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Abstract

Autism spectrum disorder (ASD) is highly heterogeneous, with motor functioning

being a core yet underexplored domain possibly influencing phenotypic variability.

Understanding the genetic underpinnings remains a significant challenge. In the following

study, we investigated whether a multi-step, data-driven analysis could identify gene sets

with differing loads of protein-altering variants (PAVs) between two subgroups of autistic

children stratified by high versus low motor risk as assessed via the Developmental

Coordination Disorder Questionnaire (DCDQ). From the larger project "Progetto

Mosaico", a total of 62 children (mean age = 8.24 years) were chosen, with DNA

extracted from blood or saliva samples. Gene set variant enrichment analysis was

conducted to identify sets with significantly different PAV incidence between groups.

These sets were clustered into functional modules, and their spatio-temporal brain

expression was examined using the BrainSpan Atlas of the Developing Human Brain.

Modules were further extended by incorporating genes co-expressed or physically

interacting with the original clusters, and enrichment for ASD susceptibility genes

was evaluated. Results revealed distinct modules associated with neurodevelopmental

processes, synaptic communication, motor-related pathways and other biological

processes. These modules displayed specific expression patterns across developmental

stages, supporting their potential contribution to phenotypic variability within ASD.

Overall, our findings highlight the relevance of motor-related genetic architecture in

shaping autism heterogeneity and suggest that non-core motor features can serve as

objective anchors for subtyping, providing novel insights into the biological mechanisms

underlying ASD diversity.

Keywords: Autism Spectrum Disorder (ASD); motor functioning; heterogeneity;

protein-altering variants (PAVs); gene set enrichment analysis.
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1 Introduction

1.1 Historical & Epidemiological Background

Autism Spectrum Disorder (ASD) is a condition included within the broader category of

Neurodevelopmental Disorders (NDD), characterized by deficits in social interaction and

excessive, restricted and repetitive behaviors (American Psychiatric Association, 2022).

The use of the term spectrum reflects the highly heterogeneity across its phenotypic

presentation, on distinct levels of analysis both cultural and social, as well as at a deeper

level of genetic and neurophysiology (Lord et al., 2020; Lord et al., 2022; Masi et al.,

2017).

The first use of the term as a diagnostic label, is attributed to Kanner (1943) after

conducting a study on a group of 11 children aged 2-10 years, whose behavior exhibited

recurring characteristics within the group, such as hyper-sensitivity to stimuli or delayed

echolalia. Over time, scientific research has substantially advanced our understanding of

this intricate topic, leading to the overcoming of outdated theories such as Bettelheim’s

"Refrigerator Mother" hypothesis, which erroneously attributed the child’s difficulties to

the mother’s emotional coldness (Bettelheim, 1999), in favor of a more comprehensive

and multifaceted description of the phenomenon (Jacob et al., 2019).

Moreover, there is an ongoing debate among different stakeholders about whether

autism should be considered a medical disability or a different manifestation of human

behavior and a diversity in their neurophysiology - a concept classified as neurodiversity.

On a basic etymological level, neurodiversity may be defined as "the idea that the human

brain can be wired in a variety of ways, none of them inherently superior" (Antze, 2010).

On this topic, the discussion refers to the prominent neurodiversity movement and autistic

advocacy, which argue for a de-pathologized view of autism and instead emphasize a social

identity grounded in rights-based advocacy and a distinct social model of development

(Milton, 2017). Autism thus becomes increasingly associated with well-established

conceptualizations of individual differences within developmental science, rather than

being framed solely as a pathological category (Green, 2023), consequently moving further

away from the over-medicalization and a deficit-centered view, that the Western biomedical

community tends to cherish (Anderson-Chavarria, 2021). At the same time, many autistic

individuals have profound needs and are vulnerable to harm and marginalization, and many
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struggle with their difficulties, feeling excluded from society (Lord et al., 2022), leading

some to an inquiry of a complete cure or at least something to ease their symptomatology.

Since being autistic comes with a plethora of issues such as, a significant increase in

depression and suicide rates (Casten et al., 2023; Hedley & Uljarević, 2018; Hirvikoski

et al., 2016; O’Halloran et al., 2022), co-occurrence to other psychiatric conditions

(e.g: schizophrenia spectrum disorders, affective disorders, anxiety disorders) (American

Psychiatric Association, 2022; Jokiranta-Olkoniemi et al., 2016; Lai et al., 2019) as well

as physiological ones (e.g: epilepsy and gastrointestinal disorders) (Davignon et al., 2018)

or intellectual disabilities (Clark & Adams, 2022), having the correct accommodation or

something that could "cure" this, might be quite appealing to some.

It is crucial to emphasize, that our objective should lie in the middle of these

discussions, focusing on actually listening to autistic voices, rather than strictly following

a classical medical strategy and widen our approach, taking in consideration unbiased

observations and therapeutical techniques in order to destigmatize and to promote a better

understanding of ASD people. To paraphrase Professor Davide Liccione (2019), autistic

individuals possess a "way of being in the world" that is totally different from non-autistic

ones. Therefore, we should not try to impose the "typical" way of existing that corresponds

to the experiences of the majority of people. On the contrary, we should try to understand

these different modalities of existence, thus allowing for better mediation between the

world of an autistic person and that of other people.1

Before delving deeper into the main topic, it is essential to establish the underlying

framework, in order to ensure a comprehensive understanding of the topic. Following

the DSM-V-TR (2022) definition, NDDs are a group of conditions with onset during the

developmental period which typically manifest early in childhood. They are characterized

by developmental deficits or differences in brain processes that result in impairments in

different domains (E.g.: personal, social, academic, or occupational). In addition to ASD,

among them we can find other disorders, such as Attention Deficit/Hyperactivity Disorder

(ADHD), Specific Learning Disorder (SLD) and Language Disorder (LD). While, NDDs

exhibit significant heterogeneity regarding their clinical features, etiology, responses

to treatment, and outcomes, grouping them under the same classification proves to be

clinically useful for both assessment and intervention (Thapar et al., 2017).

1Due to lack of time and space, I will not go into detail about the perspective described by professor Liccione,
for further information, please refer to his work.
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Beyond clinical complexity, trying to capture the societal dimension is equally

challenging. Consequently, epidemiological data on NDDs often display substantial

variability, especially when considering that they encompass a broad group of disorders

rather than a single, uniform condition. Some estimates suggest a prevalence of 2-4%

of the world population (Sabariego-Navarro et al., 2022), while others indicate global

fluctuations between 4.70% and 88.50% (Francés et al., 2022). The authors of this

review explain that these vast discrepancies may be attributed to differences in diagnostic

criteria, assessment tools, and socio-contextual factors, which have led to inconsistencies

across studies and countries. The inconsistency in prevalence rates could also be

significantly influenced by the common occurrence of comorbidities among NDDs. For

example, although ASD has been associated with different NDDs, ADHD is consistently

recognize as one of the most common comorbid disorders, with a prevalence ranging

from 50% to 70% (Rong et al., 2021). It is well established that NDDs frequently

co-occur (Lundström et al., 2015; Thapar et al., 2017), and although the etiology of

this co-occurrence is not well understood, some observations have implicated shared

genetic liability between neurodevelopmental conditions (Hegemann et al., 2024). The

overlapping symptomatology between these different conditions often complicates the

diagnostic process, leading to the potential over- or under- estimation of specific disorders

(Castro et al., 2026).

ASD’s data follow a similar trend. One of the first epidemiological reports was recorded

by Victor Lotter (1966) in the United Kingdom, where he identified a prevalence of 4.5

cases per 10,000 children. Over time, numerous studies have reported widely varying

results. Globally, the prevalence of ASD is estimated to be around 1% (Castro et al., 2026;

Zeidan et al., 2022), although the figures vary depending on region and methodology. In

their meta-analysis, Salari et al., (2022) found that the estimated global prevalence was

0.6%, with regional variations of 0.4% in Asia, 1% in the Americas and Africa, 0.5%

in Europe, and up to 1.7% in Australia. In the United States, data from the Autism and

Developmental Disabilities Monitoring show a substantial increases in prevalence among

8-year-old children, from 6.7 per 1,000 in 2000 (ADDM & CDC, 2007) to 18.5 per 1,000

in 2016 (Maenner et al., 2020), within the 11 monitored sites.2 More recent analysis

shows that the prevalence was 23.0 per 1,000 (one in 44) children aged 8 years, with a

2Locations available on https://www.cdc.gov/autism/addm-network/sites.html
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male-to-female ratio of 4.2:1 (Maenner et al., 2021).

In Italy, epidemiological evidence shows trends that appear to be consistent with those

of other western countries. A study carried out in the province of L’Aquila using data from

the Autism Register of the Regional Reference Center for Autism (CRRA), reported an

overall crude prevalence of 0.95% for individuals born between 2001 and 2015. Notably,

their results reveal that the cumulative prevalence of autism diagnosis remains largely stable

over time, suggesting that observed changes are primarily due to earlier diagnosis rather

than an actual increase in cases (Valenti et al., 2019). Similarly, another study conducted

in the province of Pisa estimated a prevalence of 1.15% school-aged children (7-9 years

old), aligning with the European average. However, when only certified diagnosis were

taken into consideration the rate was approximately 0.79%, demonstrating how diagnostic

access and reporting systems used during studies can influence the prevalence estimates

(Narzisi et al., 2018). Moving towards the national level, the Italian Ministry of Health in

collaboration with the Istituto Superiore di Sanità and the Ministry of Education reported

a prevalence of 1.30% children aged 7–9 years between 2016 and 2018 (Scattoni et al.,

2023) with a male-to-female ratio (4.4:1) consistent with data from the U.S. (Baio et al.,

2018; Maenner et al., 2021). More importantly, Scattoni and colleagues found regional

variability among the country, with higher rates in central Italy and lower rates in the

south. As explained by the writers, this pattern may be influenced by socio-economic and

environmental factors, as well as disparities in healthcare access (Scattoni et al., 2023).

Overall, these findings suggest that Italy’s prevalence data for ASD are comparable to

international figures, yet there exists some variability that persists across regions and age

groups, underlying the need for consistent national surveillance systems and harmonized

diagnostic procedures.

Furthermore, beyond geographical and methodological differences, another critical

issue concerning the persistent sex bias in autism diagnosis can be observed from the

aforementioned data. Even though other studies estimate a lower prevalence (3:1)

(Loomes et al., 2017), the sex difference remains notable. While the reason for the

male preponderance it’s not completely understood, it is likely to be multifactorial. The

literature about this topic appears to be quite contradictory, as some studies observe sex

differences in the symptomatology (Werling & Geschwind, 2013), while others don’t

(Nasca et al., 2020). Nevertheless, a point of convergence among different stakeholders
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is that autistic males tend to exhibit higher levels of externalizing behaviors—such as

aggression, hyperactivity, and especially restricted or repetitive behaviors—compared to

autistic females (Breach & Lenz, 2023; Wiggins et al., 2021). This, combined with

generally subtler socio-communicative difficulties among women (Lai et al., 2011) may

be one of the reason for this underrepresentation.

Another reason for this effect may reside in the so called camouflaging, defined as one’s

ability to mask their typical autistic behaviors that are considered socially unacceptable

and/or performatively offer socially acceptable behaviors (Lai et al., 2017). Examples of

camouflaging include: increasing eye contact during conversation, using learned phrases

or pre-prepared jokes in conversation, mimicking other’s social behavior, imitating facial

expressions or gestures, and learning and following social scripts (Lai & Baron-Cohen,

2015). This pattern seems to be more present in women (Rynkiewicz et al., 2016), and

might be a result of the higher social pressure that women go through. In addition,

adolescent autistic females have been shown to be better at using subtle language skills

compared to males and the use of more vivid gestures (Corbett et al., 2021). Taken together,

these elements contribute to a diagnostic framework that remains insufficiently sensitive

to the female autism phenotype (Hull et al., 2020). Importantly, this disproportionate

under-identification also results in less research conducted in this group to address the issue

of sex/gender-related differences in functioning or their unique clinical manifestation.

Furthermore, significant limitation concerns the inconsistent findings surrounding the

characterization of the female ASD phenotype (Young et al., 2018). In most studies, the

women included have received an ASD diagnosis based on criteria primarily developed

from the male presentation of the condition (Tubío-Fungueiriño et al., 2021). As a

result, the available evidence on the female ASD phenotype may fail to capture potential

behavioral and symptom-related differences that diverge from the traditional ASD profile

(Hiller et al., 2014). Nonetheless, progress has been made in addressing these challenges.

For example, clinical services specifically tailored for autistic women have begun to

emerge, along with the development of assessment tools designed to analyze autistic

traits in women. These include the Questionnaire for Autism Spectrum Conditions

(Q-ASC), which incorporates more gender-sensitive criteria (Simcoe et al., 2018), and

the Camouflaging Autistic Traits Questionnaire (CAT-Q), which evaluates camouflaging

behaviors (Hull et al., 2019).
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1.2 Diagnosis & Symptomatology

According to the DSM-V-TR (2022), as of today, the latest edition of the manual, the

diagnostic criteria for ASD are defined as follows:

A. Persistent deficits in social communication and social interaction across

multiple contexts, as manifested by all of the following, currently or by history

(examples are illustrative, not exhaustive; see text):

1. Deficits in social-emotional reciprocity, ranging, for example, from

abnormal social approach and failure of normal back-and-forth

conversation; to reduced sharing of interests, emotions, or affect;

to failure to initiate or respond to social interactions.

2. Deficits in nonverbal communicative behaviors used for social

interaction, ranging, for example, from poorly integrated verbal

and nonverbal communication; to abnormalities in eye contact and

body language or deficits in understanding and use of gestures; to

a total lack of facial expressions and nonverbal communication.

3. Deficits in developing, maintaining, and understanding relationships,

ranging, for example, from difficulties adjusting behavior to suit

various social contexts; to difficulties in sharing imaginative play

or in making friends; to absence of interest in peers.

B. Restricted, repetitive patterns of behavior, interests, or activities, as

manifested by at least two of the following, currently or by history (examples

are illustrative, not exhaustive; see text):

1. Stereotyped or repetitive motor movements, use of objects, or

speech (e.g., simple motor stereotypies, lining up toys or flipping

objects, echolalia, idiosyncratic phrases).
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2. Insistence on sameness, inflexible adherence to routines, or

ritualized patterns of verbal or nonverbal behavior (e.g., extreme

distress at small changes, difficulties with transitions, rigid thinking

patterns, greeting rituals, need to take same route or eat same food

every day).

3. Highly restricted, fixated interests that are abnormal in intensity

or focus (e.g., strong attachment to or preoccupation with unusual

objects, excessively circumscribed or perseverative interests).

4. Hyper- or hyporeactivity to sensory input or unusual interest in

sensory aspects of the environment (e.g., apparent indifference to

pain/temperature, adverse response to specific sounds or textures,

excessive smelling or touching of objects, visual fascination with

lights or movement).

C. Symptoms must be present in the early developmental period (but may not

become fully manifest until social demands exceed limited capacities or may

be masked by learned strategies in later life).

D. Symptoms cause clinically significant impairment in social, occupational,

or other important areas of current functioning.

E. These disturbances are not better explained by intellectual developmental

disorder (intellectual disability) or global developmental delay. Intellectual

developmental disorder and autism spectrum disorder frequently co-occur;

to make comorbid diagnoses of autism spectrum disorder and intellectual

developmental disorder, social communication should be below that expected

for general developmental level.

According to this description of symptoms, in ASD, the primary deficits mainly fall

into two distinct areas: social interaction and communication (criterion A) and motor skills

and interests (criterion B). Respectively, we can observe behaviors such as the inability

to uniformly use gaze, facial expressions, and gestures to regulate social interaction;

repetitive and stereotyped use of words or phrases out of context; compulsive adherence

to behavioral routines or rituals and repetitive interests that are unusual in both content
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and nature (Barone, 2019). These deficits can already be observed in children from the

second year of life. Interestingly, these two seemingly diverse aspects, actually interact

with one another.

The potential role of motor skills in ASD

Motor skills in children at risk for developing ASD are associated with delays in

communication abilities at 18 months of age (Bhat et al., 2012), as well as difficulties

in processing gaze direction and facial expressions at ages 5-7 (Leonard & Hill, 2014).

Similarly, limited abilities in gross motor skills (i.e., movement involving large muscle

groups) have been shown to correlate with poorer interpersonal coordination (Fitzpatrick

et al., 2017) and a reduced participation in social activities in children and adolescents

(Jarus et al., 2011). While both of these aspects strongly characterizes autistic individuals,

albeit with different levels of impact on daily functioning, among the scientific community

there has traditionally been greater attention to the social domain than to the motor one.

Most studies have focused on high-level theory of mind abilities (i.e., the capability to

impute mental states to oneself and to others, usually referred to as “mindreading” or

“mentalizing”) (Heyes & Frith, 2014; Koster-Hale & Saxe, 2013), and only in recent years

has the motor dimension begun to receive increased consideration.

Among motor-related features, motor stereotypies (MS) represent some of the most

commonly observed behaviors in early childhood (typically before age three) and occur

in autistic and non-autistic children, and vary in intensity from mild to safety-concerning

(Melo et al., 2020). They consist of habitual rhythmic and repetitive movements of fingers,

hands, or other body parts (e.g, bilateral flapping or rotating hand movements, finger

flicking, jumping, arm waving, or head nodding) (Chawarska et al., 2025). MS are defining

symptoms of stereotypic movement disorder (SMD) and occur frequently with a variety

of neurodevelopmental conditions, including ASD and intellectual disability (ID), other

neurodevelopmental conditions, as well as in children without frank social or cognitive

concerns (Fernandez et al., 2023; Keating et al., 2023; Larkin et al., 2017; Uljarević

et al., 2017). Within this framework, MS, as well as other specific motor symptoms, may

indicate a common denominator across different disorders, encouraging the development

of a transdiagnostic investigations aimed at improving diagnostic precision to inquiry

the possibility of a shared pathophysiology (Pacheco et al., 2022; Walther & Mittal,
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2022). Moreover, large cohort analyses (e.g., SPARK) report that 85–87% of autistic

children score in the at-risk range for motor impairment on parent-report screening, and

population-based research has found similarly high rates (Bhat, 2020; Bhat et al., 2022;

Ketcheson et al., 2021; Licari et al., 2020).

Beyond MS, autistic children commonly present difficulties in visuomotor coordination,

balance, gait, fine-motor dexterity, and motor planning across childhood and adolescence,

with limited improvement over time (Bhat, 2020). Importantly, motor measures, both

clinician-observed and parent-reported, predict core ASD features (social-communication

delays, repetitive behavior severity) and co-occurring outcomes (language, cognitive,

and functional delays), even after accounting for age, sex, and, to some extent, cognitive

level (Bhat, 2021; Bhat et al., 2022; Ketcheson et al., 2021). The etiology of these

phenomena remains uncertain, but current evidence suggests that biological and genetic

mechanisms play a key role. Indeed, neurobiological and genetic evidence indicates

shared mechanisms underlying these atypical features. For instance, animal and human

studies implicate the basal ganglia and cerebellar dysfunction, as well as disruptions

in corticostriatal-thalamo-cortical circuits (Canales & Graybiel, 2000; Dean et al.,

2022; Péter et al., 2017). Furthermore, volumetric striatal alterations and imbalanced

corticostriatal connectivity have also been reported (Abbott et al., 2018; Augustine et al.,

2021; Langen et al., 2009; Mahone et al., 2016). In addition, dysregulated dopaminergic

and GABAergic signaling in relevant brain regions contributes to MS expression, as

well as other atypical motor behaviors (Harris et al., 2016). Moreover, different studies

suggests the presence of familial aggregation and genetic associations that further support

the biological basis of these effects (Cantor et al., 2018; Evans et al., 2017; Fernandez

et al., 2023).

Beside these diverse clinical/empirical observation, the study of motor function could

offer several advantages for ASD research. Mainly, the motor system can be more easily

assessed in comparison to other complex cognitive function, given the limited demands

of motor task (Crippa et al., 2021). Lastly, motor abilities can be quantified precisely

using methods such as kinematic analysis, offering therefore more objective measures in

comparison with questionnaires or qualitative behavioral observation (R. B. Wilson et al.,

2018). For instance, Crippa et al., (2015), used a Support Vector Machine (SVM) model

to analyze data from a reach-to-grasp task in preschool children with ASD, finding that
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seven of the 17 kinematic features measured were sufficient to classify autism with 96.7%

accuracy. In light of these different evidence reported by the scientific community, and

being motor impairments pervasive across the spectrum, different authors suggest to posit

a more central diagnostic role and even considering motor impairment as an ASD specifier

to better integrate motor assessment and intervention into clinical care (Belmonte, 2022;

Chawarska et al., 2025; Pacheco et al., 2022; Walther & Mittal, 2022).

Noticeably, within most of the literature cited in this work, a trend appears among them:

their differentiation criteria for ASD is primarily focused on how the core symptoms of

social-communication (SC) and restricted repetitive behavior (RRB) manifest amidst the

autistic population, rather than non-core features such as language, intellectual, motor, and

adaptive functioning (as an acronym ‘LIMA’). As observed by Happé and Frith (2020), this

core-symptom-centered perspective may have been adequate in the past; however, today

ASD is mainly characterized by people with varying and/or subtler core SC and RRB

issues, but whom are much more likely to not have profound symptoms in LIMA. In light

of the shifting perspective, some authors (Mandelli, Severino, et al., 2024) suggests that

autism should be conceptualized as a set of distinct autisms primarily differentiated by the

non-core LIMA features. Starting from the already mentioned debate on the terminology

(disability or diversity) they propose an initial distinction between two highly differentiated

early developmental and behavioral types: a form of profound disability (Type I) and a

form of difference (Type II). These two types are hypothesized to diverge most prominently

across development. By bringing together these three defining dimensions -disability

versus difference over development- they introduce the AUTISMS-3D framework (A3D).

Quoting directly the authors:

"The A3D model suggests that when one focuses on the non-core LIMA

features, autism can be thought of as at least two different types that contrast

disability versus difference over development."3

The key aspects of this model are the distinction of the two autism types, but mainly

how these characteristics develop over time. Another way that it separates itself from

other approaches is not relying on subjective expert clinical judgement. Although expert

clinical judgment remains the gold standard for diagnosing autism itself, A3D predicts

3Mandelli, Severino, et al., 2024, p. 2
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that, when it comes to identifying subtype distinctions, those based on LIMA features

will manifest as robust statistical differences that unsupervised, data-driven models can

detect with remarkably high generalizability. Without going into too many details, what

we can draw from this is that the motor domain, as well as the other traits, are getting

more attention showing how they can be helpful in diagnostic procedures, in scientific

research and reducing ASD heterogeneity. In line with this view, empirical evidence shows

that motor functioning allows the identification of distinct autism subgroups that differ

systematically in developmental trajectories. Such findings support the A3D assumption

that non-core LIMA features capture meaningful dimensions of variability within the

autism spectrum and can therefore serve as objective anchors for distinguishing subtle and

intricate differences over development (Mandelli, Landi, et al., 2024).

Etiopathological aspects of ASD

As briefly mentioned before, ASD etiology represents one of the most intricate points

of research on this topic. Although still not completely understood, some aspects are

undeniably linked to autism, such as genetic factors. Even though genetics is not the only

factor involved -for instance, environmental influences also contribute- it undoubtedly

plays a key role in its representation. In fact, the heritability of the condition is quite high,

with estimates ranging between 64% and 91% (Bai et al., 2019; Huguet et al., 2016), with

some studies reporting variability between males and females (around 87.0% for males and

75.7% for females) (Sandin et al., 2024). Over the past years, the use of genetic analyses as

a lens to investigate ASD has gained increasing popularity. For instance, different authors

analyzed the possible genetic link between ASD and other comorbidities/symptoms. As

stated before in this work, ASD individuals are more susceptible to suicidal ideations

and, even among the general population, suicide risk is partly genetic in its nature, with

heritability estimates ranging from 17% to 55% (Vaquero-Lorenzo & Vasquez, 2020).

However, a study conducted by William and colleagues (2021) highlights a potential

overlap between the biology of suicide and autism, identifying several mutations in

the NRXN1 gene, which are know to be a risk factor for autism (Kasem et al., 2018;

Südhof, 2017; Williams et al., 2019). Furthermore, thanks to continuous advancement

in biotechnology, hundreds of de-novo and rare inherited variants have been identified as

major contributors to individual autism risk (Choi & An, 2021; De Rubeis et al., 2014;
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Satterstrom et al., 2020), and some studies report paternal origins (Huguet et al., 2013).

To clarify, de-novo variants are defined as:

A term used to describe a change in the DNA sequence of a gene that is seen

for the first time in a person and has not appeared in previous generations.4

Nevertheless, several studies have shown that also common genetic variants -those

frequently found in the general population- contribute substantially to autism heritability,

albeit with a smaller effect compared to de novo and rare inherited variants (Gaugler et al.,

2014; Grove et al., 2019). Consequently, it’s safe to assume that autism is highly heritable

and polygenic, with both rare and common variants playing crucial roles (Cirnigliaro et al.,

2023). Over the last decade, research has increasingly exploited this genetic heterogeneity

to dissect phenotypic diversity, linking specific genotypes to distinct clinical features of

autism (Bertelsen et al., 2021; Di Giovanni et al., 2023; Jeste & Geschwind, 2014).

Regardless of these findings, it’s important to note that, even though it has been observed

that the burden of de novo mutations affecting genes expressed in the brain is higher in

individuals with ASD, none of the identified genes individually account for more than 1%

of ASD individuals (Huguet et al., 2013). Many of the genes associated with ASD are

typically involved in common biological processes and pathways, such as regulation of

gene expression (e.g., chromatin modification and alternative splicing), brain development,

synaptic neuronal communication, and the formation and function of neurons and synapses

(Duda et al., 2018; Shen et al., 2020).

One of the most widely used approach to study gene expressions, namely individual

gene analysis (IGA), focuses on individual genes and their significance between two groups

of samples compared (Nam & Kim, 2008). Given the complexity and heterogeneity of this

disorder, one of the main challenges to tackle when designing studies through the genetic

lens, is the need of thousands of participants in order to try to identify the functional

consequences of autism-related genes. Another issue may stand in the difficulties in

analyzing single genes individually and their expression on the macroscopic scale. IGA

typically yields a list of altered genes from a cutoff threshold (Nam & Kim, 2008), however

this gives rise to some limitations; first, the cutoff threshold is usually chosen arbitrarily,

which in term affects the final result of IGA (Breslin et al., 2004), second, many genes with
4Definition available at:
https://www.cancer.gov/publications/dictionaries/cancer-terms/def/de-novo-variant
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a minor/moderate expression changes are discarded because of the chosen cutoff value,

which leads to a reduction in statistical prowess (Ben-Shaul et al., 2005; Breslin et al.,

2004).

Considering these different important aspects, some alternative approach arised in

order to overcome the aforementioned limitations. With this interest in mind, gene set

analysis (GSA) becomes applicable to different types of genetical studies. GSA shifts

the focus from single genes to networks of genes converging on biologically relevant

processes. Gene sets are composed of genes sharing a common function, defined based on

various criteria such as membership in certain biological pathways or being co-expressed

together under a certain condition (Maleki et al., 2020; Subramanian et al., 2005), which

are gathered into different databases.5 The primary aim of gene set analysis is to identify

enrichment (more expression activity) or depletion (less expression activity) of expression

levels of a given gene set (Maleki et al., 2020).

Following the previous studies by Scaccabarozzi et al., (2025), this work explores

whether a multi-step unbiased analysis could identify gene sets relevant to autism

motor-subtyping and functionally characterise them in terms of biological processes. To

better understand our base framework and the methodology utilized in our study, it would

be reasonable to further introduce the foremost research. Scaccabarozzi and colleagues

investigated if data-driven analysis could identify sets of genes with differential loads

of protein-altering variants (PAVs) between two subgroups of autistic children stratified

by intelligence quotient (IQ). Dividing a sample of 71 autistic children aged 3–12 years

into a higher IQ subgroup (IQ >80, n=43) and a lower IQ subgroup (IQ ≤80, n=28),

the authors screened participants’ DNA through targeted next-generation sequencing

of approximately 5,200 disease-associated genes and performed a gene set variants

enrichment analysis (GSVEA) across nearly 30,000 functionally characterised gene sets.

Significant gene sets were hierarchically clustered into functional modules, whose brain

expression profiles were characterised using the BrainSpan Atlas of the Developing

Human Brain, and each module was further extended by incorporating genes showing

both physical protein-protein interactions and significant spatio-temporal co-expression

in the developing brain.

5Examples of database: MSigDB (Subramanian et al., 2005), GeneSigDB (Culhane et al., 2012), and
GeneSetDB (Araki et al., 2012)
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Their analysis yielded 38 significant gene sets (FDR q<0.05), clustering into four

functional modules involving ion cell communication, neurocognition, gastrointestinal

function, and immune system, each displaying distinct brain expression patterns

across neurodevelopmental stages. When extended through co-expressed interactors,

high-confidence SFARI autism susceptibility genes were significantly overrepresented

within these modules (OR=2.296, p=0.0001), providing preliminary evidence that autism

phenotypic variability likely originates from multiple interacting biological pathways

rather than independent disrupted cascades.

Building on this framework, since we intended to evaluate gene sets’ cumulative effects,

we considered all PAVs, regardless of both their frequency in the population and their effect

on the proteins. In order to achieve it, we posed different objectives. Firstly, we divided

the clinical sample of autistic children into two subgroups based on their standardized

scores of high/low motor risk. Using a data-driven enrichment analysis we then identified

gene sets with diverse load of PAVs between participants. These acquired gene sets

were clustered into modules based on their PAVs enrichment and the biological processes

that best characterized them. Subsequently, we named them to facilitate explanations

and analysis. Next, to investigate the functional relevance of the identified modules, we

examined their expression patterns across brain regions and developmental stages using

the BrainSpan Atlas of the Developing Human Brain6 and, lastly, we assessed whether

genes within the modules, as well as those in the extended set of co-expressed interacting

genes, were enriched for candidate genes strongly associated with autism susceptibility

based on data from the Simons Foundation Autism Research Initiative database7, which

continuously integrates genetic evidence from multiple research studies.

6Available at https://www.brainspan.org/
7Available at https://www.simonsfoundation.org/
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2 Materials and Methods

Participants were recruited at the Child Psychopathology Unit of Scientific Institute,

IRCCS Eugenio Medea (Bosisio Parini, Italy), over a 36-month period between July 2016

and July 2019, as a part of a larger study (“Progetto Mosaico”; Crippa et al., 2021). Autistic

children were admitted to inpatient/outpatient units of our institute either for assessment

or for rehabilitation programs. From this pool of participants, a total of 62 autistic

children (mean age = 8.24 years, SD = 1.94) were selected for inclusion in the present

study based on the availability of Developmental Coordination Disorder Questionnaire

data. All participants had been previously diagnosed at E. Medea institute on the basis

of a consensus “best estimate” DSM-5 clinical diagnostic process informed by, but not

dependent on, scores on the Autism Diagnostic Observation Schedule-Second Edition

(ADOS-2) (Lord et al., 2012).

All participants also underwent an IQ evaluation, with specific assessment tools

chosen according to participants’ developmental level among the Griffiths Mental

Development Scales (Griffiths, 1984), Wechsler Preschool and Primary Scale of

Intelligence (WPPSI-III) (Wechsler, 2002), and Wechsler Intelligence Scale for

Children-IV (WISC-IV) (Wechsler, 2012). Exclusion criteria included: well-defined

genetic disorder, use of medication affecting the central nervous system, the presence of

significant sensory impairment (e.g., blindness, deafness), abnormalities detected by MRI,

and suffering from chronic or acute medical illness. All participants were drug-naïve. All

of the participants’ parents or legal guardians signed the informed written consent before

the children’s participation.

Participants’ motor skills were assessed using the Movement Assessment Battery for

Children 2 (MABC2; (Biancotto et al., 2017)), the Developmental Coordination Disorder

Questionnaire (DCDQ; (B. N. Wilson et al., 2007)), and the kinematic analysis of a

reach-to-drop task (Crippa et al., 2015; Forti et al., 2011).

Among the different investigated features, in the current analysis, participants were

divided into two subgroups based on parental report of motor coordination difficulties

as assessed by the DCDQ. Specifically, children scoring below the 10th percentile were

classified as at risk for Developmental Coordination Disorder (DCD-risk), whereas those

scoring at or above this threshold were classified as not at risk (NO DCD-risk). The DCDQ

is a parent questionnaire originally developed for estimating gross and fine motor skill
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difficulties in children aged 5–15 years. It consists of 15 items investigating different motor

subdomains, such as ball skills, complex motor coordination, and fine/general motor skills.

For each item, parents rate the children’s degree of motor coordination on a 5-point scale

comparing it with same-age peers. The DCDQ yields a total score, with higher scores

indicating better motor functioning, and high internal consistency (0.89) has been reported

(B. N. Wilson et al., 2009). Age-specific cutoffs define the 10th percentile threshold: a

score below 47 for children aged 5–7 years 11 months, below 56 for children aged 8–9

years 11 months, and below 58 for children aged 10–15 years.

Blood or saliva samples from participants were obtained in-house at the Molecular

Biology Laboratory of our Institute for DNA extraction. Blood was collected in tubes with

EDTA. Genomic DNA was extracted from blood samples through the GenElute Blood

Genomic DNA kit (Sigma). DNA from each sample was eluted in 50 µL of 10 mM Tris

(𝑝𝐻9.0)/0.5𝑚𝑀 EDTA and stored at -20°C. The Oragene OG-500 kit (DNA Genotek)

was used to collect saliva samples. Genomic DNA was extracted from saliva samples by

precipitation in ethanol following the manufacturer’s protocol, resuspended in 50 µL of

10 mM Tris (𝑝𝐻9.0)/1𝑚𝑀 EDTA and stored at -20°C.

Lastly, information about the familial socioeconomic status (SES) was collected using

the Hollingshead scale for parental employment (Hollingshead, 1975). It is crucial to

note, before proceeding further, that certain data points are absent, due to the inability to

conduct the requisite tests during the initial data collection phase.

2.1 Variants Identification

Targeted next-generation sequencing was employed to screen participants’ DNA. The

SureSelect Focused Exome panel was selected for its targeted design, which restricts

sequencing to approximately 5,200 disease-associated genes. Library preparation

was carried out from genomic DNA using the SureSelect enrichment system (Agilent

Technologies), and sequencing was performed on the NextSeq platform following the

manufacturer’s specifications (Illumina, San Diego, CA, USA). Alignment of sequenced

reads to the reference target regions and variant calling were carried out with the BWA

enrichment application, which incorporates GATK for variant calling, on BaseSpace

Onsite (Illumina, San Diego, CA, USA). Calls identified as erroneous were subsequently

removed. Given that spurious variant calls were retrieved for female participants, the Y
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chromosome was excluded from downstream analyses.

Functional annotation of identified variants was performed with ANNOVAR (Wang

et al., 2010), using a refGene database built by converting the human reference genome

(GRCh37/hg19) GFF3 and FASTA files via the gff3toGenePred package (Grüning et al.,

2018). Variants were classified as protein-altering (PAVs) if they were located within the

exonic regions of the panel and annotated as indels, stop codon gains, stop codon losses,

or non-synonymous substitutions. To quantify variants for each participant, we applied

two complementary filtering criteria: (i) variant frequency in the general population (rare

variants defined as absent from, or with frequency below 0.01 in, the gnomAD database;

(Karczewski et al., 2020)); and (ii) clinical pathogenicity (variants classified as Pathogenic

or Likely Pathogenic according to ACMG-AMP guidelines, as retrieved from the InterVar

database; (Li & Wang, 2017)).

2.2 Gene Sets Definition

A total of 29,227 gene sets were assembled by querying four publicly available biological

databases: Gene Ontology (Ashburner et al., 2000) (version 2019-03), the Human

Phenotype Ontology (Köhler et al., 2019) (version 2019-03), the KEGG Pathway

Database (Kanehisa et al., 2010) (release 2019-02-25), and the Reactome Pathway

Database (Fabregat et al., 2018) (Physical Entity Identifier mapping files, updated to

2019-03). Each gene set groups together genes sharing a common biological function,

pathway membership, or disease annotation.

2.3 Evaluation of Gene Sets Variants Abundance

To account for differences in zygosity across participants, the number of variants 𝑉

attributable to a gene set 𝑆 within a group of subjects 𝐺 was computed as:

𝑉 =
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𝑉𝑖𝑔 denotes the number of alternative alleles detected for subject 𝑖 in gene 𝑔, 𝐿𝑔 is the

coding length of gene 𝑔, and 𝑁𝑖 equals 2 for female subjects and 1 for male subjects.

The summations range over all subjects in 𝐺 and all genes in the set 𝑆, partitioned into

autosomal genes (𝑆𝐴) and X-linked genes (𝑆𝑋). An enrichment score for a given group

or individual subject was then defined as the variant count derived from Equation (1),

normalized by the total number of variants computed across all genes in the exome panel.

2.4 Gene Set Variants Enrichment Analysis

The gene set variants enrichment analysis (GSVEA) aimed to determine whether the

abundance of PAVs in each gene set differed significantly between the DCD-risk and NO

DCD-risk subgroups. For each gene set 𝑆, a Fisher’s exact test was applied to the following

contingency table:

Variants in gene set Variants not in gene set

DCD-risk 𝑉𝐺1 𝑉𝐴1 −𝑉𝐺1

NO DCD-risk 𝑉𝐺2 𝑉𝐴2 −𝑉𝐺2

where 𝑉𝐺1 and 𝑉𝐺2 are computed via Equation (1) for the specific gene set, while 𝑉𝐴1

and 𝑉𝐴2 are computed over all genes in the exome panel. When testing multiple gene sets

simultaneously, 𝑝-values were corrected for multiple comparisons using false discovery

rate (FDR) estimation, and 𝑞-values are reported throughout.

2.5 Gene Sets and Subjects Clustering

Hierarchical clustering was applied uniformly throughout the analysis using the Ward

algorithm (Murtagh & Legendre, 2014) on Euclidean distances. The optimal number of

clusters was selected in each case via silhouette analysis (Rousseeuw, 1987).

2.6 Gene Expression in the Brain During Neurodevelopmental Stages

The spatial and temporal expression profiles of genes in the identified modules were

characterized using the ABAEnrichment R package (version 1.20.0; (Grote et al., 2016)),

which interfaces with the BrainSpan Atlas of the Developing Human Brain (Allen Institute
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for Brain Science, retrieved June 2026). The BrainSpan Atlas organizes data across

five neurodevelopmental stages: prenatal, infancy (0–2 years), childhood (3–11 years),

adolescence (12–19 years), and adulthood (>19 years). Given the early-onset nature of

autism, the present analyses were restricted to the first four stages.

2.7 Genes Spatio-Temporal Co-Expression in the Developing Brain

For every gene included in the exome panel, an expression vector was constructed by

extracting, from the BrainSpan Atlas, the expression measurements recorded across

all available brain structures during the first four developmental stages. Co-expression

between any two genes was quantified using the Pearson correlation coefficient (𝑟) applied

to their respective expression vectors. Associated 𝑝-values were corrected for multiple

testing (FDR), and gene pairs were considered co-expressed when both 𝑟 > 0.7 and

𝑞 < 0.05.

2.8 Genes Protein–Protein Interactions

Physical protein–protein interactions between genes were retrieved from the BioGRID

database (Stark et al., 2006). Any gene sharing at least one documented physical interaction

with a gene already belonging to one of the modules was classified as a direct interactor.

Each module was then expanded by incorporating genes satisfying both the co-expression

criterion defined above and the physical interaction criterion, yielding a set of extended

modules.

2.9 Incidence of Autism-Related Genes

To evaluate the relevance of the identified modules to autism susceptibility, we examined

the proportion of genes annotated with a gene score of 1 (High Confidence) in the SFARI

database (Simons Foundation, retrieved June 2026) within both the original modules and

their extended networks. Statistical significance was assessed via Fisher’s exact tests,

considering the full exome panel as the background gene set; where multiple comparisons

were involved, Bonferroni correction was applied.
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2.10 Statistical Analysis

Between-group comparisons of continuous demographic and clinical variables were

performed using independent-samples 𝑡-tests. Where Levene’s test indicated a violation of

the equal variances assumption (𝑝 < .05), Welch’s correction was applied to the degrees

of freedom. The chi-squared test (𝜒2) was used for the categorical variable sex. All

statistical tests were two-tailed, and a significance threshold of 𝛼 = 0.05 was adopted.

Where multiple comparisons were performed, 𝑝-values were corrected using the False

Discovery Rate (FDR) procedure and reported as 𝑞-values. Statistical analyses were

performed in R (version 4.1; R Core Team, 2013).

3 Results

Table 1 provides the descriptive statistics and between-group comparisons for the two

subgroups of autistic children classified as DCD-risk (𝑛 = 43) and NO DCD-risk (𝑛 = 19),

as well as for the total sample (𝑁 = 62; mean age = 8.24 years, 𝑆𝐷 = 1.94). The sample

was predominantly male (54 males, 8 females), consistent with the established sex ratio

reported in the epidemiological literature on ASD (Maenner et al., 2021; Scattoni et al.,

2023). The two subgroups did not differ significantly in age (𝑡 = −1.138, 𝑝 = .260), IQ (𝑡 =

−0.445, 𝑝 = .658), SES (𝑡 = 0.486, 𝑝 = .629), or ADOS comparison scores (𝑡 = −0.530,

𝑝 = .599). The distribution of males and females did not vary significantly between

groups (𝜒2 = 0.138, 𝑝 = .711), indicating comparable demographic characteristics across

the two subgroups.

Overall, the absence of significant between-group differences in the main demographic

and clinical variables confirms that the two subgroups are comparable with respect to

potential confounders, allowing for the interpretation of any genetic findings as more

specifically related to the motor risk stratification criterion.
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Group
Total

Mean SD Statistic P-value

M F

GENDER
NO DCD-risk 17 2

0.138𝑏 0.711
DCD-risk 37 6

AGE

(years)

NO DCD-risk 19 7.82 2.35
−1.138𝑎 0.260

DCD-risk 43 8.43 1.74

IQ
NO DCD-risk 18 86.78 25.68

−0.445𝑎 0.658
DCD-risk 42 89.52 20.11

SES
NO DCD-risk 17 60.88 18.64

0.486𝑎 0.629
DCD-risk 42 58.33 18.10

ADOS

(comparison)

NO DCD-risk 15 6.13 1.85
−0.530𝑎 0.599

DCD-risk 36 6.42 1.70

Table 1. Descriptive statistics and between-group comparisons subdivided per DCD risk. Note.

SD = Standard Deviation; IQ = Intelligence Quotient; SES = Socioeconomic Status;

ADOS = Autism Diagnostic Observation Schedule. 𝑎Independent samples t-test (Welch’s

correction applied where Levene’s test was significant, 𝑝 < .05); 𝑏Chi-square test. 𝐻𝑎:

NO DCD-risk ≠ DCD-risk. All tests two-tailed, 𝛼 = .05.
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3.1 Gene Sets Showing Differential PAV Enrichment Between

Motor-Based Autism Subgroups

Following this preliminary check, a gene set variants enrichment analysis (GSVEA) was

performed across approximately 29,000 functionally characterized gene sets, assembled

from four publicly available biological databases: Gene Ontology (GO; Ashburner et al.,

2000), the Human Phenotype Ontology (HPO; Köhler et al., 2019), the KEGG Pathway

Database (Kanehisa et al., 2010), and the Reactome Pathway Database (Fabregat et al.,

2018). The goal of the analysis was to determine whether the abundance of protein-altering

variants (PAVs) observed in a given gene set differed significantly between the DCD-risk

and NO DCD-risk subgroups.

Among the considered gene sets, 33 showed a significantly different incidence of

PAVs between the two subgroups of autistic participants (FDR, q < 0.05). For each

subject, the proportion of PAVs in each significant gene set — the enrichment score —

was calculated. An optimal hierarchical clustering procedure (Ward algorithm applied

to Euclidean distances; Murtagh and Legendre, 2014) was then applied to the resulting

matrix at both the gene set and subject level (see Figure 1). The significant gene sets

clustered into five terms’ clusters (TC), labelled according to the biological processes and

phenotypic features most representative of each cluster’s composition as follows:

1. Sensory Visual Dysfunction (SVD)

2. Peripheral Inflammation (PI)

3. Neurodevelopment & Behavioral Dysregulation (N-BD)

4. Cellular Pruning Mediated by Neuroinflammation (CPMN)

5. Neurogenetic Transcriptional Regulation & Movement Alteration (NTR-MA)

Three subject clusters (SC) were additionally identified at the participant level. The

data-driven identification of these five modules was based on the initial top-down splitting

of our sample in two subgroups on the basis of their measures of DCD- risk/no risk. With

a bottom-up approach, we also explored whether the modules’ enrichment effectively

identified clusters of participants with phenotypic differences. Table 2 reports all 33

significant gene sets organized by terms’ cluster, along with the originating ontology

database and associated p-value.
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Cluster Term Ontology p-value

TC1 Congenital stationary cone dysfunction HPO 6.08 × 10−6

TC2 Chronic otitis media HPO 6.33 × 10−6

TC3 Head-banging HPO 6.27 × 10−8

Sleep-wake inversion HPO 6.27 × 10−8

Broad face HPO 8.55 × 10−8

Speech apraxia HPO 9.05 × 10−8

Sound sensitivity HPO 1.28 × 10−6

Circadian Clock Reactome 1.52 × 10−6

Negative regulation of multicellular organism growth GO-BP 2.88 × 10−6

Sleep-wake cycle disturbance HPO 2.93 × 10−6

Abnormality of chromosome segregation HPO 1.27 × 10−5

Corticospinal tract hypoplasia HPO 1.44 × 10−5

Aplasia/Hypoplasia of the corticospinal tracts HPO 1.44 × 10−5

Expressive language delay HPO 1.95 × 10−5

Hyperacusis HPO 2.13 × 10−5

Velopharyngeal insufficiency HPO 2.14 × 10−5

Delayed eruption of primary teeth HPO 2.26 × 10−5

Self-mutilation HPO 2.65 × 10−5

TC4 Complement-mediated synapse pruning GO-BP 3.03 × 10−5

Vertebrate eye-specific patterning GO-BP 3.03 × 10−5

TC5 Dyssynergia HPO 2.72 × 10−10

Fetal cystic hygroma HPO 2.72 × 10−10

Abnormality of the dentate nucleus HPO 1.88 × 10−9

Atrophy of the dentate nucleus HPO 5.18 × 10−9

Regulation of PTEN gene transcription Reactome 1.86 × 10−7

Nuclear matrix GO-CC 2.48 × 10−7

Oromandibular dystonia HPO 2.57 × 10−7

RNA polymerase II transcription factor binding GO-MF 2.65 × 10−7

Nuclear periphery GO-CC 3.96 × 10−7
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Cluster Term Ontology p-value

TC5 Increased nuchal translucency HPO 1.52 × 10−6

Hyperintensity of cerebral white matter on MRI HPO 3.54 × 10−6

Cystic hygroma HPO 1.87 × 10−5

Truncal ataxia HPO 1.99 × 10−5

Table 2. Significant gene sets (33 total) organized by terms’ cluster, ontology, and

𝑝-value. Note. TC = Terms’ Cluster; HPO = Human Phenotype Ontology;

GO-BP/CC/MF = Gene Ontology Biological Process/Cellular Component/Molecular

Function. TC1: Sensory Visual Dysfunction (SVD); TC2: Peripheral Inflammation

(PI); TC3: Neurodevelopment & Behavioral Dysregulation (N-BD); TC4: Cellular

Pruning Mediated by Neuroinflammation (CPMN); TC5: Neurogenetic Transcriptional

Regulation & Movement Alteration (NTR-MA).
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Figure 1. Heatmap showing the incidence of protein-altering variants (PAVs) for each subject (columns)

in the gene sets (rows) differentially enriched in PAVs between the two subgroups of autistic children.

Data-driven optimal hierarchical clustering procedure applied to both gene sets and subjects revealed five

terms’ clusters (TC) and three subjects’ clusters (SC).

3.2 Genes in the Modules Are Expressed in the Brain in the

Developmental Period

To investigate whether the genes included in the identified modules are expressed in

the brain across neurodevelopmental stages, we leveraged the spatial gene expression

data provided by the BrainSpan Atlas of the Developing Human Brain (Allen Institute for

Brain Science, retrieved June 2026). Given the early-onset nature of autism, analyses were

restricted to the first four developmental stages listed in the BrainSpan Atlas: prenatal,

infancy (0–2 years), childhood (3–11 years), and adolescence (12–19 years).

It should be noted that the ABAEnrichment analysis requires a minimum number of

genes per module to compute reliable enrichment statistics. TC1 (SVD) is represented by

a single gene (RPGR) and TC4 (CPMN) by only three genes (C1QA, C3, ITGAM). Given

this limited gene set size, the test lacks the statistical power to detect enrichment, and these

two modules were therefore excluded from the brain expression analysis.

The analysis revealed that genes in three of the five identified modules — TC2 (PI),

TC3 (N-BD), and TC5 (NTR-MA) — showed significant enrichment (FWER < 0.05)

in specific brain structures across at least one developmental stage. An overview of the

significantly enriched brain structures for each module and developmental stage is provided

in Table 4. Where noted, FWER values slightly above the significance threshold (0.05 <

FWER ≤ 0.06) are also reported, as they may reflect genuine biological signals attenuated

by the limited gene set or sample size of the present study.

Genes in the TC3 (N-BD) module displayed broad and persistent expression

across sensorimotor, prefrontal, temporal, and subcortical regions from the prenatal

period through adolescence, with particularly sustained enrichment in the primary

somatosensory and motor cortices and the mediodorsal thalamus. These structures are

directly implicated in the corticospinal and behavioural phenotypes characterizing this

cluster. In contrast, genes in the TC5 (NTR-MA) module were predominantly enriched

during the prenatal period across motor and frontal cortical regions, with a selective
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re-emergence of significant enrichment in the cerebellar cortex during adolescence,

consistent with the prolonged maturation of the cerebellum and the motor coordination

phenotypes defining this cluster. Genes in the TC2 (PI) module showed no significant

enrichment in any brain structure across developmental stages, with the sole exception of

the enrichment in the inferior parietal cortex during adolescence (FWER = 0.0409).

3.3 Identification of Extended Modules Through Spatio-Temporal

Co-Expression and Protein–Protein Interactions

To explore the functional interplay between the identified modules more extensively, each

module was expanded by selecting genes that both physically interact at the protein level

with module members and display a significant degree of spatio-temporal co-expression

in the developing brain. Physical protein–protein interactions were retrieved from the

BioGRID database (Stark et al., 2006), and co-expression was quantified via Pearson

correlation coefficient applied to BrainSpan expression vectors restricted to the first

four developmental stages. Candidate interactors were required to satisfy both criteria

simultaneously: a Pearson correlation coefficient 𝑟 > 0.7 and a Benjamini–Hochberg

corrected 𝑞 < 0.05, computed over all gene pairs within the exome panel. The resulting

extended modules and their sizes relative to the original gene sets are reported in Table 3.

Module Original size Extended size

SVD 1 2

PI 69 153

NBD 112 351

CPMN 3 8

NTR_MA 186 669

Total 371 1183

Table 3. Original and extended sizes for each module and overall totals.
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The five extended modules comprised (𝑛 = 1183) module-gene assignments. After

removing genes shared across multiple modules, a final set of (𝑛 = 891) unique genes was

obtained. Then they were pooled into a unified gene set, and a pairwise spatio-temporal

co-expression matrix was computed across all gene pairs. Hierarchical clustering —

average linkage applied to 1 − 𝑟 distances — identified three genes’ clusters (GC) based

on their levels of co-expression (Figure 2). Genes in GC1 (𝑛 = 350) and GC2 (𝑛 =

538) displayed high within-cluster and low between-cluster co-expression, forming two

internally coherent groups with limited mutual correlation. Genes in GC3 (𝑛 = 3) showed

a more diffuse, intermediate co-expression profile, both internally and with respect to the

other two clusters.

3.4 SFARI Genes Are Overrepresented in the Original & Extended

Modules

To evaluate the relevance of the identified gene sets to autism susceptibility, we examined

the proportion of high-confidence autism-related genes — defined as genes annotated

with a gene score of 1 in the SFARI database (Simons Foundation, retrieved June 2026)—

within both the original modules and their extended networks, using the full exome panel

as the background reference for all Fisher’s exact tests.

The original modules comprised 371 gene-module assignments. Because 28 genes

were shared across multiple modules, they were counted only once, yielding a total of

343 unique genes, of which 86 (25.07%) were annotated in the SFARI high-confidence

category, a proportion significantly higher than expected under random sampling from

the exome panel (OR = 2.593, 𝑝 < 0.001). When considering the extended modules

(𝑛 = 891), 195 genes (21.88%) carried a high-confidence SFARI annotation, and the

enrichment remained significant (OR = 2.438, 𝑝 < 0.001).

Examining the distribution of SFARI genes across the three co-expression clusters, with

Bonferroni correction applied for multiple comparisons, revealed differential enrichment

patterns. GC2 showed significant overrepresentation of high-confidence SFARI genes

(137 out of 538, 25.47%; OR = 2.825, 𝑝Bonf < 0.001), identifying this cluster as the

primary locus of autism susceptibility gene enrichment within the extended network.

GC1 showed a non-significant trend in the same direction (57 out of 350, 16.29%; OR

= 1.418, 𝑝Bonf = 0.069), while GC3 (only three genes) did not reach significance.
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Figure 2. Heatmap showing levels of spatio-temporal co-expression in terms of correlation (color scale)

among the total group of genes in the five extended modules. Data-driven hierarchical clustering revealed

three genes’ clusters (GCs) based on the levels of co-expression.

4 Discussion

In the present study, we identified five gene modules showing differential loads of

protein-altering variants (PAVs) between two subgroups of autistic children stratified

by motor risk, as assessed via the Developmental Coordination Disorder Questionnaire

(DCDQ). Building directly on the multi-step, data-driven framework proposed by

(Scaccabarozzi et al., 2025), we extended the original IQ-based stratification to a

motor-based one, in line with the growing recognition that non-core LIMA features

— language, intellectual, motor, and adaptive functioning — may represent objective,

quantifiable anchors for parsing autism heterogeneity (Mandelli, Severino, et al., 2024).

Importantly, motor coordination difficulties are not a peripheral or merely co-occurring

feature of autism: as outlined in the Introduction, they emerge early in development,

predict core social-communicative and repetitive behavior severity even after accounting

for age, sex, and cognitive level (Bhat, 2021; Bhat et al., 2022), and rest on a plausible

neurobiological substrate involving cerebellar and corticostriatal circuits (Canales &

Graybiel, 2000; Dean et al., 2022). This view is further reinforced by recent evidence that

an autism subtype defined by poor motor skills also displays measurably enhanced motor

noise at the kinematic level (Mandelli, Landi, et al., 2024), supporting the notion that

motor functioning is not merely a downstream correlate of autism severity but a dimension

with its own identifiable behavioral and, plausibly, biological signature. The five modules

identified here — Sensory Visual Dysfunction (SVD), Peripheral Inflammation (PI),

Neurodevelopment & Behavioral Dysregulation (N-BD), Cellular Pruning Mediated by

Neuroinflammation (CPMN), and Neurogenetic Transcriptional Regulation & Movement

Alteration (NTR-MA) — span a markedly different and arguably more circuit-specific

biological landscape than the four modules (ion cell communication, neurocognition,

gastrointestinal function, and immune system) reported by (Scaccabarozzi et al., 2025) for

IQ-based stratification. This divergence is itself an informative finding: it suggests that

different non-core dimensions of the autism phenotype may be underpinned by partially
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distinct, although likely interacting, genetic architectures, rather than collapsing onto a

single unitary biological axis of "general severity."

4.1 TC1 — Sensory Visual Dysfunction (SVD)

Interpretation of this module should be considered highly preliminary, as TC1 was

represented by a single significant gene set and, correspondingly, by a single gene;

strictly speaking, it does not constitute a multi-gene biological module in the same sense

as the other four clusters, and the label “module” is used here only for consistency

of terminology across clusters. The corresponding gene set — congenital stationary

cone dysfunction (𝑝 = 6.08 × 10−6) — and, correspondingly the single underlying gene,

RPGR (Retinitis Pigmentosa GTPase Regulator). RPGR encodes a protein localized to

the connecting cilium of photoreceptors and is predominantly associated with X-linked

retinitis pigmentosa and cone-rod dystrophies. At first glance, the emergence of a

retinal ciliopathy gene within a motor-based stratification may appear biologically distant

from the phenotype under investigation. However, primary cilia are not confined to the

photoreceptor; they play a well-established role in neuronal migration, axon guidance, and

broader aspects of brain development (Louvi & Grove, 2011), and ciliary dysfunction has

been repeatedly implicated across neurodevelopmental conditions. Taken together with the

well-documented overlap between sensory processing atypicalities — visual processing

among them — and motor coordination difficulties in autism (Bhat, 2020), the presence of

this cluster within a motor risk stratification framework may reflect a biologically plausible

link between sensory and motor domains; however, the present dataset includes no direct

measures of visual function, and the connection between RPGR-related ciliary biology

and the motor phenotype studied here is consistent with, but not directly demonstrated by,

the present data. The evidence for this cluster is necessarily preliminary given its minimal

size. Coherently, TC1 could not be carried forward to the brain expression analysis: a

single-gene module simply does not provide the ABAEnrichment procedure with sufficient

statistical power to detect reliable enrichment, and RPGR itself is predominantly expressed

in retinal photoreceptors rather than in the broader brain structures sampled by the

BrainSpan Atlas. This is consistent with the biological nature of the gene rather than

a contradiction of the finding: a peripheral sensory gene need not and, mechanistically,

would not be expected to show enrichment in bulk cortical or subcortical RNA-seq data.
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4.2 TC2 — Peripheral Inflammation (PI)

TC2 was anchored by a single significant gene set — chronic otitis media (𝑝 = 6.33×10−6)

— yet encompassed 69 unique genes in its original form, expanding to 153 genes

once extended through co-expression and protein–protein interaction criteria. Despite

being represented by a single phenotypic term, the gene composition of this module

is markedly immunological, including key regulators of adaptive and innate immunity,

B-cell signalling, and inflammatory cascades. The label Peripheral Inflammation should

be regarded as a heuristic summary of the module’s predominant gene composition rather

than a direct demonstration of inflammatory dysregulation in the present sample: the

cluster is statistically anchored by a single HPO term (chronic otitis media), and an

equally defensible label might have emphasized recurrent infection susceptibility rather

than inflammation per se. The selection of a peripheral, infection-related phenotype as

the label for an immune module is consistent with a substantial and converging body

of evidence implicating immune dysregulation in autism, both as a candidate etiological

mechanism — for example through maternal immune activation — and as a peripheral

endophenotype of the condition itself (Meltzer & Van de Water, 2017; Ormstad et al.,

2018). The brain expression analysis offers a particularly interesting — and, in our view,

informative — pattern for this module. With the sole exception of a borderline enrichment

in the inferior parietal cortex during adolescence (FWER = 0.0409), genes in TC2 showed

no significant enrichment in any brain structure across the four developmental stages

considered. This absence of cortical or subcortical enrichment mirrors almost exactly

the pattern reported for the immune system module (Scaccabarozzi et al., 2025), and the

convergence between two independent stratification criteria — IQ in the original study,

motor risk here — strengthens rather than weakens the interpretation that immune-related

genetic susceptibility in autism may act predominantly through systemic, rather than

brain-localized, pathways. As noted for the analogous immune module (Scaccabarozzi

et al., 2025), the BrainSpan Atlas reflects expression profiles measured in typically

developing individuals via bulk tissue RNA-seq; it is plausible that the presence of PAVs in

our autistic participants shifts the typical expression pattern of these genes, producing the

immune transcriptome alterations reported elsewhere in autistic post-mortem brain tissue

(Garbett et al., 2008; Voineagu et al., 2011), or, alternatively, that the relevant mechanism is

mediated through peripheral-to-central signalling routes such as the gut–brain axis, where
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the immune system acts as a crucial intermediary (Azhari et al., 2019; Powell et al., 2017).

Although speculative, and not directly tested with the present data, these findings may be

compatible with broader immune-brain interaction models proposed in ASD. Within the

present motor-based framework, peripheral inflammation may contribute to coordination

difficulties indirectly, for instance by affecting cerebellar and basal ganglia maturation

during critical windows of synaptic refinement, a hypothesis that future longitudinal or

neuroimaging-informed work could more directly test.

4.3 TC3 — Neurodevelopment & Behavioral Dysregulation (N-BD)

TC3 was the broadest cluster in terms of the number of significant gene sets, comprising

terms spanning core and associated autistic features — head-banging (𝑝 = 6.27 × 10−8),

self-mutilation (𝑝 = 2.65× 10−5), sleep-wake inversion and disturbance (𝑝 = 6.27× 10−8

and 𝑝 = 2.93 × 10−6, respectively) — alongside motor and communication-related

terms, including speech apraxia (𝑝 = 9.05 × 10−8), corticospinal tract hypoplasia and

aplasia/hypoplasia of the corticospinal tracts (both 𝑝 = 1.44 × 10−5), and expressive

language delay (𝑝 = 1.95 × 10−5). Sensory features were also represented, with

sound sensitivity (𝑝 = 1.28 × 10−6) and hyperacusis (𝑝 = 2.13 × 10−5), together with

the Reactome term Circadian Clock (𝑝 = 1.52 × 10−6). The co-occurrence of sleep

disturbance, self-injurious behavior, speech apraxia, and corticospinal abnormalities

within a single cluster is not incidental: many of these terms converge on RAI1 (Retinoic

Acid Induced 1), a dosage-sensitive transcription factor whose haploinsufficiency causes

Smith-Magenis Syndrome, a neurodevelopmental condition characterized by intellectual

disability, profound sleep disturbance, self-injurious behavior, and autistic features. The

recurrence of RAI1 across such phenotypically diverse gene sets — from circadian and

behavioral terms to corticospinal and speech-related ones — suggests that this gene may

function as a hub linking multiple facets of the cluster’s biological signature, rather than

each term reflecting an independent genetic mechanism. Other genes contributing to

TC3 reinforce this interpretation: GRIN2A, involved in glutamatergic neurotransmission

and implicated in speech and language disorders; MECP2, the Rett syndrome gene;

UBE3A, associated with Angelman syndrome; and ARID1B, a chromatin remodelling

gene consistently and robustly implicated in autism. Coherently with this composition,

the brain expression analysis revealed that TC3 genes were broadly and persistently
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enriched from the prenatal period through adolescence across sensorimotor, prefrontal,

temporal, and subcortical regions, with particularly sustained enrichment in the primary

somatosensory and motor cortices and the mediodorsal nucleus of the thalamus. These

structures map onto the corticospinal and behavioral phenotypes that define the cluster, and

the persistence of the signal across nearly the entire developmental window investigated

is compatible with the broad, multi-domain nature of the syndromes (Smith-Magenis

among them) associated with its core genes; this expression enrichment, however, reflects

statistical co-occurrence with relevant brain structures and HPO phenotype terms, not a

demonstrated causal pathway from gene to symptom. Within a motor risk framework,

TC3 therefore appears compatible with capturing a transdiagnostic neurodevelopmental

liability — spanning sleep, self-regulation, speech, and corticospinal integrity — of

which motor coordination difficulties may represent one clinically salient but not isolated

expression.

4.4 TC4 — Cellular Pruning Mediated by Neuroinflammation

(CPMN)

The label Cellular Pruning Mediated by Neuroinflammation is retained here for

consistency with the nomenclature established in the Results chapter; however, the name

itself already embeds a mechanistic claim — pruning mediated by neuroinflammation

— that the underlying three-gene module cannot, on its own, support. A more neutral

description, such as “complement-associated synaptic processes,” may better reflect the

actual evidentiary basis of this cluster, and readers should interpret the label accordingly,

as a descriptive heuristic rather than as a validated mechanism. Given the extremely

limited module size — only three genes — biological interpretations of TC4 should be

considered exploratory, and the following discussion is intended to outline biological

plausibility rather than to support a confirmed mechanism. TC4 comprised only two

significant gene sets — complement-mediated synapse pruning and vertebrate eye-specific

patterning (both 𝑝 = 3.03×10−5) — underpinned by three genes: C1QA, C3, and ITGAM.

Despite its minimal size, the cluster carries a coherent and well-supported biological

narrative. C1QA and C3 are core components of the classical complement cascade,

extensively implicated in activity-dependent synaptic pruning during neurodevelopment,

with C1q tagging weak or supernumerary synapses for elimination by microglia (Stephan
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et al., 2012). ITGAM (encoding CD11b) is a microglial surface receptor central to

phagocytosis and neuroinflammatory signalling. Aberrant complement-mediated pruning

has been proposed as a mechanism contributing to atypical synaptic connectivity in

autism (Filipello et al., 2018), and a process so intimately tied to the elimination and

refinement of synaptic connections is mechanistically plausible as a contributor to motor

circuit maturation, given how extensively cerebellar and corticostriatal circuits depend

on activity-dependent pruning during early development. As with TC1, the extremely

limited gene set size (only three genes) precluded reliable brain expression testing via

ABAEnrichment: the module was excluded from this analysis for lack of statistical power.

This limitation is compounded by a biological one, again consistent with — rather than

contradicting — the finding itself. C1QA, C3, and ITGAM are expressed in a highly

cell-type-specific manner, predominantly in microglia, whose transcriptional signature is

diluted and not adequately captured by bulk tissue RNA-seq data such as that underlying

the BrainSpan Atlas (Scaccabarozzi et al., 2025). A complement- and microglia-driven

pruning module would therefore be expected to evade detection in bulk-tissue expression

atlases regardless of its true biological relevance, underscoring the need for single-cell or

microglia-specific expression resources in future replications of this analysis.

4.5 TC5 — Neurogenetic Transcriptional Regulation & Movement

Alteration (NTR-MA)

TC5 was the largest and most statistically robust cluster identified in the present

analysis, anchored by terms reflecting structural and functional abnormalities of the

cerebellum and related motor pathways: dyssynergia (𝑝 = 2.72 × 10−10), abnormality

and atrophy of the dentate nucleus (𝑝 = 1.88 × 10−9 and 𝑝 = 5.18 × 10−9, respectively),

truncal ataxia (𝑝 = 1.99 × 10−5), and oromandibular dystonia (𝑝 = 2.57 × 10−7).

Alongside these unambiguously motor phenotypes, the cluster also comprised terms

related to transcriptional regulation — RNA polymerase II transcription factor binding

(𝑝 = 2.65 × 10−7) and regulation of PTEN gene transcription (𝑝 = 1.86 × 10−7) —

and cellular compartment terms such as nuclear matrix (𝑝 = 2.48 × 10−7) and nuclear

periphery (𝑝 = 3.96 × 10−7), together with the neuroimaging finding of hyperintensity of

cerebral white matter on MRI (𝑝 = 3.54×10−6). This is, of all five clusters identified in the

present study, the one that appears particularly relevant to the motor-based stratification
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employed in the present study, given its direct and unambiguous link to the motor

stratification criterion itself; its emergence as the largest and most significant module

supports the relevance of the DCD-risk stratification within this exploratory sample,

but does not by itself demonstrate that this module explains motor impairment, since

no direct relationship between gene-level variation and individual motor performance

was tested here. This should not, however, be read as independent validation of

motor risk as a stratifying variable more generally, which would require replication

in an independent cohort. Key genes underlying TC5 include ATN1, whose variants

cause dentatorubral-pallidoluysian atrophy, a condition marked by cerebellar ataxia and

involuntary movements; ATP1A3, encoding a sodium-potassium ATPase subunit already

linked both to autism and to movement disorders such as alternating hemiplegia of

childhood (Schmunk & Gargus, 2013); CTNNB1, a core component of the Wnt/𝛽-catenin

pathway governing synaptic development; and GSK3B, a kinase regulating neuronal

differentiation that has been repeatedly implicated in autism-related signalling pathways.

PTEN regulation also emerged among the cluster’s significant terms; however, this and the

other genes above should be read as illustrative components of a broader, network-level

signature rather than as evidence that any single gene drives the cluster’s association

with motor risk — the relevant unit of interpretation throughout this section remains the

module, not any individual gene. The brain expression results for TC5 are compatible

with, and arguably add plausibility to, this genetic profile: genes were predominantly

enriched during the prenatal period across motor and frontal cortical regions, with

a notable and selective re-emergence of enrichment in the cerebellar cortex during

adolescence. Cerebellar maturation is known to be markedly protracted relative to most

other brain structures, extending well into the second decade of life; the re-appearance

of a cerebellar signal specifically during adolescence is therefore consistent with the

prolonged developmental trajectory of this structure and with the motor coordination

phenotypes that anchor the cluster. Taken together, TC5 is consistent with the possibility

of a biologically coherent module in which cerebellar and corticospinal motor circuitry,

transcriptional regulation, and chromatin organization converge, echoing the established

role of cerebellar transcription factors in motor learning and broader neurodevelopmental

trajectories (Scaccabarozzi et al., 2025); given the exploratory and cross-sectional nature

of the present analysis, this convergence should be regarded as hypothesis-generating
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rather than as established mechanism.

4.6 Integration Across Modules: Spatio-Temporal co-Expression and

Protein–Protein Interactions

Beyond characterizing each module in isolation, we extended our investigation by

considering, for every gene within the five modules, its direct physical interactors that

also displayed significant spatio-temporal co-expression in the developing brain. This

extension increased the total gene count from 371 genes in the original modules to

1183 genes in the extended modules (Table 3), with the relative expansion being most

marked for NTR-MA (from 186 to 669 genes) and PI (from 69 to 153 genes), and

comparatively limited — as expected given their minimal starting size — for SVD (from

1 to 2 genes) and CPMN (from 3 to 8 genes). When all genes across the five extended

modules were pooled and clustered according to their pairwise co-expression profiles,

three genes’ clusters (GC) emerged. GC1 (𝑛 = 350) and GC2 (𝑛 = 538) each displayed

high within-cluster and comparatively low between-cluster co-expression, indicating that

they represent two internally coherent — and at least partially distinct — biological

programmes operating across brain development, whereas GC3 (𝑛 = 3) showed a diffuse,

intermediate co-expression profile that precludes any strong functional interpretation

given its negligible size. This three-cluster structure is broadly reminiscent of the pattern

reported by (Scaccabarozzi et al., 2025) in their own extended network analysis. The

observed network architecture should not be interpreted as evidence of direct biological

interaction between the genes involved, but rather as a statistical indication of potential

functional convergence: spatio-temporal co-expression and physical protein–protein

interaction are correlational and database-derived measures, and neither establishes

that the genes in question act together within the same causal pathway in our sample.

With this caveat in mind, the pattern reinforces the more general hypothesis — echoed

across both studies — that the genetic architecture of autism heterogeneity is unlikely to

consist of independent, modular cascades acting in isolation. Rather, genes belonging to

ostensibly distinct functional categories (immune, synaptic, transcriptional, motor) appear

to be densely and specifically interconnected at both the level of spatio-temporal brain

co-expression and of physical protein–protein interaction, which suggests the possibility

that the phenotypic variability captured by motor risk stratification emerges from the joint,
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and possibly compensatory or synergistic, action of multiple interacting pathways rather

than from a single dominant mechanism, although this interpretation remains a statistical

inference rather than a demonstrated biological fact.

4.7 SFARI Genes are Overrepresented in the Original and Extended

Modules

This enrichment does not constitute independent validation of the gene-set variant

enrichment analysis itself, since the modules were derived from an unbiased,

autism-agnostic exome panel rather than from a list of known autism genes; nonetheless,

it should be read as convergent evidence supporting the biological relevance of the

identified modules, not as proof that the modules capture autism-specific biology

beyond what SFARI already describes. A central aim of the present work, following

(Scaccabarozzi et al., 2025), was to determine whether the gene sets identified through

an entirely data-driven, motor-based stratification would independently recover genes

already known to be associated with autism susceptibility. The results are consistent

with this convergence. Among the 343 genes comprising the original modules, 86

(25.07%) carried a high-confidence SFARI annotation, a proportion markedly — and

significantly — higher than would be expected by chance against the full exome panel

background (OR = 2.593, 𝑝 < 0.001). This is a numerically stronger enrichment than

that reported for the original IQ-based modules by (Scaccabarozzi et al., 2025), where

high-confidence SFARI genes in the (un-extended) modules did not reach significance

(OR = 1.534, 𝑝 = 0.2063), although the two estimates come from different samples

and stratification criteria and should not be compared as if drawn from a single, directly

contrastable test. The enrichment remained robust and significant when extending the

gene set through co-expression and protein–protein interaction criteria (195 of 891 genes,

21.88%; OR = 2.438, 𝑝 < 0.001), in this respect mirroring the finding from the original

study, where SFARI enrichment became significant specifically at the extended-network

level (OR = 2.296, 𝑝 = 0.0001). Taken together, these results are consistent with the

possibility that motor risk taps into genetic variation that is already, and independently,

recognized as relevant to autism susceptibility — in line with the broader view that motor

coordination difficulties are not a peripheral epiphenomenon of the condition but rather

a phenotypic expression that may be related to autism-relevant genetic variation (Bhat,
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2021; Bhat et al., 2022); given the exploratory, single-cohort design of the present study,

this association should be treated as preliminary and hypothesis-generating rather than as

evidence that motor risk indexes genetic liability more directly than IQ.

Looking specifically at the distribution of SFARI genes across the three coexpression

derived genes’ clusters, GC2 emerged as the primary locus of autism susceptibility

gene enrichment within the extended network (137 of 538 genes, 25.47%; OR = 2.825,

Bonferroni-corrected 𝑝 < 0.001), whereas GC1 showed only a non-significant trend in

the same direction (57 of 350, 16.29%; OR = 1.418, Bonferroni-corrected 𝑝 = 0.069)

and GC3 — comprising only three genes — could not be reliably interpreted given

its negligible size (1 of 3, 33.33%; OR = 3.549, Bonferroni-corrected 𝑝 = 0.981).

This asymmetry between GC1 and GC2 indicates that the convergence between

our motor-derived gene modules and established autism-risk genes is not uniformly

distributed across the extended network but is instead concentrated within a specific,

densely co-expressed sub-network, echoing the analogous — though not numerically

identical — pattern reported by (Scaccabarozzi et al., 2025), in which SFARI enrichment

was similarly concentrated within one of three co-expression clusters and, within

it, specifically over-represented in the extended neurocognition and gastrointestinal

networks. While the present study’s modules differ in biological theme from those of

the original IQ-based stratification, the recurring observation — across two independent

stratification criteria and two independent samples — that autism susceptibility genes

cluster preferentially within specific, highly co-expressed sub-networks of a broader

extended gene set, rather than being evenly distributed throughout it, is consistent with

the possibility that distinct phenotypic dimensions of autism (IQ, motor functioning) may

each relate to partially separable, yet richly interconnected, regions of the same underlying

genetic and developmental landscape; given the limited sample size and the absence of

a replication cohort, this remains a tentative interpretation that would need to be tested

directly in future work.

4.8 Limitations

Several limitations of the present study warrant consideration. First and foremost, the

sample size (N = 62, with only 19 participants in the NO DCD-risk subgroup) is modest,

and the resulting findings must therefore be regarded as preliminary, in line with the
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analogous caveat raised by (Scaccabarozzi et al., 2025) for their own sample of 71

participants. The unequal distribution of participants across the two motor subgroups,

combined with the markedly skewed male-to-female ratio of the overall sample (54 males,

8 females) consistent with established epidemiological patterns in autism, further limits

the generalizability of the present findings and precludes any meaningful exploration of

sex-specific genetic effects. Second, as in the original study, the genetic analysis was

restricted to a targeted exome panel of approximately 5,200 disease-associated genes

rather than the whole exome or genome; while this restriction did not prevent the recovery

of biologically coherent and SFARI-enriched modules, a broader genomic survey could

plausibly identify additional, currently undetected, motor-relevant gene sets. Third, two

of the five modules identified here — SVD and CPMN — were represented by only one

and three genes, respectively. While both proved biologically interpretable, their minimal

size precluded reliable brain expression testing and necessarily limits the strength of any

conclusion that can be drawn about their role in motor risk stratification; these should

be considered hypothesis-generating rather than confirmatory findings. Fourth, brain

expression profiles were derived from the BrainSpan Atlas of the Developing Human Brain,

which reflects bulk tissue RNA-seq in typically developing individuals. As discussed

above for both TC2 and TC4, this approach is intrinsically limited in its capacity to

detect genuine biological signals arising from highly cell-type-specific expression (e.g.,

microglia) or from genuinely altered, autism-specific expression patterns that diverge from

the typical developmental trajectory captured by the atlas. Fifth, motor risk stratification

in the present study relied exclusively on a parent-report measure, the DCDQ, despite

the availability of additional, objective motor measures within the broader project from

which this sample was drawn (e.g., the Movement Assessment Battery for Children-2

and kinematic indices). Although the DCDQ is well-validated and widely used (B. N.

Wilson et al., 2009), parent-report instruments are inherently more subject to reporting

bias than clinician-administered or kinematic measures, such as the reach-to-drop task also

collected within the broader "Progetto Mosaico" cohort (Crippa et al., 2015), which future

work should incorporate to corroborate and refine the present genotype–motor phenotype

associations. Sixth, by considering only the cumulative load of PAVs within each gene

set, the present approach — as in (Scaccabarozzi et al., 2025) — does not differentiate

between variants of differing functional severity or pathogenicity within the same gene
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set, a simplification that may obscure finer-grained genotype–phenotype relationships.

Finally, and perhaps most importantly, the present findings have not been tested in an

independent cohort. The small sample size alone does not fully capture this limitation:

even a larger single-cohort study would remain vulnerable to sample-specific artifacts

that only an independent replication can rule out. Replication in independent cohorts

will therefore be necessary to determine the stability and generalizability of the identified

modules before they can be considered anything more than candidate findings.

5 Conclusion

The present study extended the multi-step, data-driven framework developed by

(Scaccabarozzi et al., 2025) from an IQ-based to a motor-based stratification of autistic

children, and identified five candidate gene modules — SVD, PI, N-BD, CPMN,

and NTR-MA — showing differential loads of protein-altering variants between

children at high versus low risk for developmental coordination difficulties; these

should be understood as candidate modules emerging from an exploratory, unbiased

pipeline, not as an established genetic architecture of motor subtypes in autism. These

modules spanned biological processes ranging from ciliary and sensory function to

peripheral immune regulation, broad neurodevelopmental and behavioral dysregulation,

complement-mediated synaptic pruning, and — most prominently — cerebellar and

corticospinal transcriptional and motor regulation. Three of the five modules showed

distinct, biologically plausible patterns of spatio-temporal brain expression, and, once

extended through physical protein–protein interactions and co-expression in the developing

brain, all modules were collectively and significantly enriched for high-confidence autism

susceptibility genes from the SFARI database, with this enrichment concentrated within

a specific, densely co-expressed sub-network of genes.

Taken together, these findings are consistent with, and extend, the hypothesis already

advanced by (Scaccabarozzi et al., 2025): that autism phenotypic heterogeneity may

arise from multiple, interacting genetic pathways rather than from isolated, independent

cascades. The present results suggest that this pattern may hold not only when autism

subgroups are defined by cognitive functioning, but also when they are defined by a

non-core, historically under-investigated dimension such as motor coordination, although

this parallel rests on two small, non-replicated samples analyzed with the same exploratory
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pipeline and should be interpreted cautiously. This is broadly compatible with the

theoretical shift — articulated in the LIMA framework and the AUTISMS-3D model

(Mandelli, Severino, et al., 2024) — toward conceptualizing autism heterogeneity through

non-core features that may serve as potential objective anchors, quantifiably assessed,

rather than through core symptom severity alone. Motor coordination difficulties, in

this sense, emerge from the present analysis not necessarily as a secondary or incidental

correlate of autism, but as a phenotypic dimension consistent with the possibility that it

relates to a biologically plausible and developmentally meaningful genetic architecture;

confirming this would require replication in independent, adequately powered samples, and

the present findings should be regarded as hypothesis-generating rather than confirmatory.

Future research should aim to replicate these findings in larger and independent

cohorts, ideally leveraging publicly available sequencing resources (e.g., SPARK) and

whole-exome or whole-genome data, and should incorporate objective, clinician

administered or kinematic motor measures alongside parent-report instruments.

Combining motor-based genetic stratification with other LIMA dimensions — language,

intellectual, and adaptive functioning — within the same analytic framework could

further clarify whether distinct non-core features map onto distinct, partially overlapping,

or entirely shared genetic architectures, ultimately contributing to a more biologically

grounded and clinically actionable understanding of autism subtyping.

Taken together, these findings provide preliminary evidence that motor-based

stratification may help reduce phenotypic heterogeneity in autism and generate biologically

meaningful hypotheses for future research, although replication in larger independent

samples remains essential.
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Appendix

Language Choices

In the context of autism and other sensitive topics, language functions as a powerful tool that

can influence both thought and perception. The use of respectful and accurate terminology

is essential—not only to promote effective communication among professionals, but also

to ensure that individuals are represented thoughtfully, avoiding the reinforcement of

stigmatizing or harmful stereotypes.8 The ongoing discussion concerning the most

appropriate terminology primarily contrasts two linguistic approaches: Identity-First

Language (IFL; e.g., autistic individuals) and Person-First Language (PFL; e.g.,

individuals with autism). Empirical research indicates that preferences differ across

stakeholder groups: autistic adults generally favor IFL, whereas professionals are more

likely to use person-first constructions (Taboas et al., 2022). Although there is no

universal consensus, a clear trend has emerged toward adopting more inclusive and

person-respecting language, reflecting a broader awareness of how members of the autism

community wish to be described. Acknowledging the validity of both perspectives, this

paper adopts Identity-First Language.

Ethical Declaration

The present research was approved by the Ethics Committee of our institute “Comitato

Etico IRCCS E. Medea—Sezione Scientifica Associazione La Nostra Famiglia” and

was therefore performed in accordance with the ethical standards set forth in the 1964

Declaration of Helsinki and later amendments.

8For a list of terms/expression that are likely to cause offense, see: https://www.autismeurope.org/
about-autism/acceptable-language
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