013e32830e017b

Ansari, D. (2007). Does the parietal cortex distinguish between “10,” “ten,” and ten dots?
Neuron, 53(2), 165-167. https://doi.org/10.1016/j.neuron.2007.01.001

Arbib, M. A. (2000). Warren McCulloch’s search for the logic of the nervous system.
Perspectives in Biology and Medicine, 43(2), 193-216. https://doi.org/10.1353/
pbm.2000.0001

Arsalidou, M., Pawliw-Levac, M., Sadeghi, M., & Pascual-Leone, J. (2018). Brain areas
associated with numbers and calculations in children: Meta-analyses of fMRI studies.
Developmental Cognitive Neuroscience, 30(January), 239-250. https://doi.org/
10.1016/j.den.2017.08.002

Badets, A., Andres, M., Di Luca, S., & Pesenti, M. (2007). Number magnitude potentiates
action judgements. Experimental Brain Research, 180(3), 525-534. https://doi.org/
10.1007/s00221-007-0870-y

Barrocas, R., Roesch, S., Gawrilow, C., & Moeller, K. (2020). Putting a finger on
numerical development — Reviewing the contributions of kindergarten finger gnosis
and fine motor skills to numerical abilities. Frontiers in Psychology, 11, 1012. https://
doi.org/10.3389/fpsyg.2020.01012

Barsalou, L. W. (1999). Perceptual symbol systems. Behavioral and Brain Sciences, 22(04),
577-660. https://doi.org/10.1017/50140525x99002149

Barsalou, L. W. (2008). Grounded cognition. Annual Review of Psychology, 59, 617-645.
https://doi.org/10.1146/annurev.psych.59.103006.093639

Beer, R. D. (2008). The dynamics of brain-body-environment systems. In Handbook of
cognitive science (pp. 99-120). Elsevier. https://doi.org/10.1016/B978-0-08-046616-
3.00006-2.

Beller, S., Bender, A., Chrisomalis, S., Jordan, F. M., Overmann, K. A., Saxe, G. B., &
Schlimm, D. (2018). The cultural challenge in mathematical cognition. Journal of
Numerical Cognition, 4(2), 448-463. https://doi.org/10.5964/jnc.v4i2.137


https://doi.org/10.1159/000515680
https://doi.org/10.1159/000515680
https://doi.org/10.1101/2023.09.01.555886
https://doi.org/10.1101/2023.09.01.555886
https://doi.org/10.1007/s11229-007-9233-2
https://doi.org/10.1007/s11229-007-9233-2
https://doi.org/10.1017/S0140525X15000631
https://doi.org/10.1111/dmcn.13039
https://doi.org/10.1111/dmcn.13039
https://doi.org/10.1016/j.neuroimage.2013.01.071
https://doi.org/10.1016/j.neuroimage.2013.01.071
https://doi.org/10.1016/j.cortex.2007.08.007
https://doi.org/10.1016/j.cortex.2007.08.007
https://doi.org/10.1097/WNR.0b013e32830e017b
https://doi.org/10.1016/j.neuron.2007.01.001
https://doi.org/10.1353/pbm.2000.0001
https://doi.org/10.1353/pbm.2000.0001
https://doi.org/10.1016/j.dcn.2017.08.002
https://doi.org/10.1016/j.dcn.2017.08.002
https://doi.org/10.1007/s00221-007-0870-y
https://doi.org/10.1007/s00221-007-0870-y
https://doi.org/10.3389/fpsyg.2020.01012
https://doi.org/10.3389/fpsyg.2020.01012
https://doi.org/10.1017/s0140525x99002149
https://doi.org/10.1146/annurev.psych.59.103006.093639
https://doi.org/10.1016/B978-0-08-046616-3.00006-2
https://doi.org/10.1016/B978-0-08-046616-3.00006-2
https://doi.org/10.5964/jnc.v4i2.137

F. Soylu

Berteletti, I., & Booth, J. R. (2016). Finger representation and finger-based strategies in
the acquisition of number meaning and arithmetic. In D. Berch, D. C. Geary, &

K. Koepke (Eds.), Development of mathematical cognition (pp. 109-139). Elsevier.
https://doi.org/10.1016/B978-0-12-801871-2.00005-8.

Binder, J. R., Desai, R. H., Graves, W. W., & Conant, L. L. (2009). Where is the semantic
system? A critical review and meta-analysis of 120 functional neuroimaging studies.
Cerebral Cortex, 19(12), 2767-2796. https://doi.org/10.1093/cercor/bhp055

Bloechle, J., Huber, S., Bahnmueller, J., Rennig, J., Willmes, K., Cavdaroglu, S.,
Moeller, K., & Klein, E. (2016). Fact learning in complex arithmetic—The role of the
angular gyrus revisited. Human Brain Mapping, 37(9), 3061-3079. https://doi.org/
10.1002/hbm.23226

Bonner, M. F., Peelle, J. E., Cook, P. A., & Grossman, M. (2013). Heteromodal conceptual
processing in the angular gyrus. Neurolmage, 71, 175-186. https://doi.org/10.1016/
j-neuroimage.2013.01.006

Brannon, E. M., & Merritt, D. J. (2011). Evolutionary foundations of the approximate
number system. In, Vol. 1. Space, time and number in the brain. Elsevier Inc.. https://
doi.org/10.1016/B978-0-12-385948-8.00014-1

Cappa, S. F., & Pulvermiiller, F. (2012). Cortex special issue: Language and the motor
system. Cortex, 48(7), 785-787. https://doi.org/10.1016/j.cortex.2012.04.010

Chemero, A. (2011). Radical embodied cognitive science. MIT Press.

Cisek, P. (2022). Evolution of behavioural control from chordates to primates.
Philosophical Transactions of the Royal Society, B: Biological Sciences, 377(1844),
20200522. https://doi.org/10.1098/rs5tb.2020.052.2

Clark, A., & Toribio, J. (1994). Doing without representing? Synthese, 101(3), 401-431.
https://doi.org/10.1007/BF01063896

Cohen Kadosh, R., Lammertyn, J., & Izard, V. (2008). Are numbers special? An overview
of chronometric, neuroimaging, developmental and comparative studies of
magnitude representation. Progress in Neurobiology, 84(2), 132-147. https://doi.org/
10.1016/j.pneurobio.2007.11.001

Dehaene, S., Piazza, M., Pinel, P., & Cohen, L. (2003). Three parietal circuits for number
processing. Cognitive Neuropsychology, 20(3), 487-506. https://doi.org/10.1080/
02643290244000239

Delazer, M., Domahs, F., Bartha, L., Brenneis, C., Lochy, A., Trieb, T., & Benke, T. (2003).
Learning complex arithmetic—An fMRI study. Cognitive Brain Research, 18(1),
76-88. https://doi.org/10.1016/j.cogbrainres.2003.09.005

Dormal, V., Andres, M., & Pesenti, M. (2012). Contribution of the right intraparietal
sulcus to numerosity and length processing: An fMRI-guided TMS study. Cortex, 48
(5), 623-629. https://doi.org/10.1016/j.cortex.2011.05.019

Faye, A., Jacquin-Courtois, S., Reynaud, E., Lesourd, M., Besnard, J., & Osiurak, F.
(2019). Numerical cognition: A meta-analysis of neuroimaging, transcranial
magnetic stimulation and brain-damaged patients studies. Neurolmage: Clinical, 24
(March), Article 102053. https://doi.org/10.1016/j.nicl.2019.102053

Fias, W., Lammertyn, J., Reynvoet, B., Dupont, P., & Orban, G. A. (2003). Parietal
representation of symbolic and nonsymbolic magnitude. Journal of Cognitive
Neuroscience. https://doi.org/10.1162/089892903321107819

de Freitas, E., & Sinclair, N. (2013). New materialist ontologies in mathematics
education: The body in/of mathematics. Educational Studies in Mathematics, 83(3),
453-470.

Gallagher, S. (2017). Enactivist interventions: Rethinking the mind. Oxford University Press.

Gallese, V., & Lakoff, G. (2005). The brain’s concepts: The role of the sensory-motor
system in conceptual knowledge. Cognitive Neuropsychology, 22, 455-479. https://
doi.org/10.1080/02643290442000310

Gallese, V., & Sinigaglia, C. (2011). What is so special about embodied simulation?
Trends in Cognitive Sciences, 15(11), 512-519. https://doi.org/10.1016/j.
tics.2011.09.003

Gardner, H. (1987). The Mind’s new science: A history of the cognitive revolution. Basic
Books, Inc.

Geary, D. C. (2007). An evolutionary perspective on learning disability in mathematics.
Developmental Neuropsychology, 32(1), 471-519. https://doi.org/10.1080/
87565640701360924

Geary, D. C., Berch, D. B., & Koepke, K. M. (2015). The evolution of number systems. In,
Vol. 1. Mathematical cognition and learning (pp. 335-353). Elsevier. https://doi.org/
10.1016/B978-0-12-420133-0.00013-2.

Gerstmann, J. (1940). Syndrome of finger agnosia, disorientation for right and left,
agraphia and acalculia. Archives of Neurology and Psychiatry, 44, 398-408. https://
doi.org/10.1001/archneurpsyc.1940.02280080158009

Gibbs, R. W. (2006). Metaphor interpretation as embodied simulation. Mind & Language,
21(3), 434. https://doi.org/10.1111/j.1468-0017.2006.00285.x

Gibson, J. J. (1979). The ecological approach to visual perception. Lawrence Erlbaum.

Godfrey, M. D., & Hendry, D. F. (1993). The computer as von Neumann planned it. IEEE
Annals of the History of Computing, 15(1), 11-21. https://doi.org/10.1109/
85.194088

Gould, S. J., & Vrba, E. S. (1982). Exaptation—A missing term in the science of form.
Paleobiology, 8(1), 4-15. https://doi.org/10.1017/50094837300004310

Grabner, R. H., Ansari, D., Koschutnig, K., Reishofer, G., Ebner, F., & Neuper, C. (2009).
To retrieve or to calculate? Left angular gyrus mediates the retrieval of arithmetic
facts during problem solving. Neuropsychologia, 47, 604-608. https://doi.org/
10.1016/j.neuropsychologia.2008.10.013

Grefkes, C., & Fink, G. R. (2005). REVIEW: The functional organization of the
intraparietal sulcus in humans and monkeys. Journal of Anatomy, 207(1), 3-17.
https://doi.org/10.1111/j.1469-7580.2005.00426.x

Hadamard, J. (1945). An essay on the psychology of invention in the mathematical field.
Princeton University Press.

Hastings, J., Frishkoff, G. A., Smith, B., Jensen, M., Poldrack, R. A., Lomax, J., ...
Martone, M. E. (2014). Interdisciplinary perspectives on the development,

Acta Psychologica 249 (2024) 104416

integration, and application of cognitive ontologies. Frontiers in Neuroinformatics, 8.
https://doi.org/10.3389/fninf.2014.00062

Hawes, Z., Sokolowski, H. M., Ononye, C. B., & Ansari, D. (2019). Neural underpinnings
of numerical and spatial cognition: An fMRI meta-analysis of brain regions
associated with symbolic number, arithmetic, and mental rotation. Neuroscience &
Biobehavioral Reviews, 103(January), 316-336. https://doi.org/10.1016/].
neubiorev.2019.05.007

Hebb, D. O. (1949). The organisation of behaviour: A neuropsychological theory (Science
Editions).

Henschen, S. E. (1919). Uber sprach-, musik- und rechenmechanismen und ihre
lokalisationen im groBhirn. Zeitschrift fiir die gesamte Neurologie und Psychiatrie, 52
(1), 273-298. https://doi.org/10.1007/BF02872428

van der Hoort, B., Guterstam, A., & Ehrsson, H. H. (2011). Being Barbie: The size of one’s
own body determines the perceived size of the world. PLoS One, 6(5), Article
€20195. https://doi.org/10.1371/journal.pone.0020195

Igelstrom, K. M., & Graziano, M. S. A. (2017). The inferior parietal lobule and
temporoparietal junction: A network perspective. Neuropsychologia, 105, 70-83.
https://doi.org/10.1016/j.neuropsychologia.2017.01.001

Jordan, K. E., & Brannon, E. M. (2006). The multisensory representation of number in
infancy. Proceedings of the National Academy of Sciences, 103(9), 3486-3489. https://
doi.org/10.1073/pnas.0508107103

Le, A., Vesia, M., Yan, X., Niemeier, M., & Crawford, J. D. (2014). The right anterior
intraparietal sulcus is critical for bimanual grasping: A TMS study. Cerebral Cortex,
24(10), 2591-2603. https://doi.org/10.1093/cercor/bht115

Lindemann, O., & Fischer, M. H. (2015). Embodied number processing. Journal of
Cognitive Psychology, 27(4), 381-387. https://doi.org/10.1080/
20445911.2015.1032295

Linkenauger, S. A., Leyrer, M., Biilthoff, H. H., & Mohler, B. J. (2013). Welcome to
wonderland: The influence of the size and shape of a virtual hand on the perceived
size and shape of virtual objects. PLoS One, 8(7), Article e68594. https://doi.org/
10.1371/journal.pone.0068594

Linkenauger, S. A., Witt, J. K., Stefanucci, J. K., Bakdash, J. Z., & Proffitt, D. R. (2009).
The effects of handedness and reachability on perceived distance. Journal of
Experimental Psychology. Human Perception and Performance, 35(6), 1649-1660.
https://doi.org/10.1037/a0016875

Marr, D. (1982). Vision: A computational investigation into the human representation and
processing of visual information. Freeman.

Mayer, E., Martory, M. D., Pegna, A. J., Landis, T., Delavelle, J., & Annoni, J. M. (1999).
A pure case of Gerstmann syndrome with a subangular lesion. Brain, 122(6), 1107.
https://doi.org/10.1093/brain/122.6.1107

McCulloch, W. S. (1961). What is a number, that a man may know it, and a man, that he
may know a number. General Semantics Bulletin, 26(27), 7-18.

McCulloch, W. S., & Pitts, W. (1943). A logical calculus of the ideas immanent in nervous
activity. The Bulletin of Mathematical Biophysics, 5(4), 115-133.

Menon, V. (2014). Arithmetic in the child and adult brain. In R. Cohen Kadosh, &

A. Dowker (Eds.), Vol. 1. The Oxford handbook of mathematical cognition. Oxford
University Press. https://doi.org/10.1093/0xfordhb/9780199642342.013.041.
Mesulam, M. (1990). Large-scale neurocognitive networks and distributed processing for
attention, language, and memory. Annals of Neurology, 28(5), 597-613. https://doi.

org/10.1002/ana.410280502

Michaux, N., Masson, N., Pesenti, M., & Andres, M. (2013). Selective interference of
finger movements on basic addition and subtraction problem solving. Experimental
Psychology, 60(3), 197-205. https://doi.org/10.1027/1618-3169/a000188

Miller, G. A. (2003). The cognitive revolution: A historical perspective. Trends in
Cognitive Sciences, 7(3), 141-144. https://doi.org/10.1016/51364-6613(03)00029-9

Moyer, R. S., & Landauer, T. K. (1967). Time required for judgements of numerical
inequality. Nature, 215, 1519-1520.

Mruczek, R. E. B., von Loga, I. S., & Kastner, S. (2013). The representation of tool and
non-tool object information in the human intraparietal sulcus. Journal of
Neurophysiology, 109(12), 2883-2896. https://doi.org/10.1152/jn.00658.2012

Muraki, E. J., Dahm, S. F., & Pexman, P. M. (2023). Meaning in hand: Investigating
shared mechanisms of motor imagery and sensorimotor simulation in language
processing. Cognition, 240, Article 105589. https://doi.org/10.1016/j.
cognition.2023.105589

Najafi, M., McMenamin, B. W., Simon, J. Z., & Pessoa, L. (2016). Overlapping
communities reveal rich structure in large-scale brain networks during rest and task
conditions. NeuroImage, 135, 92-106. https://doi.org/10.1016/j.
neuroimage.2016.04.054

Naselaris, T., Kay, K. N., Nishimoto, S., & Gallant, J. L. (2011). Encoding and decoding in
fMRI. Neurolmage, 56(2), 400—-410. https://doi.org/10.1016/j.
neuroimage.2010.07.073

Neumann, J. V. (1958). The computer and the brain. Yale University Press.

Newell, A., & Simon, H. A. (1976). Computer science as empirical inquiry: Symbols and
search. Communications of the ACM, 19(3), 113-126. https://doi.org/10.1145/
360018.360022

Newen, A., De Bruin, L., & Gallagher, S. (2018). The Oxford handbook of 4E cognition.
Oxford University Press.

O’Shaughnessy, D. M., Gibson, E., & Piantadosi, S. T. (2021). The cultural origins of
symbolic number. Psychological Review. https://doi.org/10.1037/rev0000289

Passingham, R. E., Stephan, K. E., & Koétter, R. (2002). The anatomical basis of functional
localization in the cortex. Nature Reviews Neuroscience, 3(8), 606-616. https://doi.
org/10.1038/nrn893

Pessoa, L. (2022). The entangled brain: How perception, cognition, and emotion are
woven together. The MIT Press. https://doi.org/10.7551/mitpress/14636.001.0001

Pessoa, L., Medina, L., & Desfilis, E. (2022). Refocusing neuroscience: Moving away from
mental categories and towards complex behaviours. Philosophical Transactions of the


https://doi.org/10.1016/B978-0-12-801871-2.00005-8
https://doi.org/10.1093/cercor/bhp055
https://doi.org/10.1002/hbm.23226
https://doi.org/10.1002/hbm.23226
https://doi.org/10.1016/j.neuroimage.2013.01.006
https://doi.org/10.1016/j.neuroimage.2013.01.006
https://doi.org/10.1016/B978-0-12-385948-8.00014-1
https://doi.org/10.1016/B978-0-12-385948-8.00014-1
https://doi.org/10.1016/j.cortex.2012.04.010
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0115
https://doi.org/10.1098/rstb.2020.0522
https://doi.org/10.1007/BF01063896
https://doi.org/10.1016/j.pneurobio.2007.11.001
https://doi.org/10.1016/j.pneurobio.2007.11.001
https://doi.org/10.1080/02643290244000239
https://doi.org/10.1080/02643290244000239
https://doi.org/10.1016/j.cogbrainres.2003.09.005
https://doi.org/10.1016/j.cortex.2011.05.019
https://doi.org/10.1016/j.nicl.2019.102053
https://doi.org/10.1162/089892903321107819
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0160
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0160
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0160
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0165
https://doi.org/10.1080/02643290442000310
https://doi.org/10.1080/02643290442000310
https://doi.org/10.1016/j.tics.2011.09.003
https://doi.org/10.1016/j.tics.2011.09.003
https://doi.org/10.1080/87565640701360924
https://doi.org/10.1080/87565640701360924
https://doi.org/10.1016/B978-0-12-420133-0.00013-2
https://doi.org/10.1016/B978-0-12-420133-0.00013-2
https://doi.org/10.1001/archneurpsyc.1940.02280080158009
https://doi.org/10.1001/archneurpsyc.1940.02280080158009
https://doi.org/10.1111/j.1468-0017.2006.00285.x
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0200
https://doi.org/10.1109/85.194088
https://doi.org/10.1109/85.194088
https://doi.org/10.1017/S0094837300004310
https://doi.org/10.1016/j.neuropsychologia.2008.10.013
https://doi.org/10.1016/j.neuropsychologia.2008.10.013
https://doi.org/10.1111/j.1469-7580.2005.00426.x
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0225
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0225
https://doi.org/10.3389/fninf.2014.00062
https://doi.org/10.1016/j.neubiorev.2019.05.007
https://doi.org/10.1016/j.neubiorev.2019.05.007
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0240
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0240
https://doi.org/10.1007/BF02872428
https://doi.org/10.1371/journal.pone.0020195
https://doi.org/10.1016/j.neuropsychologia.2017.01.019
https://doi.org/10.1073/pnas.0508107103
https://doi.org/10.1073/pnas.0508107103
https://doi.org/10.1093/cercor/bht115
https://doi.org/10.1080/20445911.2015.1032295
https://doi.org/10.1080/20445911.2015.1032295
https://doi.org/10.1371/journal.pone.0068594
https://doi.org/10.1371/journal.pone.0068594
https://doi.org/10.1037/a0016875
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0285
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0285
https://doi.org/10.1093/brain/122.6.1107
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0295
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0295
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0300
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0300
https://doi.org/10.1093/oxfordhb/9780199642342.013.041
https://doi.org/10.1002/ana.410280502
https://doi.org/10.1002/ana.410280502
https://doi.org/10.1027/1618-3169/a000188
https://doi.org/10.1016/S1364-6613(03)00029-9
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0325
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0325
https://doi.org/10.1152/jn.00658.2012
https://doi.org/10.1016/j.cognition.2023.105589
https://doi.org/10.1016/j.cognition.2023.105589
https://doi.org/10.1016/j.neuroimage.2016.04.054
https://doi.org/10.1016/j.neuroimage.2016.04.054
https://doi.org/10.1016/j.neuroimage.2010.07.073
https://doi.org/10.1016/j.neuroimage.2010.07.073
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0350
https://doi.org/10.1145/360018.360022
https://doi.org/10.1145/360018.360022
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0360
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0360
https://doi.org/10.1037/rev0000289
https://doi.org/10.1038/nrn893
https://doi.org/10.1038/nrn893
https://doi.org/10.7551/mitpress/14636.001.0001

F. Soylu

Royal Society, B: Biological Sciences, 377(1844), 20200534. https://doi.org/10.1098/
rstb.2020.0534

Pezzulo, G., Barca, L., Bocconi, A. L., & Borghi, A. M. (2010). When affordances climb
into your mind: Advantages of motor simulation in a memory task performed by
novice and expert rock climbers. Brain and Cognition, 73(1), 68-73. https://doi.org/
10.1016/j.bandc.2010.03.002

Philbeck, J. W., & Witt, J. K. (2015). Action-specific influences on perception and post-
perceptual processes: Present controversies and future directions. Psychological
Bulletin, 141(6), 1120-1144. https://doi.org/10.1037/a0039738

Poldrack, R. A. (2010). Mapping mental function to brain structure: How can cognitive
neuroimaging succeed? Perspectives on Psychological Science, 5(6), 753-761. https://
doi.org/10.1177/1745691610388777

Poldrack, R. A., Halchenko, Y. O., & Hanson, S. J. (2009). Decoding the large-scale
structure of brain function by classifying mental states across individuals.
Psychological Science, 20(11), 1364-1372. https://doi.org/10.1111/j.1467-
9280.2009.02460.x

Poldrack, R. A., Kittur, A., Kalar, D., Miller, E., Seppa, C., Gil, Y., ... Bilder, R. M. (2011).
The cognitive atlas: Toward a knowledge foundation for cognitive neuroscience.
Frontiers in Neuroinformatics, 5. https://doi.org/10.3389/fninf.2011.00017

Poldrack, R. A., & Yarkoni, T. (2016). From brain maps to cognitive ontologies:
Informatics and the search for mental structure. Annual Review of Psychology, 67(1),
587-612. https://doi.org/10.1146/annurev-psych-122414-033729

Pulvermiiller, F. (2005). Brain mechanisms linking language and action. Nature Reviews
Neuroscience, 6(7), 576-582. https://doi.org/10.1038/nrn1706

Rescorla, M. (2020). The computational theory of mind. In E. N. Zalta (Ed.), The Stanford
encyclopedia of philosophy (Fall 2020). Metaphysics Research Lab: Stanford
University. https://plato.stanford.edu/archives/fall2020/entries/computatio
nal-mind/.

Reuter-Lorenz, P. A., Baynes, K., Mangun, G. R., & Phelps, E. A. (Eds.). (2010). The
cognitive neuroscience of mind: A tribute to Michael S. Gazzaniga: MIT Press.

Roesch, S., & Moeller, K. (2015). Considering digits in a current model of numerical
development. Frontiers in Human Neuroscience, 8. https://doi.org/10.3389/
fnhum.2014.01062

Rourke, B. P., & Conway, J. A. (1997). Disabilities of arithmetic and mathematical
reasoning: Perspectives from neurology and neuropsychology. Journal of Learning
Disabilities, 30(1), 34-46.

Roux, F. E., Boetto, S., Sacko, O., Chollet, F., & Tremoulet, M. (2003). Writing,
calculating, and finger recognition in the region of the angular gyrus: A cortical
stimulation study of Gerstmann syndrome. Journal of Neurosurgery, 99(4), 716-727.

Rumelhart, D. E., & McClelland, J. L. (1986). Parallel distributed processing:
Explorations in the microstructure of cognition: Foundations. The MIT Press. https://
doi.org/10.7551/mitpress/5236.001.0001

Rusconi, E., Tame, L., Furlan, M., Haggard, P., Demarchi, G., Adriani, M., ...
Schwarzbach, J. (2014). Neural correlates of finger gnosis. The Journal of
Neuroscience, 34(27), 9012-9023. https://doi.org/10.1523/JNEUROSCL.3119-
13.2014

Rusconi, E., Walsh, V., & Butterworth, B. (2005). Dexterity with numbers: rTMS over left
angular gyrus disrupts finger gnosis and number processing. Neuropsychologia, 43,
1609-1624. https://doi.org/10.1016/j.neuropsychologia.2005.01.009

Salehzadeh, R., Rivera, B., Man, K., Jalili, N., & Soylu, F. (2023). EEG decoding of finger
numeral configurations with machine learning. Journal of Numerical Cognition, 9(1),
206-221. https://doi.org/10.5964/jnc.10441

Salehzadeh, R., Soylu, F., & Jalili, N. (2023). A comparative study of machine learning
methods for classifying ERP scalp distribution. Biomedical Physics & Engineering
Express, 9(4), Article 045027. https://doi.org/10.1088/2057-1976/acdbd0

Seghier, M. L. M. (2012). The angular gyrus: Multiple functions and multiple
subdivisions. Neuroscientist, 19(1), 43-61. https://doi.org/10.1177/
1073858412440596

Simplicio, H., Gasteiger, H., Dorneles, B. V., Grimes, K. R., Haase, V. G., Ruiz, C,, ...
Moeller, K. (2020). Cognitive research and mathematics education—How can basic
research reach the classroom? Frontiers in Psychology, 11, 773. https://doi.org/
10.3389/fpsyg.2020.00773

11

Acta Psychologica 249 (2024) 104416

Sixtus, E., Krause, F., Lindemann, O., & Fischer, M. H. (2023). A sensorimotor perspective
on numerical cognition. Trends in Cognitive Sciences, 27(4), 367-378. https://doi.
org/10.1016/j.tics.2023.01.002

Sokolowski, H. M., Fias, W., Ononye, C., & Ansari, D. (2017). Are numbers grounded in a
general magnitude processing system? A functional neuroimaging meta-analysis.
Neuropsychologia, November 2016, 1-20. https://doi.org/10.1016/j.
neuropsychologia.2017.01.019

Soylu, F. (2016). An embodied approach to understanding: Making sense of the world
through simulated bodily activity. Frontiers in Psychology, 7(December), 1-10.
https://doi.org/10.3389/fpsyg.2016.01914

Soylu, F., Lester, F. K., & Newman, S. D. (2018). You can count on your fingers: The role
of fingers in early mathematical development. Journal of Numerical Cognition, 4(1),
107-135. https://doi.org/10.5964/jnc.v4i1.85

Soylu, F., & Newman, S. (2016). Anatomically ordered tapping interferes more with one-
digit addition than two-digit addition: A dual-task fMRI study. Cognitive Processing,
17(1), 67-77. https://doi.org/10.1007/s10339-015-0737-2

Sporns, O. (2011). Networks of the brain. MIT Press.. https://doi.org/10.1097/
WNQ.0b013e31820f1a98

Svensson, H., Lindblom, J., & Ziemke, T. (2007). Making sense of embodied cognition:
Simulation theories of shared neural mechanisms for sensorimotor and cognitive
processes. In T. Ziemke, J. Zlatev, & R. Frank (Eds.), Body, language, and mind:
Embodiment (pp. 241-270). Mouton de Gruyter.

Thorndike, E. (1922). The psychology of arithmetic. Macmillan.

Tomasi, D., & Volkow, N. D. (2011). Association between functional connectivity hubs
and brain networks. Cerebral Cortex, 21(9), 2003-2013. https://doi.org/10.1093/
cercor/bhq268

Tunik, E., Ortigue, S., Adamovich, S. V., & Grafton, S. T. (2008). Differential recruitment
of anterior intraparietal sulcus and superior parietal lobule during visually guided
grasping revealed by electrical neuroimaging. Journal of Neuroscience, 28(50),
13615-13620. https://doi.org/10.1523/JNEUROSCI.3303-08.2008

Uddin, L. Q. (2023). A brain network by any other name. Journal of Cognitive
Neuroscience, 35(3), 363-364. https://doi.org/10.1162/jocn_a_ 01925

Uddin, L. Q., Betzel, R. F., Cohen, J. R., Damoiseaux, J. S., De Brigard, F., Eickhoff, S. B.,
... Spreng, R. N. (2023). Controversies and progress on standardization of large-scale
brain network nomenclature. Network Neuroscience, 7(3), 864-905. https://doi.org/
10.1162/netn_a_00323

Uddin, L. Q., Supekar, K., Amin, H., Rykhlevskaia, E., Nguyen, D. A., Greicius, M. D., &
Menon, V. (2010). Dissociable connectivity within human angular gyrus and
intraparietal sulcus: Evidence from functional and structural connectivity. Cerebral
Cortex, 20(11), 2636-2646. https://doi.org/10.1093/cercor/bhq011

Uddin, L. Q., Yeo, B. T. T., & Spreng, R. N. (2019). Towards a universal taxonomy of
macro-scale functional human brain networks. Brain Topography, 32(6), 926-942.
https://doi.org/10.1007/s10548-019-00744-6

Vallortigara, G., Lorenzi, E., Messina, A., & Perrino, M. (2022). Magnitudes for nervous
systems: Theoretical issues and experimental evidence. Current Directions in
Psychological Science, 31(5), 405-410. https://doi.org/10.1177/
09637214221102146

Varela, F. J., Thompson, E., & Rosch, E. (1991). The embodied mind. MIT Press.

Walters, J., King, M., Bissett, P. G., Ivry, R. B., Diedrichsen, J., & Poldrack, R. A. (2022).
Predicting brain activation maps for arbitrary tasks with cognitive encoding models.
Neurolmage, 263, Article 119610. https://doi.org/10.1016/j.
neuroimage.2022.119610

Watson, J. B. (1913). Psychology as the behaviorist views it. Psychological Review, 20(2),
158-177.

Yeo, B. T., Krienen, F. M., Eickhoff, S. B., Yaakub, S. N., Fox, P. T., Buckner, R. L., ...
Chee, M. W. L. (2015). Functional specialization and flexibility in human association
cortex. Cerebral Cortex, 25(10), 3654-3672. https://doi.org/10.1093/cercor/
bhu217

Yeo, B. T., Krienen, F. M., Sepulcre, J., Sabuncu, M. R., Lashkari, D., Hollinshead, M., ...
Buckner, R. L. (2011). The organization of the human cerebral cortex estimated by
intrinsic functional connectivity. Journal of Neurophysiology, 106(3), 1125-1165.
https://doi.org/10.1152/jn.00338.2011


https://doi.org/10.1098/rstb.2020.0534
https://doi.org/10.1098/rstb.2020.0534
https://doi.org/10.1016/j.bandc.2010.03.002
https://doi.org/10.1016/j.bandc.2010.03.002
https://doi.org/10.1037/a0039738
https://doi.org/10.1177/1745691610388777
https://doi.org/10.1177/1745691610388777
https://doi.org/10.1111/j.1467-9280.2009.02460.x
https://doi.org/10.1111/j.1467-9280.2009.02460.x
https://doi.org/10.3389/fninf.2011.00017
https://doi.org/10.1146/annurev-psych-122414-033729
https://doi.org/10.1038/nrn1706
https://plato.stanford.edu/archives/fall2020/entries/computational-mind/
https://plato.stanford.edu/archives/fall2020/entries/computational-mind/
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0425
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0425
https://doi.org/10.3389/fnhum.2014.01062
https://doi.org/10.3389/fnhum.2014.01062
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0435
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0435
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0435
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0440
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0440
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0440
https://doi.org/10.7551/mitpress/5236.001.0001
https://doi.org/10.7551/mitpress/5236.001.0001
https://doi.org/10.1523/JNEUROSCI.3119-13.2014
https://doi.org/10.1523/JNEUROSCI.3119-13.2014
https://doi.org/10.1016/j.neuropsychologia.2005.01.009
https://doi.org/10.5964/jnc.10441
https://doi.org/10.1088/2057-1976/acdbd0
https://doi.org/10.1177/1073858412440596
https://doi.org/10.1177/1073858412440596
https://doi.org/10.3389/fpsyg.2020.00773
https://doi.org/10.3389/fpsyg.2020.00773
https://doi.org/10.1016/j.tics.2023.01.002
https://doi.org/10.1016/j.tics.2023.01.002
https://doi.org/10.1016/j.neuropsychologia.2017.01.019
https://doi.org/10.1016/j.neuropsychologia.2017.01.019
https://doi.org/10.3389/fpsyg.2016.01914
https://doi.org/10.5964/jnc.v4i1.85
https://doi.org/10.1007/s10339-015-0737-2
https://doi.org/10.1097/WNQ.0b013e31820f1a98
https://doi.org/10.1097/WNQ.0b013e31820f1a98
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0510
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0510
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0510
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0510
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0515
https://doi.org/10.1093/cercor/bhq268
https://doi.org/10.1093/cercor/bhq268
https://doi.org/10.1523/JNEUROSCI.3303-08.2008
https://doi.org/10.1162/jocn_a_01925
https://doi.org/10.1162/netn_a_00323
https://doi.org/10.1162/netn_a_00323
https://doi.org/10.1093/cercor/bhq011
https://doi.org/10.1007/s10548-019-00744-6
https://doi.org/10.1177/09637214221102146
https://doi.org/10.1177/09637214221102146
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0555
https://doi.org/10.1016/j.neuroimage.2022.119610
https://doi.org/10.1016/j.neuroimage.2022.119610
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0565
http://refhub.elsevier.com/S0001-6918(24)00293-2/rf0565
https://doi.org/10.1093/cercor/bhu217
https://doi.org/10.1093/cercor/bhu217
https://doi.org/10.1152/jn.00338.2011

	A new ontology for numerical cognition: Integrating evolutionary, embodied, and data informatics approaches
	1 The impact of the information processing approach on numerical cognition
	1.1 Cognitive neuroscience research on numerical cognition

	2 The body and mathematics relation: evolutionary and embodied perspectives
	3 What is missing in numerical cognition models?
	3.1 Magnitude processing and the IPS
	3.2 The role of angular gyrus in numerical cognition

	4 How to develop a new cognitive ontology
	4.1 Implementation of data analytics approaches
	4.2 Exploring sensorimotor functions through an evolutionary lens
	4.3 Charting the course for future research

	5 Conclusion
	CRediT authorship contribution statement
	Declaration of competing interest
	Data availability
	Acknowledgments
	References


