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Abstract

This thesis explores the application of multimodal Artificial Intelligence (AI) to ad-

vance early diagnosis and understanding of Neurodevelopmental Disorders (NDD)

within the framework of the neurodevelopmental cascade theory. NDD present

significant diagnostic and therapeutic challenges due to their heterogeneity and

overlapping symptoms, requiring new scalable and precise methodologies. By in-

tegrating AI across multiple domains and examining how motor, communicative,

attentional, and socio-emotional behaviors dynamically interact throughout de-

velopment, this research identifies early biomarkers, uncovers novel patterns, and

addresses traditional assessment limitations.

A marker-less analysis of newborns’ spontaneous movements, using Deep Learn-

ing (DL), identified kinematic patterns of delays in foot motor development in

10-day-old infants, predicting adverse outcomes with 85% accuracy. Furthermore,

longitudinal analyses of motor behaviors during social engagement and object-

reaching tasks revealed cascading effects of early hand movements at six months,

highlighting how the emergence of reaching serves as a crucial precursor by en-

abling active exploration. This early motor foundation plays a pivotal role in

shaping later communicative and social development.

A microanalytic study of gestures, gaze, and language coordination in natural-

istic parent-child interactions characterized socio-communicative behaviors, high-

lighting reduced complexity in neurodivergent toddlers. Building upon this, an

automatic coding system based on a transformer architecture was developed to

identify deictic gestures from videos with high performance, demonstrating the

feasibility of scalable gesture recognition. Gaze behaviors, modeled through a

novel eye-tracking paradigm and Markov chains, revealed divergences in atten-
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tional dynamics in preschool-aged children with NDD, such as increased gaze

aversion and repetitive nonsocial focus, reflecting sensory coping strategies and

their downstream effects on social cognition. Additionally, the analysis of the ex-

pression of vitality forms linked motor behaviors with socio-communicative skills,

emphasizing how emotional expressions differ in social contexts, further reinforcing

the cascading nature of developmental processes.

Finally, a hierarchical AI model combining Machine Learning (ML) and DL was

developed to support automatic speech analysis in school-aged children, identifying

dysarthria with 90% accuracy and stratifying its severity with 80% accuracy. This

final stage of the research exemplifies how initial sensory-motor and attentional

variations contribute to later expressive and linguistic differences, reinforcing the

longitudinal approach of this study.

These findings demonstrate the dynamic potential of AI to integrate multi-

modal dimensions and unravel the complex interplay underlying neurodiverse tra-

jectories. By adopting a developmental perspective, this study underscores how

disruptions in foundational skills propagate through interconnected domains, in-

fluencing later functional outcomes. This approach paves the way for improved

diagnostic accuracy, enabling earlier and more personalized interventions that align

with individual neurodevelopmental profiles.
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Chapter 1

Introduction

1.1 Overview of Neurodevelopmental Disorders

1.1.1 Definition

Neurodevelopmental Disorders (NDD) include a range of conditions that origi-

nate during the developmental period, affecting brain and nervous system func-

tions. These conditions disrupt typical neurodevelopment, leading to varying lev-

els of impairment in social, cognitive, and emotional functioning [1]. According to

the Diagnostic and Statistical Manual of Mental Disorders, 5th Edition (DSM-5)

[2], NDD include conditions such as intellectual disabilities, communication dis-

orders, Autism Spectrum Condition (ASC), Attention-Deficit/Hyperactivity Dis-

order (ADHD), specific learning disorders, and motor disorders. Understanding

their diverse presentations and ensuring early and accurate diagnosis are essen-

tial for tailoring effective interventions that improve developmental outcomes [3].

Globally, NDD represent a significant public health issue. The World Health Orga-

nization (WHO) estimates that ASC alone affects approximately 1 in 160 children

worldwide, though prevalence rates vary, with estimates ranging from 0.5% to 2.5%

depending on the region [4]. In the United States, about 15% of children aged 3

to 17 are reported to be affected by NDD, with ADHD, learning disabilities, and

ASC being the most diagnosed conditions [5]. These disorders are notably more

prevalent among males, with gender ratios of approximately 4:1 for ADHD and 3:1
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for autism [4, 6]. In Europe, neuropsychiatric conditions, including NDD, are the

third leading cause of premature mortality, underscoring their impact on public

health and quality of life. In Italy, recent data from the Istituto Superiore di Sanità

(ISS) reveal that approximately 1 in 77 children are diagnosed with ASC, further

emphasizing the importance of ensuring accessible services and early detection

mechanisms to mitigate long-term impacts [7].

1.1.2 Clinical Presentation and Diagnostic Challenges

NDD are typically diagnosed in early childhood, with symptoms often becoming

apparent by the age of five [1]. While these disorders primarily emerge in child-

hood, they frequently persist into adolescence and adulthood, with symptoms that

may evolve over time. This dynamic progression can delay recognition and diag-

nosis, as certain manifestations become more noticeable with age [8].

Diagnosing NDD presents significant challenges due to the overlap of symptoms

across conditions and the frequent presence of comorbidities. For instance, indi-

viduals with ASC often exhibit intellectual disabilities, while those with ADHD

commonly present specific learning disorders. This symptom overlap, combined

with the wide variability in severity and impact across domains such as language,

learning, memory, motor coordination, and social functioning, complicates differ-

ential diagnosis [3].

The heterogeneity of NDD further adds to this complexity. Symptoms can

vary widely among individuals, ranging from specific learning difficulties to im-

pairments in executive function and social skills. Early signs may be identified

through screening tools, but more complex cases often require comprehensive clin-

ical evaluations to ensure an accurate diagnosis [6].

NDD are characterized by delays or atypical development in key areas such

as language, social skills, and motor coordination [9]. Affected children may face

significant communication challenges, exhibit atypical behaviors, and struggle to

form friendships or adhere to social norms, such as taking turns in conversations or

respecting personal boundaries. For example, children with ADHD often display

hyperactivity, impulsivity, or difficulty maintaining focus on tasks. Additionally,

many NDD involve altered sensory processing, where children may be hypersensi-
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tive to stimuli, such as sounds, lights, or textures, or seek sensory input through

repetitive behaviors like spinning or rocking [3].

Emotional and behavioral difficulties are also prevalent in NDD. Many individ-

uals experience heightened levels of anxiety, depression, or aggression, often cou-

pled with challenges in emotional regulation. These issues can significantly impact

personal, social, academic, and occupational functioning, leading to difficulties in

areas such as emotional control, learning processes, and memory retention. For

instance, children with specific learning disorders may struggle with tasks requir-

ing sustained attention and organizational skills, despite having intact intelligence

and strong perceptiveness, factors that can profoundly affect their self-esteem [10].

1.1.3 Causes and Risk Factors

Understanding the causes of NDD is essential for developing effective interventions

and advancing research. Although the exact etiology remains largely unknown,

NDD are believed to result from a complex interplay of genetic, environmental,

neurological, and prenatal factors. Genetic predisposition plays a central role, with

numerous mutations and genetic variations identified as contributors [11]. These

include both inherited alterations and de novo mutations that arise spontaneously

during fetal development.

Environmental factors also significantly influence NDD risk. Adverse early

experiences, such as exposure to toxic chemicals, chronic stress, or neglect, can

exacerbate vulnerability to these conditions [6]. Additionally, environmental con-

taminants like lead, methylmercury, and Polychlorinated Biphenyls (PCBs) are

well-established risk factors for neurodevelopmental impairment. For instance,

lead exposure has been strongly associated with cognitive deficits and attention

difficulties, while prenatal exposure to methylmercury has been linked to delays in

cognitive development [12]. Emerging research is further exploring the effects

of other chemicals, such as pesticides, flame retardants (e.g., Polybrominated

Diphenyl Ethers (PBDEs)), and phthalates, highlighting their potential associ-

ations with behavioral and learning challenges [6].

Neurological factors are also implicated in the pathogenesis of NDD. Conditions

such as Cerebral Palsy (CP) or epilepsy can disrupt typical brain development
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and function [13]. The prenatal period is particularly critical, as maternal factors,

including substance use, malnutrition, and high stress levels during pregnancy, can

adversely affect fetal brain development and increase the likelihood of NDD [14].

1.1.4 Current Treatment Strategies

Due to the complex and varied nature of NDD, treatment must be highly individ-

ualized to address each person’s specific needs [15]. A multidisciplinary approach

is often required to manage symptoms effectively and improve quality of life. Key

strategies include behavioral interventions, pharmacotherapy, and neuromodula-

tion techniques [16, 17, 18]:

• Behavioral Interventions: These therapies aim to enhance social, commu-

nication, and behavioral skills, often involving structured programs such as

Applied Behavior Analysis (ABA) or social skills training. Family participa-

tion plays a crucial role in reinforcing therapeutic goals, providing emotional

support, and maintaining consistency across settings.

• Pharmacotherapy: Medications are used to manage core symptoms, such

as hyperactivity and inattention, or to treat co-occurring conditions like

anxiety, depression, or mood dysregulation. For example, stimulants such as

methylphenidate are commonly prescribed for ADHD, while Selective Sero-

tonin Reuptake Inhibitors (SSRIs) may be used to address anxiety or de-

pression.

• Neuromodulation Therapies: Non-invasive techniques such as Transcra-

nial Magnetic Stimulation (TMS), Transcranial Direct Current Stimulation

(tDCS), and Neurofeedback are emerging as promising tools for managing

symptoms with minimal side effects. These techniques have shown poten-

tial in modulating neural activity and improving attention and behavior in

targeted brain regions, while Neurofeedback offers real-time brain activity

monitoring to train self-regulation skills.
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1.1.5 The Importance of Early Diagnosis

Early diagnosis is critical in shaping the developmental trajectories of children with

NDD. The WHO emphasizes that prompt identification enables timely interven-

tions, providing children with tailored strategies to improve their developmental

outcomes and daily functioning [4]. Evidence strongly supports that early in-

terventions lead to substantial gains in cognitive, social, and adaptive skills, key

areas often impacted by NDD. These interventions, such as behavioral therapy,

speech therapy, and family-centered support, can significantly enhance a child’s

quality of life [19, 20]. However, barriers such as variability in symptom presenta-

tion and limited access to specialized services often delay diagnosis. For instance,

subtle early signs of conditions like ASC may go unnoticed, particularly in ar-

eas with fewer diagnostic resources or trained professionals [21]. To address these

challenges, structured screening processes and accessible diagnostic resources are

essential. Innovative tools like AI-driven diagnostic platforms and standardized

behavioral checklists can enhance early identification and reduce diagnostic de-

lays [22]. Additionally, increasing awareness among healthcare providers through

training programs and expanding early diagnostic resources are fundamental to

ensuring timely and effective care for children with NDD [3, 7].
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1.2 The Neurodevelopmental Cascade Theory for

Understanding Developmental Pathways in

Children

1.2.1 The Developmental Cascades Framework

As highlighted in the previous section, NDD constitute a diverse and heteroge-

neous group, characterized by significant variability in the manifestation, severity

and progression of core diagnostic behaviors and functional capabilities across

multiple developmental domains. This diversity necessitates a conceptual frame-

work that flexibly examines cross-domain interactions while accounting for the

modulatory influence of environmental factors [1]. A multimodal perspective is

essential to understand the reciprocal and evolving relationships among motor,

cognitive, linguistic, and socio-emotional domains. Both the timing of key de-

velopmental milestones and real-time interactions within everyday contexts are

pivotal in shaping the developmental trajectories of children with NDD [23, 24].

Recent research underscores the interdependence of developmental domains,

demonstrating that advancements or delays in one area can trigger cascading ef-

fects that significantly influence functioning in other domains, ultimately shaping

a child’s overall developmental trajectory [25, 26, 27]. Importantly, subtle early

deviations can be amplified through these cascading processes, culminating in pro-

nounced long-term developmental outcomes [28].

The developmental cascades framework integrates foundational theoretical mod-

els, including Gottlieb’s developmental behavioral genetics framework [29], Smith

and Thelen’s dynamic systems theory [30], Sameroff’s transactional model [31], and

Karmiloff-Smith’s neuroconstructivist approach [32]. Collectively, these paradigms

conceptualize development as the cumulative result of continuous, bidirectional in-

teractions among biological substrates, environmental contexts, and cross-domain

influences [28]. By synthesizing these perspectives, the developmental cascades

framework offers a comprehensive approach to investigating how these complex

interactions unfold over time, ultimately shaping individual developmental path-

ways [33].
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1.2.2 Applying Developmental Cascades Theory to Infancy

Extending the developmental cascades framework to infancy, a period marked by

rapid neurodevelopment and heightened neural plasticity [34], provides critical

insights into the mechanisms driving both typical and atypical developmental tra-

jectories. During this phase, the attainment of foundational milestones is shaped

by complex, reciprocal interactions between biological predispositions and environ-

mental influences. Understanding how developmental cascades unfold in infancy

is essential to elucidate how early differences or delays can progressively reshape

developmental pathways, potentially magnifying disparities across cognitive, lin-

guistic, motor, and social-emotional domains [35, 36]. Even subtle perturbations

in early development can initiate cascading effects, where initial delays compound

over time, hindering the acquisition of more complex skills.

This framework offers a nuanced understanding of neurodiversity by empha-

sizing the temporal dynamics and interdependence of developmental domains. It

highlights how early behaviors and bioregulatory processes unfold over time, in-

fluencing subsequent developmental trajectories. The timing, quality, and consis-

tency of these early processes are pivotal in shaping long-term outcomes, as they

contribute to cascading effects across multiple functional domains [37]. By investi-

gating these early mechanisms, researchers can identify sensitive periods in devel-

opment—windows of heightened plasticity—during which targeted interventions

can have the greatest impact, ultimately refining early detection and prevention

strategies [36].

The Role of Early Motor Development Motor development plays a foun-

dational role in infancy, acting as a gateway for environmental exploration and

multimodal learning [38]. As infants acquire motor skills such as independent sit-

ting or crawling, their capacity to engage with their surroundings expands, which

in turn stimulates growth in cognitive, communicative, and social domains [25].

For example, head and neck control facilitates torso stability, enabling infants to

engage in sustained visual exploration. Achieving independent sitting provides

new vantage points, enhancing object manipulation and social referencing, while

crawling allows infants to actively seek social partners and explore novel environ-
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ments [28].

These motor milestones promote physical autonomy, catalyzing advancements

in language and social cognition. Sitting upright expands the visual field, enabling

infants to track caregivers’ gestures and gaze more effectively. This enhanced visual

access supports the emergence of joint attention, a foundational skill for effective

communication [39, 40]. Furthermore, the shift in posture associated with sitting

alters the vocal tract’s configuration, facilitating the production of speech-like

sounds, including canonical babbling [41]. Conversely, delays in motor develop-

ment can disrupt these cascading processes, limiting infants’ exposure to crucial

social and linguistic inputs. Infants at Elevated Likelihood (EL) for neurodevelop-

mental disorders frequently exhibit delayed motor milestones, which may dampen

subsequent advancements across multiple developmental domains [42, 43, 44].

Communicative Gestures in NDD Gestures form a crucial bridge between

motor and communicative development, serving as early indicators of both lin-

guistic and social competencies [45]. They emerge from an infant’s ability to

coordinate motor actions with social attention, exemplifying how cascading devel-

opmental processes link early motor skills to later communicative abilities. Ap-

pearing shortly after foundational motor milestones, communicative gestures play

a pivotal role in language acquisition. Actions such as pointing, showing, and wav-

ing are fundamental to early communication, and their production serves as a key

diagnostic marker for NDD, including ASC, ADHD, and Developmental Language

Disorder (DLD). Delays or atypical patterns in gesture production often arise as

some of the earliest indicators of neurodevelopmental divergence [46, 47], offering

a critical window for early detection.

Toddlers at EL for NDD, such as siblings of individuals with ASC or those

born preterm, frequently exhibit a reduced frequency and diversity of gestures

[48]. By two years of age, toddlers with ASC typically produce significantly fewer

joint attention gestures than their neurotypical peers [46], highlighting difficulties

in integrating nonverbal communicative cues with gaze. Given that gestures often

precede and predict verbal language development, early deficits in this domain can

hinder vocabulary expansion, pragmatic language use, and social engagement [49].
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Importance of Visual Attention and Gaze Behavior Visual attention and

gaze behavior exemplify the cascading nature of neurodevelopment, shaping cog-

nitive and social trajectories from infancy onward. Visual attention is integral

to cognitive and social development, influencing how infants engage with their

environment and extract information from social cues. From early infancy, gaze-

following and sustained attention to social stimuli establish the foundation for

reciprocal social interactions. Disruptions in attentional processes can cascade

into broader challenges in learning, communication, and social interaction.

Infants and toddlers with NDD frequently exhibit atypical gaze patterns, such

as reduced eye contact or a preference for non-social stimuli, potentially restricting

their opportunities to learn from social exchanges [50, 51]. For example, toddlers

with ASC may focus on object features rather than faces, hindering the develop-

ment of theory of mind and social cognition [52]. Similarly, children with ASC

often show diminished attention to faces and social stimuli, whereas those with

ADHD typically struggle with sustained attention and task persistence [53, 50].

Language Development and its Cross-Domain Impact Language devel-

opment, deeply interconnected with earlier motor, gestural, and attentional pro-

cesses, represents a fundamental pillar of neurodevelopment. Preverbal behaviors,

including vocalizations, eye contact, and gesture use, support the development of

subsequent speech and literacy skills [54, 55]. Language development is a complex,

multidimensional process that interacts with cognitive, motor, and social domains.

Disruptions in early language acquisition often cascade into broader difficulties in

academic achievement, social interaction, and adaptive functioning. Early lan-

guage abilities in toddlers are strong predictors of later academic performance,

influencing literacy, executive functions, and social cognition [33]. However, lan-

guage deficits associated with NDD vary widely across conditions such as ASC, SLI,

and Down syndrome, necessitating individualized assessment approaches. Delays

in this domain, as observed in DLD, can have long-lasting effects on reading profi-

ciency, expressive language, and peer interactions, highlighting the importance of

early intervention [33].

Symbolic gestures serve as a crucial mechanism in word learning, facilitating

the transition from nonverbal to verbal communication. Given their predictive
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role in language acquisition, gestures act as early markers of linguistic and social

competencies. Notably, cross-linguistic research indicates that bilingual toddlers

can transfer lexical and conceptual knowledge across languages, reinforcing linguis-

tic development through interdependent processing. This phenomenon exemplifies

how cascading effects extend beyond single-domain boundaries, shaping cognitive

flexibility and enhancing metalinguistic awareness [33].

Implications for Early Intervention and Clinical Practice The develop-

mental cascade framework emphasizes the necessity of identifying early indicators,

such as motor milestones, gesture use, and gaze behavior, to inform the design

of personalized, cross-domain intervention strategies [56]. Leveraging technologies

like eye-tracking and sensor-based assessments offers clinicians and researchers

objective, continuous data streams, enhancing diagnostic precision and tailoring

intervention timing to individual developmental profiles [57]. Early, multimodal in-

terventions that harness the interconnectivity of developmental domains can effec-

tively alter trajectories, reducing long-term functional impairments and improving

quality of life for infants and toddlers with NDD [56].

Integrating cutting-edge methodologies, including AI, expands the potential for

scalable and accessible early assessments. Integrating these innovations within the

developmental cascades framework enables practitioners to move beyond static,

domain-specific assessments, shifting toward comprehensive models that reflect

the dynamic interplay among biological, behavioral, and environmental factors

[58]. This holistic paradigm enhances early identification efforts and guides the

design of interventions that are developmentally appropriate, family-centered, and

outcome-oriented, ultimately promoting more favorable long-term trajectories.
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1.3 Limitations and Challenges of Traditional As-

sessment Methods

As described in the previous section on the neurodevelopmental cascade, diag-

nosing NDD involves navigating a complex interplay of developmental processes,

where early disruptions in one domain can cascade into subsequent difficulties

across multiple functional areas. This inherent complexity is amplified by the

wide variability in symptom presentation, severity, and the frequent occurrence of

comorbidities. Disorders such as ASC, ADHD, and Specific Language Impairment

(SLI) are typically identified during early childhood but can emerge along differ-

ent developmental trajectories, with manifestations ranging from subtle delays to

profound impairments affecting cognitive, linguistic, motor, and social domains.

Accurate and timely diagnosis is essential, as early interventions significantly en-

hance outcomes across cognitive, social, and daily adaptive functioning, ultimately

improving the child’s quality of life [21]. However, capturing the nuanced progres-

sion of symptoms within and across these domains remains a significant challenge.

Traditional assessments rely heavily on developmental history, observational

methods, and standardized diagnostic tools. Instruments like the Autism Diagnos-

tic Observation Schedule (ADOS) [59] and Autism Diagnostic Interview-Revised

(ADI-R) [60] are considered “gold standards” for diagnosing ASC, using structured

observations and comprehensive parental interviews to assess social communication

and restricted, repetitive behaviors. Despite their clinical value, these methods face

notable limitations. Comorbidities such as motor or language impairments often

overlap with core NDD symptoms, complicating differential diagnosis and poten-

tially delaying intervention [21]. Additionally, socio-economic and cultural factors

can influence access to healthcare services and the interpretation of developmental

milestones, further widening diagnostic disparities [21].

This chapter explores these challenges through an examination of assessment

methods across key developmental domains, motor skills, gesture production, vi-

sual attention, and language, highlighting their limitations and the potential of

emerging technologies to address them. By integrating advances in AI into clinical

practice, it is possible to enrich traditional methods with more objective, scalable,
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and continuous assessments that better capture the dynamic nature of neurode-

velopmental trajectories.

Early Motor Skills Clinical assessments of motor performance traditionally

employ standardized tools such as the General Movements Assessment (GMA)

[61], Alberta Infant Motor Scale (AIMS) [62], and Peabody Developmental Motor

Scales (PDMS) [63].

The GMA is widely recognized for its predictive validity, particularly in detect-

ing conditions like CP and other motor disorders in preterm infants. By analyzing

spontaneous movement patterns, especially Fidgety Movements (FMs) between 9

and 16 weeks post-term, the GMA provides early insights into potential motor

dysfunctions [64]. The AIMS focuses on gross motor maturation through postural

assessments in various positions, helping map an infant’s developmental trajec-

tory [62], while the PDMS evaluates both fine and gross motor skills, offering a

comprehensive overview of motor abilities [63].

Despite their clinical utility, these methods have significant limitations. As-

sessments often rely on subjective interpretations of observable behaviors, making

them vulnerable to inter-rater variability [65]. External factors, such as the child’s

mood, fatigue, or the testing environment, can further influence outcomes, re-

ducing reliability. Moreover, these tools provide only momentary snapshots of

development rather than continuous insights, which are essential for tracking the

cascading effects of early motor delays on subsequent cognitive and social func-

tioning. Their administration is time-consuming, requires specialized training, and

is often inaccessible in resource-limited settings [65]. These constraints highlight

the need for scalable alternatives capable of providing objective, longitudinal data.

Digital tools and sensor-based methods, offering automated and real-time assess-

ments, are emerging as promising solutions, enabling earlier identification of motor

delays and facilitating targeted interventions that consider broader developmental

trajectories.

Gesture Production Conventional assessments of gestures involve clinician-

led observations or video coding to evaluate gesture frequency, variety, and com-

municative function. While these methods are clinically informative, they are
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labor-intensive, subject to observer bias, and often fail to capture subtle but di-

agnostically significant features such as movement fluidity, temporal coordination,

and spatial accuracy [66, 67].

Children with NDD frequently exhibit atypical gesture patterns. For instance,

those with ASC may display gestures that are abrupt or lack synchrony with speech

and gaze, reflecting broader deficits in motor planning and social engagement

[45]. Similarly, children with SLI might rely on gestures to compensate for verbal

limitations, though these gestures are often less complex and less fluid [68]. Delays

in joint attention gestures, such as pointing or showing, are particularly salient

markers of ASC and are critical for subsequent language acquisition and social

development [47]. Traditional methods may overlook these nuanced deviations,

limiting early diagnostic sensitivity.

Emerging automated approaches, including motion capture and computer vi-

sion technologies, offer objective and scalable alternatives. These systems can

quantify gesture kinematics, such as trajectory, velocity, and temporal coordina-

tion, with greater precision, enhancing the detection of atypical patterns even in

naturalistic settings [66, 69]. These tools allow for real-time feedback and longi-

tudinal monitoring, supporting the assessment of how early motor-communicative

interactions influence later social and linguistic development.

Visual Attention Eye-tracking technology has revolutionized the assessment of

visual attention, providing non-invasive and quantitative measures of gaze patterns

and fixation metrics. These methodologies offer critical insights into attentional

preferences and processing strategies, playing a pivotal role in identifying early

attentional divergences in infants and toddlers at risk for NDD. By capturing real-

time data on gaze allocation, eye-tracking facilitates the early detection of atypical

social attention, allowing for preemptive interventions designed to enhance social

engagement and mitigate downstream effects on language, cognition, and adaptive

functioning [70, 57].

However, traditional eye-tracking systems face several limitations, including

calibration challenges, sensitivity to environmental conditions, and the need for

specialized equipment and expertise. These constraints hinder their applicability

in ecologically valid settings and reduce scalability [71]. Moreover, conventional
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approaches often capture attentional behavior at isolated time points rather than

continuously, making it difficult to assess how early attentional deficits evolve

and impact later socio-communicative and cognitive development. To maximize

the potential of eye-tracking in developmental research and clinical practice, future

advancements should prioritize increased adaptability, integration with naturalistic

environments, and enhanced longitudinal monitoring capabilities.

Advances in AI and portable eye-tracking devices now enable more accessi-

ble, real-time assessments in naturalistic environments. AI-driven models enhance

the analysis of gaze patterns by extracting and interpreting complex eye-tracking

signals, integrating them with facial expression and speech metrics to provide a

more comprehensive understanding of attentional and social behaviors [71]. These

innovations improve early detection and characterization of attentional atypical-

ities, supporting the development of targeted interventions aimed at mitigating

long-term developmental challenges.

Language Assessment Traditional methods, such as the Clinical Evaluation of

Language Fundamentals (CELF) [72], Peabody Picture Vocabulary Test (PPVT)

[73], and Language Sample Analyses (LSA) [74, 75], focus on evaluating core lin-

guistic components, syntax, vocabulary, and comprehension.

While standardized assessments provide valuable normative benchmarks, they

often fail to capture pragmatic and contextual aspects of language use, particularly

in children with ASC, who may perform well in structured tasks but struggle

in spontaneous conversation [76, 77]. LSA, which involves detailed analysis of

spontaneous speech, offers deeper insights into pragmatic competence but is time-

consuming and requires significant manual effort, limiting its scalability [78].

Recent advances in AI and Natural Language Processing (NLP) have enabled

the development of automated tools capable of efficiently analyzing large volumes

of language data. These technologies can assess syntactic complexity, lexical di-

versity, and discourse coherence, providing objective, reproducible metrics that

enhance the precision of language evaluation [79]. Crucially, they facilitate lon-

gitudinal monitoring of language development, offering insights into how early

communicative delays shape broader developmental trajectories. By minimizing

the reliance on labor-intensive transcription and manual coding, these tools im-
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prove the feasibility of comprehensive, ecologically valid assessments that more

accurately capture a child’s everyday communicative functioning.
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1.4 AI Applications to Advance Diagnosis and

Assessment of Neurodevelopmental Disorders:

Related Works

Building upon the limitations of traditional assessment methods discussed in the

previous section, recent advancements in artificial intelligence (AI) have opened

new avenues for investigating and assessing NDD. Unlike conventional approaches,

often constrained by manual coding, observer bias, and limited scalability, AI-

driven tools enable rapid data processing, advanced feature extraction, and real-

time analysis across multiple functional domains, including motor skills, visual

attention, social communication, and language development [58]. By integrating

multimodal data, these technologies offer a richer, more holistic understanding

of individual developmental trajectories, enhancing both diagnostic accuracy and

intervention planning [80, 81].

This section reviews recent works that leverage AI to address diagnostic chal-

lenges, focusing on applications across key developmental domains.

1.4.1 Assessment of Early Motor Skills

Early detection of motor delays, particularly in conditions such as cerebral palsy

(CP) and autism spectrum conditions (ASC), has greatly benefited from AI-based

methods. These technologies enable precise and scalable tracking of motor behav-

iors, surpassing the limitations of manual assessments. In particular, video-based

deep learning (DL) methods have emerged as a leading solution for analyzing in-

fants’ general movements, facilitating the early identification of subtle motor delays

[82, 83].

These AI methods enhance tools like the General Movement Assessment (GMA),

which captures spontaneous movements, key indicators of neurological develop-

ment [84]. Unlike traditional methods, AI-powered tools can analyze movement

patterns with exceptional precision and track the trajectory of an infant’s limbs

in real-time, enabling longitudinal monitoring across uncalibrated, natural envi-

ronments. This approach ensures a more accurate reflection of developmental
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milestones and reduces the need for controlled settings [85].

1.4.1.1 Marker-less Analysis of Infants’ Movements

Non-intrusive video-based methods for assessing infants’ movements have gained

increasing attention for their ability to capture naturalistic behavior in a variety

of settings [82]. These approaches can be broadly divided into two main groups:

those employing classical computer vision algorithms and those using DL tech-

niques. Classical methods typically rely on predefined models or manually de-

signed features to track and analyze motion, which, while effective in controlled

environments, often struggle with the complexity and variability of human move-

ments. In contrast, DL approaches leverage advancements in neural networks to

automatically extract and analyze intricate motion patterns directly from video

data, offering greater robustness and scalability [84].

The key strength of these marker-less systems lies in their unobtrusive design,

which allows infants to move freely without the need for physical sensors or mark-

ers. This ensures more natural and representative assessments of motor behavior,

enhancing both the ecological validity and practical utility of the data. Recent

innovations, such as the integration of depth-sensing cameras and advanced ML

algorithms, have further improved the accuracy and feasibility of these systems,

enabling real-time analysis and expanding their applicability to natural environ-

ments, including homes and clinics [82].

Despite these advancements, challenges persist, particularly in standardizing

methodologies and validating these systems across diverse populations and set-

tings. Addressing these issues will be crucial to ensuring the widespread adoption

of marker-less approaches in clinical and research contexts, as they hold great

promise for advancing the understanding of infants’ neurodevelopmental trajecto-

ries [82].

Traditional Computer Vision Methods Classical computer vision techniques

have been widely employed to analyze infants’ movements, providing valuable tools

for the early detection of NDD such as CP and ASC. Among these, the General

Movements Toolbox (GMT) developed by Adde et al. [86] represents a pivotal

contribution. The GMT utilizes change detection algorithms to quantify motion
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parameters, including variability, velocity, and acceleration, derived from pixel dif-

ferences between consecutive video frames. By automating the assessment of FMs,

a key marker for CP, the GMT provides an objective and accessible alternative to

the traditional GMA, which relies on expert interpretation.

Similarly, Tacchino et al. [87] introduced the Markerless Infant Movement

Analysis System (MIMAS), a non-invasive tool that analyzes spontaneous move-

ments captured via RGB video recordings. By extracting 39 motion parameters,

MIMAS demonstrated its ability to distinguish between typical and atypical de-

velopment, particularly in preterm infants, making it a scalable and cost-effective

tool for clinical use.

Optical flow techniques have also been extensively utilized. Stahl et al. [88]

combined optical flow with wavelet analysis to track motion features and classify

CP risk with high accuracy using Support Vector Machines (SVMs). Ihlen et al.

[89] advanced this approach with the Computer-based Infant Movement Assess-

ment (CIMA) model, which tracks the movements of six body parts and analyzes

their trajectories, frequency, and amplitude using ML algorithms, achieving reli-

able predictions of CP risk. Rahmati et al. [90] refined these methods further by

incorporating graph-based segmentation and semi-supervised particle matching.

This refinement allowed for robust tracking of dense motion trajectories, reducing

the need for manual intervention even in complex scenarios.

These classical techniques have also been adapted to ASC detection. For in-

stance, Caruso et al. [91] developed MOVIDEA, a semi-automatic software that

extracts kinematic features from both 2D and 3D video recordings, enabling dif-

ferentiation between High-Risk (HR) and typically developing infants. Baccinelli

et al. [92] contributed with a graphical interface designed to track hand and foot

movements, usable in both clinical and home-video settings. Additionally, Das et

al. [93] focused on infant kicking movements, employing KAZE point detection

and SVM classifiers to identify neuromotor risks such as CP and Infantile Spasms

(IS).

Collectively, these methods highlight the adaptability and potential of classical

computer vision techniques as accessible, non-invasive tools for the early detection

of NDD. They provide a foundation for integrating automated motion analysis

into clinical and research contexts.
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Deep Learning Techniques DL techniques provide advanced and highly au-

tomated methods for analyzing infants’ movements from video recordings. These

approaches are increasingly employed for tasks such as pose estimation and move-

ment classification, offering enhanced accuracy and scalability in detecting and

interpreting motor patterns. By leveraging the power of neural networks, DL en-

ables the identification of complex and subtle movement dynamics, pushing the

boundaries of traditional motion analysis techniques [82].

An example is the work by Shin et al. [94], where the AlphaPose [95] model was

applied to track spontaneous movements in HR preterm infants, focusing on kine-

matic parameters like joint angles and angular velocities. By quantifying move-

ment complexity with sample entropy and assessing inter-limb synchronization,

they identified that lower complexity patterns were associated with a higher risk

of developmental delays, highlighting the utility of automated kinematic analysis

for neurological assessment.

Building on this concept, Reich et al. [96] used OpenPose [97] to detect FMs

in typically developing infants. Their approach relied on full-body pose extraction

to generate a 25-point skeleton, which served as input for a neural network trained

on 2,800 annotated video frames. This method achieved an 88% classification ac-

curacy, demonstrating that non-invasive motion tracking can facilitate naturalistic

movement analysis without the need for markers or devices.

OpenPose was further explored by Chambers et al. [98], who retrained the al-

gorithm on labeled infants’ videos to enhance pose estimation for neuromotor risk

assessment. By extracting kinematic features such as velocity and postural symme-

try and applying a Bayesian Surprise metric, they identified significant deviations

in movement patterns among infants at higher neuromotor risk, emphasizing the

accessibility and cost-effectiveness of such tools.

To achieve greater accuracy in pose estimation, Groos et al. [99] utilized Con-

volutional Neural Networks (CNNs) such as EfficientHourglass Model (Efficien-

tHourglass) [100] and EfficientPose Framework (EfficientPose) [101]. Their study

trained models on a large dataset of clinical and home videos, reaching precision

levels comparable to those of human experts, particularly with the EfficientHour-

glass B4 model. This work highlights the scalability and potential of ConvNet-

based methods for early motor development screening.
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Another marker-less approach was implemented by Moro et al. [102], who used

DeepLabCut Framework (DeepLabCut) [103] to analyze preterm infants’ sponta-

neous movements. Their pipeline extracted quantitative kinematic features and

utilized classifiers such as SVMs and Long Short-Term Memory Networks (LSTMs)

to distinguish between normal and abnormal patterns, achieving an accuracy of

85.7%. This highlights its applicability for early neuromotor disorder detection in

clinical settings.

Focusing on General Movements (GMs), Passmore et al. [104] developed a

DeepLabCut-based framework to automate GMA. Using 503 smartphone videos of

infants aged 12 to 18 weeks, their system achieved an Area Under the Curve (AUC)

of 0.80 and 76% sensitivity for detecting abnormal movements. This demonstrates

the practicality of smartphone-based, non-invasive assessments for early CP screen-

ing.

The analysis of GMs during the writhing stage was further refined by Let-

zkus et al. [105], who developed a Neonatal Intensive Care Unit (NICU)-trained

pose estimation model to detect anatomical key points with high accuracy. Their

movement analysis identified significant differences in lower limb dynamics between

normal and cramped-synchronized GMs, providing early insights into CP risk.

Similarly, Doi et al. [106] applied ML to explore the relationship between 4-

month-old infants’ spontaneous movements and ASC-like behaviors at 18 months.

Their analysis revealed reduced movement strength and atypical body center dy-

namics in HR infants, supporting the potential of early video-based ASC risk

detection. Extending their work, Doi et al. [107] also investigated neonatal move-

ments during sleep and awake states, finding that motor patterns during sleep

provided better predictive markers for ASC risk, emphasizing the role of subtle

early indicators.

Shifting focus to infant safety, Singh et al. [108] introduced a smart monitoring

system combining OpenPose [97] and Dlib [109] for real-time infant posture and

sleep analysis. By detecting unsafe conditions such as face-down sleeping, the

system offered caregivers immediate alerts, reducing the risk of sudden Sudden

Infant Death Syndrome (SIDS) and enhancing infant safety.

Tsuji et al. [110] developed a marker-less system incorporating an artificial Ar-

tificial Neural Network (ANN) to analyze 25 motion indices from video recordings.
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Their system achieved 90.2% classification accuracy, aligning closely with expert

evaluations and paving the way for early non-invasive diagnoses of disorders like

CP.

The potential of DeepLabCut was also explored by Abbasi et al. [111], who

combined it with deep neural networks to analyze spontaneous movements in in-

fants. By fine-tuning models such as Residual Network Model with 152 layers

(ResNet-152) [112] and EfficientNet Model, Version B6 (EfficientNet-B6) [113]

and integrating a Kalman filter, their system achieved over 94% accuracy in pose

estimation, enhancing the precision of automated assessments.

Pose-based features were central to the work of McCay et al. [114], who used

OpenPose to classify abnormal movements with up to 91.67% accuracy, empha-

sizing the robustness of ML for CP detection. Their earlier study in 2019 laid

the foundation for this approach by introducing innovative pose-based features

for movement classification, achieving remarkable accuracy on both synthetic and

real-world datasets.

Advancing these efforts, Sakkos et al. [115] developed a system combining

CNNs and LSTMs to model limb movements. By integrating visualization modules

to highlight influential body parts, they improved interpretability for healthcare

applications while addressing class imbalance with data augmentation.

Further exploring early movement detection, Doroniewicz et al. [116] employed

OpenPose to analyze writhing movements in newborns, extracting features that

described movement scope, shape, and location. Their ML classifiers demonstrated

high sensitivity and specificity, reinforcing the value of pose-based analysis for early

neurological diagnoses.

Lastly, Moccia et al. [117] utilized depth videos from NICUs to propose a 3D

convolutional neural network framework. Their approach achieved precise pose

localization, offering a non-invasive method for monitoring preterm infants’ devel-

opment and identifying early signs of disorders like CP.
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1.4.2 Gesture Recognition in Neurodevelopmental Assess-

ment

The assessment of gesture production is essential for understanding social com-

munication skills, particularly in neurodevelopmental disorders such as ASC. Ges-

tures, including pointing, waving, and reaching, serve as early markers of social

and communicative development. However, despite their well-established diagnos-

tic relevance, traditional methods often struggle to capture the full complexity

and subtlety of developmental trajectories. This limitation is particularly evident

in longitudinal studies, where early variations in gesture use may provide critical

insights into emerging social or communication delays [45, 58]. In this context,

artificial intelligence (AI) has emerged as a powerful tool, enabling automated,

objective, and real-time assessments that enhance the precision and scalability of

neurodevelopmental evaluations.

1.4.2.1 AI for Gesture Detection and Classification

Deep Learning Approaches DL models, particularly CNNs and Recurrent

Neural Networks (RNNs), have demonstrated exceptional capabilities in detect-

ing and classifying complex gestural patterns. Alkahtani et al. [118] developed

a CNN-LSTM model to analyze video recordings of children exhibiting repeti-

tive behaviors, such as hand flapping, an established early marker of ASC. Their

model, trained on the Self-Stimulatory Behavior Dataset (SSBD) [58], achieved

an impressive 96% accuracy, underscoring the potential of AI in automating the

recognition of diagnostic behaviors [119].

Similarly, Singh et al. [120] utilized a Video Masked Autoencoder (VideoMAE)-

based model [121] to detect stereotypical behaviors such as arm flapping and head

banging in children with ASC. Excelling in feature extraction from video data,

their system achieved a 97.7% success rate. These advancements highlight the

robustness of DL methods in processing high-dimensional video data, making them

particularly suitable for large-scale screening initiatives and remote assessments.

Transformer architectures [122], with their capacity to model long-range depen-

dencies in sequential data, have further revolutionized gesture recognition. Floris

et al. [123] iintroduced a transformer network capable of accurately identifying
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hand gestures with a 91.67% accuracy rate, demonstrating enhanced adaptability

to diverse gesture types beyond strictly clinical contexts. Extending this approach,

Song et al. [124] developed a multimodal screening method combining pose track-

ing, head pose estimation, and speech recognition, achieving 93.3% accuracy in

detecting responses to names. These multimodal systems leverage the comple-

mentary strengths of various data streams, providing a comprehensive profile of a

child’s communicative and motor behaviors.

In addition, McDonald et al. [125] explored head movement patterns during

dyadic interactions using computer vision. Their approach proved more accurate

in predicting autism status than monadic analysis, highlighting the importance of

social cues in understanding social communication difficulties in autism.

While manual coding remains a gold standard in behavioral research, it is in-

herently time-consuming and prone to subjectivity. AI integration can streamline

this process without compromising accuracy. Samanta et al. [126] demonstrated

this by combining a Deep Convolutional Neural Network (DCNN) with a SVM to

classify 12 distinct gestures during infant-caregiver interactions. The strong corre-

lations between machine-coded and human-coded gestures underscore the potential

of AI to enhance traditional coding methods, particularly in large-scale studies of

language acquisition and cognitive development.

Applications in Clinical and Naturalistic Settings The deployment of AI-

powered systems in real-time gesture recognition has transformative implications

for clinical diagnostics and early intervention. Gopi et al. [127] illustrated how

AI models can track subtle motor patterns and detect gestural anomalies indica-

tive of developmental delays. Unlike traditional assessments conducted in clinical

settings, these systems can be seamlessly integrated into everyday environments,

enabling unobtrusive, continuous monitoring that enhances ecological validity.

Hashemi et al. [128] validated mobile applications capable of analyzing en-

gagement, head movements, and emotional responses in both home and clinical

contexts. Such tools offer scalable solutions for ASC screening, reducing the re-

liance on specialized clinical visits and thereby increasing accessibility for families

in remote or resource-limited settings.

Beyond diagnostic applications, gesture recognition technologies have been in-
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corporated into therapeutic contexts through socially assistive robotics. Ivani et

al. [129] demonstrated how integrating AI with robotic platforms can enhance

therapy for children with ASC, alleviating the cognitive load on therapists while

improving gesture recognition accuracy. These systems not only facilitate individu-

alized intervention plans but also promote engagement and motivation in children,

making therapy sessions more interactive and effective.

The combination of AI with wearable sensor platforms further expands the

possibilities for continuous, real-time monitoring. Siddiqui et al. [130] devel-

oped a system using accelerometers and gyroscopes to capture movement data in

children with ASC, achieving approximately 91% accuracy through ML models.

Such devices allow for prolonged data collection in naturalistic settings, provid-

ing clinicians with rich datasets to inform early intervention strategies and track

developmental progress over time.

The integration of advanced AI methodologies, ranging from deep learning

architectures to transformer-based and multimodal models, has significantly en-

hanced the accuracy, scalability, and ecological validity of gesture recognition sys-

tems. These technological advancements enable comprehensive assessments of cog-

nitive, motor, and social behaviors, with profound implications for early detection

and intervention in neurodevelopmental disorders like ASC.

However, despite these promising developments, several challenges remain. En-

suring the generalizability of AI models across diverse populations requires access

to large, representative datasets. Privacy concerns associated with continuous

monitoring, especially in home environments, must be addressed through robust

data protection protocols. Future research should focus on refining multimodal

integration, improving model transparency, and exploring ethical considerations

related to the deployment of AI-driven assessments in vulnerable populations.

By addressing these challenges, the field can move toward more precise, scal-

able, and effective interventions, ultimately enhancing the quality of care and

developmental outcomes for children with neurodevelopmental disorders.
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1.4.3 Gaze and Visual Attention Pattern Analysis

AI-driven technologies have revolutionized gaze and visual attention assessments

by enabling automated quantification of gaze metrics, such as fixation duration

and gaze shifts, even in complex and dynamic environments. These tools pro-

vide refined analyses of disorder-specific attentional patterns, including reduced

face-directed gaze in ASC and heightened distractibility in ADHD, which serve as

early behavioral markers [53, 50]. Unlike traditional methods, which often require

controlled laboratory settings, AI-powered systems facilitate reliable data process-

ing in naturalistic environments, thereby enhancing ecological validity and clinical

applicability [131, 80].

A significant advancement lies in the integration of visual attention data with

other behavioral indicators, such as gestures and vocalizations, to create compre-

hensive multimodal profiles. This approach captures the intricate interplay be-

tween visual attention, joint attention, and social cues, supporting more accurate

diagnostics and personalized intervention planning [132].

1.4.3.1 AI Techniques for Gaze Analysis in Neurodevelopmental Dis-

orders

Advanced ML and DL algorithms, including CNNs and LSTMs, offer detailed in-

sights into the temporal and spatial dynamics of gaze behaviors. Li et al. [133]

utilized an LSTM-based model to analyze raw video data, capturing sequential

gaze patterns during social interactions and achieving high classification accuracy

for ASC. Similarly, Vabalas et al. [134] integrated kinematic and gaze metrics, un-

derscoring the advantages of multimodal approaches in profiling fixation duration,

saccadic movements, and gaze shifts.

Standardizing gaze analysis methods has become increasingly feasible through

AI-based quantitative approaches. For instance, Jeyarani et al. [135] stressed

the importance of consistent protocols to identify autism markers reliably, while

Akter et al. [136] demonstrated how gaze metrics could inform personalized treat-

ment plans. These studies collectively highlight how AI methodologies address

variability issues inherent to traditional assessments.
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Clinical and Diagnostic Applications of Gaze Analysis Atypical gaze be-

havior is a well-established marker of neurodevelopmental disorders, particularly

ASC. Clinical applications of AI-driven gaze analysis have yielded high diagnostic

accuracy rates. Zhang et al. [137] employed CNNs to analyze gaze during inter-

active tasks, achieving a 92% classification accuracy. Complementarily, Ahmed

et al. [138] leveraged LSTMs and GRUss architectures to model temporal gaze

dynamics, reporting an impressive 98.33% accuracy.

Beyond diagnostics, gaze metrics provide insights into broader cognitive and

social processes. Sasson et al. [139] found that children with ASC demonstrate

reduced fixation on faces and heightened attention to non-social stimuli, patterns

linked to social communication challenges. Kang et al. [140] further elaborated on

how gaze deviations impact emotion recognition and social cue processing.

Emerging technologies extend gaze analysis beyond clinical settings. Remote

monitoring solutions, like those proposed by Bidwe et al. [141], enable real-time,

home-based assessments, bridging gaps in traditional diagnostic practices. Stuart

et al. [142] demonstrated the utility of gaze tracking in monitoring therapeutic

progress, while Cho et al. [143] and Moradizeyveh et al. [144] emphasized the

scalability and accessibility of AI-driven tools.

Integrating AI into gaze and visual attention assessments enhances the preci-

sion, scalability, and accessibility of neurodevelopmental evaluations. By improv-

ing diagnostic accuracy and enabling continuous monitoring, these advancements

support personalized interventions and better outcomes for individuals with NDD.

1.4.4 Language Assessment

AI has transformed language assessment through advanced tools such as NLP and

ML, enabling detailed analyses of syntactic complexity, prosody, and lexical diver-

sity. These technologies facilitate the identification of language delays often asso-

ciated with NDD [145]. Traditional assessments, such as the CELF, frequently fail

to capture pragmatic language use in naturalistic contexts. AI-based methods ad-

dress this limitation by providing objective and continuous data on conversational

patterns, including turn-taking, topic maintenance, and responsiveness, offering a

more comprehensive understanding of communicative abilities [75]. This approach
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enables interventions to be tailored to the specific linguistic and communicative

needs of each child.

1.4.4.1 AI Techniques for Language Analysis in Neurodevelopmental

Disorders

This section explores the technical methods through which AI identifies linguis-

tic patterns in children with NDD. Children with ASC, SLI, and ADHD present

distinct linguistic profiles that impair effective communication. Leveraging ML,

advanced voice recognition models, and behavioral analyses, AI allows for the de-

tection of subtle linguistic features often overlooked by traditional methods, thus

enhancing diagnostic accuracy and facilitating early identification of language dif-

ficulties.

Numerous studies have demonstrated how various AI techniques support the

analysis of specific linguistic domains. Villasanti et al. [146] and Sharma et al.

[147] applied ML models to identify phonetic, syntactic, and semantic features in

children with SLI, revealing linguistic patterns typically missed by standardized

evaluations. Gale et al. [148] utilized NLP on natural speech data to differenti-

ate between ASC and SLI, highlighting linguistic markers that enhance diagnostic

processes. Acoustic analyses have also advanced significantly; Pahwa et al. [149]

demonstrated that AI-based models outperform manual methods in distinguish-

ing NT speech from autistic speech, while Radha et al. [150] employed CNNs,

achieving an accuracy rate of 86.6%.

These findings highlight how AI, through targeted techniques and multimodal

analyses, enables comprehensive linguistic assessments, paving the way for more

precise interventions.

Clinical Applications of AI in Language Processing While the previous

section focused on technical aspects, this section examines the clinical applications

of AI technologies in diagnosis and intervention. The integration of linguistic and

behavioral data enables tools capable of monitoring the evolution of communicative

skills and personalizing treatment strategies.

Wang et al. [151] proposed a multimodal approach that integrates auditory and

behavioral data, such as responses to one’s name, to detect developmental delays.
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Similarly, Bhardwaj et al. [145] developed individualized phonetic profiles to guide

targeted interventions. Narala et al. [152] combined CNNs with architectures

like EfficientNet for simultaneous analysis of vocal signals and facial expressions,

enhancing ASC diagnostics by capturing multimodal markers.

Assistive and Augmentative Communication (Augmentative and Alternative

Communication (AAC)) technologies have particularly benefited from AI-driven

advancements. Costanzo et al. [153] developed Talkitt, a system that translates

unintelligible vocalizations into words, promoting social integration for children

with severe language impairments. Similarly, mobile applications such as Fluency

SIS [154] provide continuous, accessible therapy that can be seamlessly integrated

into daily routines, supporting therapeutic goals beyond clinical environments.

These applications demonstrate how AI enhances not only diagnostic precision

but also long-term therapeutic strategies tailored to the evolving communicative

needs of children with NDD.

Innovative Applications and Emerging Trends Innovation in AI-based lan-

guage assessment is continuously evolving, with emerging technologies expanding

diagnostic and therapeutic possibilities beyond current methods. Unlike the pre-

vious sections, this part focuses on future directions and applications not yet fully

integrated into standard clinical practice.

Multilingual voice recognition models, such as those developed by Ashwini et

al. [155], have achieved an accuracy rate of 91.3%, demonstrating the adaptability

of AI across diverse linguistic contexts. Trayvick et al. [156] introduced virtual

reality environments that allow children to practice language skills in controlled,

immersive scenarios, offering real-time adaptive feedback. Educational platforms

like SmartSpeech [157] gamify the diagnostic process, increasing engagement while

providing clinicians with real-time progress data.

Future research aims to integrate linguistic, cognitive, and behavioral data to

develop comprehensive AI models. Almutairi et al. [158] proposed wearable sen-

sors coupled with AI algorithms to monitor vocalizations and social interactions

in real time, enabling more responsive therapy adjustments. Donolato et al. [159],

Sindhu and Sainin [160], and Hu et al. [161] emphasize the importance of multi-

modal frameworks to improve both diagnostic precision and therapeutic efficacy.
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These trends hold promise for overcoming current limitations, providing in-

creasingly accurate, accessible, and personalized tools that foster a holistic ap-

proach to the assessment and treatment of language impairments in NDD.
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Research Motivation and Objectives

The primary objective of this research is to advance the understanding of NDD

by investigating multiple developmental domains throughout childhood using an

AI-driven, multimodal approach grounded in the theoretical principles of the neu-

rodevelopmental cascade. As discussed in the previous chapter, this model assumes

that early deficits, such as motor impairments, can trigger cascading effects, im-

pacting higher-order cognitive, communicative, and social functions. Adopting

an evolutionary perspective, the study explores how motor, communicative, and

emotional domains dynamically interact across distinct childhood stages. The ul-

timate goal is to refine the characterization of neurodevelopmental trajectories and

identify novel biomarkers to improve both detection and intervention strategies.

Leveraging advanced AI techniques, this research focuses on automating and

enhancing the identification of early sensory, cognitive, and behavioral indica-

tors, including communicative gestures, speech capabilities, social engagement

patterns, visual attention processes, and emotional expressions. This integrative,

data-driven approach enables a comprehensive assessment of neurodevelopmental

pathways, facilitating more precise diagnoses and personalized interventions. By

optimizing diagnostic precision and tailoring therapeutic strategies, the study aims

to contribute to more effective support for children with NDD.
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Methodology

1. Motor Development in Early Infancy: From Spontaneous Move-

ments to Reaching Behaviors

The research initially focused on analyzing spontaneous movements in new-

borns to explore early motor patterns and their correlation with the later

onset of NDD. This phase aimed to identify potential risks of developmen-

tal divergence by assessing general movements during the first weeks of life.

As infants reach six months of age, a period typically characterized by the

emergence of object reaching and the development of postural control, the

scope expanded to include the analysis of more complex hand movements,

particularly during social interactions and object presentation tasks. This

progression, from basic spontaneous movements to goal-directed reaching

behaviors, follows the developmental trajectory of motor skills and their im-

plications for neurodevelopmental risk, thereby deepening the understanding

of how early motor patterns may relate to the later onset of NDD.

2. Emerging Communicative Skills in Toddlers: Gestures, Gaze, and

Vocalizations in Naturalistic Interactions

As children transitioned into the toddler stage, the study shifted its focus

to the production of gestures during naturalistic parent-child interactions,

capturing a wide range of communicative behaviors in ecologically valid con-

texts. Particular attention was given to deictic gestures, which are known

to be crucial precursors for the development of early social and commu-

nicative skills. The study compared these behaviors between Neurotypical

(NT) children and those at risk for NDD and introduced an AI-driven tool

for the automatic recognition of gestures from naturalistic video data. This

tool provides an efficient and scalable method for assessing gesture produc-

tion, advancing the study of early communication in real-life contexts and

enhancing the understanding of developmental trajectories across various

neurodevelopmental profiles.

3. Advancing Visual Attention to Social Cues in Preschoolers: Ex-

ploring Gaze Patterns Development
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The investigation of visual attention in preschool-aged children employed

an innovative eye-tracking paradigm enhanced by AI technologies. This ap-

proach enabled a precise analysis of gaze patterns and attentional allocation

in social settings, revealing deficits commonly associated with NDD. The

study specifically examined how children distribute attention to social cues,

providing insights into the role of visual attention divergence in social cog-

nition and communication difficulties in children with NDD.

4. Neurodivergent Trajectories in Middle Childhood: Effects on Ex-

pressive Kinematics and Speech

Further investigations were conducted with school-aged children to explore

more complex manifestations of neurodivergence. Specifically, we analyzed

the kinematics of “Vitality Forms” (VFs), which describe how children con-

vey emotions and affect through actions and body movements during social

interactions. By comparing the dynamic expressions of children with NDD

to those of their typically developing peers, the study provided valuable in-

sights into differences in emotional communication and social cue processing

in NDD. Additionally, we examined language development using AI-driven

tools to detect and assess dysarthria, facilitating the early identification of

speech-related impairments.

Innovation, Impact, and Future Directions This research represents an

innovative integration of technological advancements with the neurodevelopmen-

tal cascade model. By employing a multimodal AI-based approach across differ-

ent developmental stages, the study explores how early disruptions in motor or

communicative skills may cascade into broader cognitive and social impairments.

Identifying early biomarkers not only distinguishes NDD from neurotypical devel-

opment but also enables the stratification of disorders based on specific functional

domains. This process supports targeted interventions tailored to individual neu-

rodevelopmental profiles, ultimately improving long-term outcomes.

Integrating data across motor, communicative, and emotional domains provides

a more comprehensive perspective on neurodevelopmental trajectories, shifting

from isolated assessments to holistic evaluations. This approach enhances clinical

58



CHAPTER 2. RESEARCH MOTIVATION AND OBJECTIVES

practice by facilitating more personalized and timely interventions.

Future research will focus on embedding AI-based tools into clinical workflows,

ensuring accessibility and effectiveness. Long-term studies will be essential for

tracking developmental trajectories, allowing clinicians to monitor progress and

refine interventions accordingly. Further exploration of specific biomarkers will

enhance diagnostic precision and early detection. Beyond clinical applications,

this paradigm has implications for personalized intervention strategies, educational

support, and policy decisions related to early childhood development. By priori-

tizing practical applications, the overarching goal is to improve the quality of life

for children with NDD and provide tailored resources for families.

59



Chapter 3

Motor Development in Early In-

fancy: From Spontaneous Move-

ments to Reaching Behaviors

Early motor development is a fundamental building block in children’s growth,

exerting profound influence on the acquisition of cognitive, communicative, and

social competencies. As highlighted in the preceding chapters, motor skills enable

infants to actively engage with their environment, facilitating multimodal learn-

ing experiences that shape subsequent developmental trajectories. Disruptions in

early motor behaviors can initiate cascading effects, amplifying delays across do-

mains such as language, social interaction, and executive functions. The present

chapter employs AI to investigate motor development in infants at HR for NDD

from the earliest days of life. The overarching aim is to leverage the predictive

potential of AI-based models to detect subtle motor patterns that may signal di-

vergent neurodevelopmental pathways. To this end, two studies are presented: the

first focuses on the marker-less analysis of spontaneous movements in newborns,

emphasizing the characterization of GMs and kinematic features; the second ex-

amines the emergence of goal-directed hand movements, with particular attention

to reaching behaviors during social engagement and object-presentation tasks.
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3.1 Marker-less Analysis of Spontaneous Move-

ments in Newborns

Spontaneous movements during the early postnatal period are fundamental indica-

tors of the integrity and maturation of the developing nervous system. Deviations

in the quality or complexity of these movements can provide early signs of potential

neurodevelopmental challenges, highlighting the importance of timely identifica-

tion to facilitate targeted interventions. This section employs a non-intrusive,

marker-less AI approach to examine spontaneous motor patterns in newborns at

HR for NDD. By focusing on a detailed analysis of GMs and kinematic features,

the study aims to capture subtle alterations that traditional observational methods

may overlook. Through automated video processing, the proposed method offers

an objective, scalable solution for detecting early deviations in motor behavior,

which may be indicative of adverse outcomes.

3.1.1 Participants

For this analysis, 74 HR infants were recruited from the Italian Network for Early

Detection of ASC, also known as the NIDA network [162]. The NIDA network

represents the largest Italian cohort of infants at risk for NDD and includes siblings

of children diagnosed with ASC, preterm newborns, and small-for-gestational-age

newborns. For each participant, we recorded and analyzed five videos capturing

the infant in a state of natural and unrestricted movements at five specific time

points corresponding to 10 days, 6, 12, 18, and 24 weeks of age. These time points

were chosen to capture crucial moments in motor development from birth onward.

Furthermore, a comprehensive clinical/diagnostic assessment of the infants and

toddlers using standardized tools/tests and parental structured interviews were

conducted to confirm the presence/absence of NDD. Within this cohort, 5 infants

dropped out of the study, 28 received a diagnosis of NDD, while 33 have been

assessed as NT. Additionally, 8 infants are still pending evaluation since they have

not yet reached the appropriate age for a stable diagnosis. Videos of no-label

or drop-out infants were used exclusively for validating our DL-based automatic

tracking approach and not for the subsequent analysis steps aimed at identifying
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predictive variables for NDD.

The dataset (summarized in Table 3.1) lacks complete sets of five videos for

each participant, as not all individuals could be recorded at every designated time

point. Furthermore, in addition to the videos reported in the dataset and recorded

as described in the following paragraph, we used four additional amateur-recorded

videos to test our tracking algorithm under completely unstructured conditions.

Further details about the dataset can be found in the supplementary Table A.1.

Time Point NDD NT No Label Drop-out

10 days 11 15 2 4

6 weeks 18 22 6 4

12 weeks 22 25 6 2

18 weeks 14 26 5 2

24 weeks 18 16 6 1

Table 3.1: Overall dataset with the number of videos for each timepoint. Subse-
quently, for analyses aimed at identifying early motor features predictive of clinical
outcomes, only data from children who have received a diagnosis (NDD and NT)
were included.

The study was approved by the ethics committee of the ISS (Approval Number:

Pre 469/2016), all the families that voluntarily participated in the study signed a

written informed consent and all methods were performed in accordance with the

relevant guidelines and regulations. Informed consent for publication of identify-

ing information/images was also obtained from the parents of the subjects whose

images appear in this section.

3.1.2 Methods

3.1.2.1 Experimental Setup

Infants were recorded in a home setting, lying on a green blanket supplied by

the NIDA network. The camera was positioned at a distance of 50 cm above

the infant’s chest. Each recording lasted for a minimum of 5 minutes, aiming to

capture spontaneous movements of the infant’s entire body.
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3.1.2.2 Video Editing

Recorded videos were reviewed revealing that in most cases, segments of high qual-

ity (i.e., without external disturbances such as operator intervention to soothe the

infant) did not exceed 3 minutes in duration. Consequently, the decision to retain a

3-minute video segment representing the highest quality portion for each recording

was made. To ensure consistency in the dataset, videos were manually edited to

meet the following specific criteria: a duration of three minutes and the infant in

a supine position, displaying a state of well-being and spontaneous motor activity,

and without any episodes of crying. In the cases where the videos contained more

than 3 minutes of high-quality footage, we opted to analyze the initial 3 minutes

of high-quality content. Any video frames that exhibited operator or parental

interferences, as well as accidental camera movements, were excluded from the

subsequent analysis. All the analysis presented in the following paragraphs were

performed using Python [163] and Matlab [164].

3.1.2.3 Tracking Procedure

The trajectories of infants’ body landmarks during their spontaneous movements

were automatically extracted from all the collected videos using a customized ap-

plication of the Mediapipe Pose Landmark Detection solution [165]. MediaPipe is

an open-source framework developed by Google for creating AI and ML pipelines,

offering a suite of libraries and tools for multimedia processing across multiple

platforms. The MediaPipe Pose Landmarker, a key component of this framework,

enables real-time human pose estimation by detecting and tracking 33 body land-

marks, including significant points such as joints and limb endpoints like hands

and feet, in images and videos.

The architecture is based on BlazePose [166], a specifically modified version

of the MobileNet [167] CNN, which processes input data to extract features and

generate heatmaps representing the likelihood of each landmark’s presence. A

regression model then refines the coordinates of the detected landmarks to im-

prove accuracy. The system outputs these landmarks as both image coordinates

(pixel values) and 3-dimensional world coordinates, facilitating applications such

as posture analysis, movement categorization, and body point identification. Me-

63



CHAPTER 3. MOTOR DEVELOPMENT IN EARLY INFANCY: FROM
SPONTANEOUS MOVEMENTS TO REACHING BEHAVIORS

diaPipe’s lightweight and efficient architecture is optimized for use across various

platforms, including mobile devices and web applications.

The comprehensive list of landmarks is provided in Figure 3.1. For each refer-

ence point, we stored a N × 2 matrix containing the x and y coordinates in the

image for each of the N frames in the respective video.

Figure 3.1: List of the 33 body landmarks locations tracked using Mediapipe Pose
solution [165].

We selected the MediaPipe Pose Landmark Detection as the body pose estima-

tion solution for our study due to several advantages. Notably, it has undergone

an extensive training on large datasets and fine-tuning to ensure precise landmarks

detection. Additionally, it offers real-time pose estimation with minimal latency.

Furthermore, the CNN architecture is easily customizable to meet specific project

requirements.

In our work, we fine-tuned the hyperparameters of the CNN during the training

process to optimize the performance of pose landmark detection for our specific

task.

This AI approach in our study has demonstrated remarkable robustness also in

conditions such as low resolution (Figure 3.2a), inadequate lighting (Figure 3.2b),

inadvertent operator intrusion into the frame (Figure 3.2c), infants wearing socks

or clothing that covered their limbs (Figures 3.2d and 3.2e), or variations in skin

tones (Figure 3.2f). In all these scenarios, motion tracking was performed accu-

rately, as further confirmed by the model validation described in the next para-
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graphs.

(a) (b) (c)

(d) (e) (f)

Figure 3.2: Example of videos with low resolution (a), poor lighting (b), hand
operator intrusion in the frame (c), and children wearing socks and clothes that
covered their limbs (d and e) or had different skin tones (f).

3.1.2.4 Signal Preprocessing

Using the outlined methodology, we identified the x and y coordinates of 33 body

landmarks for each frame of each video in our dataset. The AI model ensures

consistency across diverse frame sizes by normalizing coordinate values within the

range of 0 to 1. The resultant output for each video undergoing processing was

a file that contained, for each landmark, the corresponding x and y coordinates

across every frame in which the model successfully performed body pose estima-

tion. For subsequent analyses aimed at identifying early motor predictors of NDD,

we specifically focused on infants’ limbs. The centroid coordinates of each end-

effector were computed for each frame mediating the x and y coordinates of wrist,

pinky, and index for the hands and of ankle, heel, and foot index for the feet

(Figure 3.3). Each signal was then preprocessed by applying a zero-phase moving
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average filter with a selected window size of 5 samples in order to smooth noisy

fluctuations.

(a) (b)

Figure 3.3: Example of two frames with the detected reference points and the cor-
responding skeleton overlaid. The hands and feet centroids are indicated by larger
dots. Figure (a) shows the overlaid skeleton when the limbs are fully extended,
whereas Figure (b) illustrates the case where the limbs are bent.

3.1.2.5 Model Validation: Comparison with Movidea

To evaluate the performance of our automatic tracking approach, we conducted

a comparative analysis between the trajectories derived from our procedure, de-

scribed in the previous paragraphs, and those obtained using Movidea [92], a

validated software package purposefully designed for the semi-automatic extrac-

tion of kinematic features in assessing infants’ motor skills. Movidea is a software

which facilitates the tracking of infants’ end-effectors during free movement, from

single-camera video footage. However, it requires the presence of an operator for

the selection of the infant’s reference measures, specifically the head length and

the symmetry line of the body. The operator is also responsible for selecting the

central point of each limb’s end-effector to initialize the tracking algorithm, and

they must oversee the entire process, intervening to reset the points in the event

of errors and to skip frames in cases where a limb is not visible.

During the validation procedure, in addition to the videos listed in Table 3.1

acquired through the method described in the paragraphs Experimental Setup and

Video Editing, we also tested four additional amateur videos. These videos were

recorded under conditions different from the structured procedure established for
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the study. To assess the similarity between our tracking results and those from

the operator-dependent software Movidea, we computed the Pearson’s Correlation

Coefficient (R), the p-value testing the hypothesis of no relationship between the

two signals, and the Root Mean Square Error (RMSE). For each signal, similarity

measures were computed within 10-second windows and then averaged across all

these windows. Subsequently, we checked the normality of the data distribution

for each measure, using the Shapiro-Wilk statistical test. Upon identifying non-

normal distributions (p < 0.001), we expressed the aggregated results across all

the signals using the median value (Q1-Q3).

3.1.2.6 Feature Extraction

To characterize the spontaneous movements of infants in terms of synchronicity,

smoothness, repetitive movements, and symmetry, we used the trajectories of each

end-effector’s centroid extracted from videos of NDD and NT children at each time

point to compute the following features and kinematic parameters:

Velocity and Acceleration: The velocity of each limb was calculated as the

Euclidean distance between the location of the corresponding reference point in ev-

ery two subsequent frames. The obtained signal was then multiplied by the frame

rate to normalize any difference due to videos captured using different devices. To

reduce the fast oscillations in the velocity profiles, a third-order low-pass Butter-

worth filter with a cutoff frequency equal to 95% of the Nyquist frequency was

then applied. Analogously, the acceleration of each limb was calculated as the dif-

ference between two consecutive velocity samples. Descriptive statistics, including

mean, median, standard deviation, variance, mode, skewness, kurtosis, maximum,

and minimum were then computed for both the velocity and acceleration of each

limb. Furthermore, the features obtained for the right and left hands, as well as

for the right and left feet, were averaged to aggregate the kinematics of the upper

body and lower body, respectively.

Cross-Correlation (CC): The calculation of the zero-lag cross-correlation be-

tween the velocity of each pair of limbs was performed applying the following

equation:
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CCv1v2 =
σv1v2√
σ2
v1
· σ2

v2

(3.1)

where CCv1v2 is the cross-correlation between the velocity v1 and the velocity

v2, σv1v2 is the covariance of v1 and v2, σ2
v1

is the variance of v1, and σ2
v2

is the

variance of v2. CC serves as a metric to evaluate the synchronization of limbs

movements, a fundamental information for describing the distinct motor patterns

exhibited by infants. Consequently, it holds significant importance in the early

assessment of NDD [168].

Area differing from Moving Average (Ama): The smoothness is another

crucial parameter for the assessment of infants’ proper development, as typical

GMs are characterized by continuous, flowing patterns without jerky or abrupt

transitions. To quantify this aspect, we computed the moving average for both

the x and y components of each limb’s trajectory across the entire recording, using

a 2-second window size [168], as described by the following equation:

x̄i =
1

k

i+k/2∑
j=i−k/2

xj (3.2)

where x̄i is the moving average computed at the i-th frame, k is the window’s

size, and xj is the point position in the j-th frame.

Successively, for every sample in the trajectory, we calculated the deviation

from the moving average by subtracting the trajectory value from the correspond-

ing moving average value, as shown in the following equation:

Amax =

l−k/2∑
i=k/2

|xi − x̄i| (3.3)

where Amax is the area differing from the moving average of the x component

and l is the total number of frames of the recording. Finally, the total Ama was

computed for both the lower and upper limbs. This was accomplished by summing

the areas that deviated from the moving average for the two components of the

feet and the two components of the hands respectively.
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Periodicity (P): Periodicity, as defined by Meinecke, L. et al. [168], is a param-

eter designed to assess the presence of repetitive movements in limbs motion. To

measure the periodicity of infants’ spontaneous movements, we computed a high-

order moving average for both the x and y components of each limb’s trajectory

across the entire recording, we segmented the recordings using a 1000-samples win-

dow size. This window length was chosen to capture the overall movement trend

without closely tracking the trajectory, allowing us to detect fast movements with

high amplitude [168]. Within each window, we computed the mean trajectory for

each limb’s movement component, and we then identified the points where the

trajectory intersected with the mean. Subsequently, we calculated the mean dis-

tance (d) and standard deviation (σd) between consecutive intersections. Finally,

the periodicity (P ) was determined by combining the aforementioned parameters

using the following equation:

P =
1

d + σd

(3.4)

Maximum displacement along the x and y axes: It was calculated for

each limb by subtracting the minimum coordinate from the maximum coordinate

occupied by the reference point during the recording. This measurement was

employed to quantify motion amplitude, another important characteristic given

that typical GMs exhibit high range and extent.

The smallest and largest eigenvalues of the 95% error ellipse between

the x and y components of the body centroid trajectory were computed:

A covariance error ellipse in two dimensions is a graphical representation of the

spread or dispersion of a bivariate distribution. It is centered on the mean value

of the two variables and its shape and orientation depend on the covariance be-

tween them. The major and minor axes of the ellipse correspond to the directions

of greatest variation in the data (eigenvectors), as determined by the covariance

matrix. The orientation of the ellipse indicates the correlation between the vari-

ables. A longer major axis implies greater variability in that direction, and vice

versa. The eigenvalues of the covariance matrix represent the variance of the data

along the eigenvectors. In the case of correlated data, the eigenvectors indicate
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the direction of the largest spread, while the eigenvalues, the magnitude of that

spread. Therefore, covariance error ellipses are helpful in understanding the distri-

bution of data points and within our specific application can be used to quantify

the magnitude of motion [169].

Percentage of covered space: For each limb we computed the ratio between

the sum of all the different positions occupied by that limb and the total number

of pixels in the frame to quantify the area of movement.

Mean Pearson Correlation Coefficient: It was computed between the x and

y components of left and right hands and between left and right feet trajectories

to also measure the symmetry between the two sides.

The Difference between mean velocity of upper body and mean velocity

of lower body: It has been calculated with the aim of comparing the amount

of movement between the upper and lower parts of the body according to the

following formula:

vdiff = vlefthand + vrighthand − vleftfoot + vrightfoot (3.5)

Where vdiff is the difference between mean velocity of upper body and lower

body, vlefthand is the mean velocity of left hand, vrighthand is the mean velocity

of right hand, vleftfoot is the mean velocity of left foot and vrightfoot is the mean

velocity of right foot.

Features were normalized by the infant’s bust size to remove differences due to

children size. Infants’ bust measure was computed by calculating the Euclidean

distance between the midpoint of the shoulders and the midpoint of the hips for

each frame, and subsequently extracting the median of these values.

3.1.2.7 Feature Selection

Applying the feature extraction procedure detailed in the preceding paragraph,

we derived a comprehensive set of parameters that characterize the spontaneous

movements of each infant in our dataset across both the NDD and NT groups
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and throughout all time points. These features comprised 45 parameters, encom-

passing a range of kinematic variables tailored to assess the gross motor skills of

infants. Specifically, they included 18 statistical descriptors related to velocity and

acceleration for both lower and upper limbs, 6 cross-correlations among limb pairs,

2 parameters capturing the periodicity of upper and lower body movements, and 2

metrics representing deviations from the moving average for the upper and lower

limbs. Additionally, our extraction process encompassed 8 features associated with

the maximum displacement of each limb along the x and y axes, 2 eigenvalues of

the centroid, 4 indicators measuring the percentage of space occupied by each

limb, 2 Pearson correlation coefficients for upper and lower body movements, and

1 feature expressing the difference in velocity between hands and feet. All these

variables were examined to identify potential early predictors of clinical outcomes,

specifically distinguishing between NT children and those diagnosed with NDD.

The following procedure was independently executed for each time point after

applying min-max scaling normalization, which accounted for differences in mea-

surement units and value ranges of features. As the initial step in reducing the

high number of variables, we conducted a correlation analysis using the Pearson

method. When variable pairs showed a correlation exceeding 80%, we systemati-

cally removed the one displaying lower variability within our sample. Subsequently,

we utilized the ANOVA F-value between the labels (NDD versus NT) and each of

the remaining features to rank them and identify the optimal subset of variables for

each time point [170, 171]. In the context of feature selection, the one-way ANOVA

assesses the significance of a feature in explaining the variance in the data and dis-

tinguishing between the NDD and NT groups. Specifically, the F-value used in

this test quantifies the ratio of the variance between groups to the variance within

groups. A high F-value indicates that the feature is more relevant for distinguish-

ing between groups, making it a strong candidate for feature selection [172]. The

F-value is calculated as the ratio of the Mean Squares Between-groups (MSB) to

the Mean Squares within Groups (MSW):

F =
MSB

MSW
(3.6)

The variance between the groups’ means MSB is calculated by dividing the Sum
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of Squares Between Groups (SSB) by the degrees of freedom for between-groups

(dfB), equal to k − 1, where k is the number of groups:

SSB =
∑

ni(µi − µ̄)2 (3.7)

where ni is the number of observations in the i-th group, µi is the mean of the

i-th group, and µ̄ is the overall mean.

The variance within each group MSW is measured by dividing the Sum of

Squares Within Groups (SSW) by the degrees of freedom for within-groups (dfW),

equal to N − k, where N is the total number of observations:

SSWi =
∑

(xi − µi)
2 (3.8)

Here, SSWi is the sum of squared differences between individual data points

xi and their group mean µi for each group i. The total SSW is the sum of these

SSWi values across all groups.

To select the optimal number of features for the subset at each time point,

we employed a recursive algorithm. Beginning with the subset comprising the

two features that obtained the highest-ranking scores, the algorithm computed

classification performance at each iteration while sequentially adding features in

descending order of their ranking. Ultimately, we chose the optimal subset that

achieved the best performance with the fewest features. The two groups were

compared for the selected variables at each time point using the non-parametric

unpaired two-samples Wilcoxon statistical test. We used the feature selection

procedure to assess, for each early time point, the existence of a subset within all

features capable of significantly discriminating between children later assessed as

NT or NDD. Then, only for the time points where this subset was identified, we

proceeded by applying the min-max scaling technique for normalization, given the

differences in measurement units and value ranges of features.

3.1.2.8 Mixed Effects Model for Selected Features

Given the longitudinal nature of our dataset, with repeated measurements for each

subject at different time points, we decided to conduct an additional analysis fo-

cused only on the features selected as described in the preceding paragraph, to
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address the potential correlation among repeated measures within the same indi-

vidual. We used a mixed-effects model, which effectively handles this complex data

structure, including missing data [173]. This approach enabled us to thoroughly

examine our variables by incorporating fixed effects for Group (NT vs. NDD),

Time Point, and the Group:Time Point interaction. Random effects were also in-

cluded to account for within-subject variability (1 | Subject). We used Restricted

Maximum Likelihood (REML) as the estimation method. The model applied to

analyze each feature was defined as follows:

Selected Features ∼ 1 + Time Point + Group + Time Point:Group + (1 | Subject)

(3.9)

When significant results were found, we performed post hoc analyses to inter-

pret them.

3.1.2.9 Classification Model

The selected and normalized features were employed as input to train a C-Support

Vector Classifier (C-SVC) [174] for the early identification of NDD infants at the

specific time point. C-SVC is a specific type of SVM designed to find an optimal

decision boundary or hyperplane for effectively separating different classes of data

in a dataset, ensuring the maximum margin between the classes while still allowing

for some classification errors based on the chosen value of C. C represents, indeed,

a regularization parameter that controls the trade-off between maximizing the

margin (the distance between the decision boundary and the nearest data points

of each class) and minimizing classification errors. A smaller value of C will result

in a larger margin but may allow some misclassification of data points, while a

larger value of C will lead to a narrower margin but fewer misclassifications.

This algorithm is particularly useful when dealing with non-linearly separable

data, as it can map the data into a higher-dimensional space to find a linearly sepa-

rable hyperplane. Moreover, several studies have demonstrated the effectiveness of

this classification model even with small-scale datasets. In our work, we set C = 1

and chose a radial basis function kernel since data are not linearly separable [174].

Leave-One-Out Cross-Validation (LOOCV) [175] was employed to train and test
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the SVM classifier considering the limited size of the dataset. The performances

were assessed using the following metrics [176]:

• Accuracy: This metric evaluates the ratio of correct predictions to the total

number of instances.

• Precision: Precision represents the ratio of true positive instances to the

total instances classified as positive. It assesses the classifier’s capability

to refrain from mislabeling a negative sample as positive. A high precision

value indicates a low rate of false positives, suggesting that when the model

predicts a positive result, it is likely correct.

• Recall or Sensitivity: This metric measures the proportion of positive

instances that are accurately classified. Recall reflects the classifier’s ability

in identifying all positive samples.

• Specificity: Specificity gauges the proportion of true negatives correctly

identified by a classification model out of the total number of actual nega-

tives. Essentially, it quantifies the model’s ability to avoid false positives.

• F1 Score: The F1 score is the harmonic mean of precision and recall. It

provides a balanced assessment, where the relative contributions of precision

and recall are equal.

3.1.3 Results

Model Validation with Movidea The Pearson correlation coefficient between

each signal extracted using our automatic tracking approach and its corresponding

signal obtained from Movidea is 93.96 (88.61-96.60)%. The RMSE was 9.52 (7.29-

12.37) pixels. The p-value < 0.0001 evidenced a significant relationship between

the two signals. An example of a trajectory extracted using our deep-learning-

based automatic approach with the same trajectory obtained from Movidea is

provided in Figure 3.4.
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Figure 3.4: Overlay of a foot trajectory extracted using our DL-based automatic
approach (blue line) and the same trajectory obtained with the Movidea software,
used as the gold standard for validating our approach (red line).

Testing the four amateur videos, we achieved an R of 95.75% and an RMSE

of 8.31 px, even when the background was not green (Figure 3.5a). Our approach

also demonstrated robust tracking capabilities, achieving an R of 91.44% and an

RMSE of 10.62 px, even when the child was not in a supine position (Figure 3.5b).

However, for accurate tracking, it was essential that the entire body of the infant

remained within the camera’s view, as also evidenced by the evaluation of missing

data. The algorithm’s performance when the infant moved outside the frame was

R = 42.56% and RMSE=19.7 px (Figure 3.5c). Additionally, if the infants were

dressed, their clothing needed to have a distinct color from the bedsheet or surface

they were lying on. Tests that did not adhere to these constraints resulted in

poorer performance, with an R of 64.58% and an RMSE of 11.69 px (Figure 3.5d).
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(a) (b) (c) (d)

Figure 3.5: Examples of amateur-recorded videos in unstructured conditions: (a)
no green background, (b) no supine position, (c) infant outside the camera’s view,
(d) infant being clothed in a color similar to the bedsheet.

Feature Selected and Mixed Effects Model The most important features

identified through the feature selection procedure from the total set of 45 include

the ‘Median Velocity of the Feet’, and the ‘Area differing from moving average’

and ‘Periodicity’, all within the lower body domain.

Non-parametric unpaired two-sample Wilcoxon statistical tests between NT

and NDD showed that the median values of these three variables were significantly

lower in NDD infants than in NT at 10 days. No significant effects were observed

for the remaining time points (Figures 3.6, 3.7 and 3.8). Descriptive statistics for

these three variables are reported in Table 3.2.
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(a) (b)

Figure 3.6: Median Velocity of Feet: (a) Violin plot for the first time point (10
days) and (b) Trend across the 5 time points with mean values and the SE for
the two groups: NDD (light blue) and NT (red). The p-values related to the
comparison between the two groups were computed using the unpaired two-samples
Wilcoxon test. * p < 0.05, ** p < 0.01, *** p < 0.001.

(a) (b)

Figure 3.7: Area Differing from Moving Average of Lower Body: (a) Violin plot
for the first time point (10 days) and (b) Trend across the 5 time points with the
mean values and the SE for the two groups: NDD (light blue) and NT (red). The
p-values related to the comparison between the two groups were computed using
the unpaired two-samples Wilcoxon test. * p < 0.05, ** p < 0.01, *** p < 0.001.
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(a) (b)

Figure 3.8: Periodicity of Lower Body: (a) Violin plot for the first time point
(10 days) and (b) Trend across the 5 time points with the mean values and the
SE for the two groups: NDD (light blue) and NT (red). The p-values related to
the comparison between the two groups were computed using the unpaired two-
samples Wilcoxon test. * p < 0.05, ** p < 0.01, *** p < 0.001.

Variable Group Median Min Max 95% CI (Lower) 95% CI (Upper) U / p-value

Median Velocity of the Feet [px/s] NDD 0.145 0.0140 0.385 0.0848 0.249 24 / 0.002

NT 0.337 0.1641 1.060 0.2742 0.536

Area differing from Moving Average (Lower body) [px] NDD 576.866 86.1931 1361.686 368.1953 878.608 31 / 0.006

NT 1003.886 589.6773 1798.358 864.5623 1253.916

Periodicity (Lower body) [1/px] NDD 0.104 0.0323 0.149 0.0776 0.123 29 / 0.004

NT 0.144 0.1020 0.237 0.1261 0.167

Table 3.2: Descriptive statistics and results of the non-parametric unpaired two-
sample Wilcoxon statistical test between the two groups for the three selected
variables at 10 days.

The mixed-effects model applied across the multiple time points (repeated mea-

sures) revealed a significant impact of both time and group (p < 0.05) for all three

variables. However, the interaction between group and time did not reach sta-

tistical significance. Post-hoc analyses confirmed that these three variables are

significantly different between the two groups only at the initial time point (10

days). Results of post-hoc tests are reported in Table 3.3. To verify that the

assumptions were met, we examined the residual plots to confirm the absence of

deviations from homoscedasticity or normality.
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Variable Time Point Group 1 Time Point Group 2 Difference SE t Df p-value

Median Velocity of Feet 10 days NDD 10 days NT -0.25532 0.1262 -2.0234 177 0.045

6 weeks NDD 6 weeks NT -0.14762 0.1019 -1.4484 173 0.149

12 weeks NDD 12 weeks NT -0.02627 0.0942 -0.2790 169 0.781

18 weeks NDD 18 weeks NT -0.07217 0.1061 -0.6801 175 0.497

24 weeks NDD 24 weeks NT 0.00852 0.1098 0.0776 176 0.938

Area differing from Moving Average (Lower body) 10 days NDD 10 days NT -488.51 232 -2.1036 177 0.037

6 weeks NDD 6 weeks NT -329.69 190 -1.7363 167 0.084

12 weeks NDD 12 weeks NT -51.00 177 -0.2888 158 0.773

18 weeks NDD 18 weeks NT -240.54 197 -1.2201 170 0.224

24 weeks NDD 24 weeks NT -89.90 203 -0.4418 173 0.659

Periodicity (Lower body) 10 days NDD 10 days NT -0.04338 0.0260 -1.6703 177 0.097

6 weeks NDD 6 weeks NT -0.01417 0.0211 -0.6709 170 0.503

12 weeks NDD 12 weeks NT -0.00121 0.0196 -0.0616 163 0.951

18 weeks NDD 18 weeks NT -0.01011 0.0219 -0.4605 173 0.646

24 weeks NDD 24 weeks NT 0.01251 0.0227 0.5515 174 0.582

Table 3.3: Post hoc test of the mixed-effects models.

Classification The combination of these parameters, once tested, was used as

input for the SVM classifier to discriminate NDD infants vs NT with an accuracy

of 84.6%. Details of metrics are reported in Table 3.4 and the confusion matrix is

shown in Figure 3.9.

Time Point Accuracy Precision Sensitivity F1 Score Specificity

10 days 84.62% 100% 63.64% 77.78% 100%

Table 3.4: Performance metrics achieved for the first time point (10 days) by the
SVM classifier.
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Figure 3.9: Confusion Matrix showing the percentages of subjects accurately and
mistakenly associated with each class (children who developed NDD and NT chil-
dren) for the first time point (10 days). The rightmost column, denoted as Preci-
sion, indicates how many infants, assigned to a particular group by the classifier,
truly belong to that class. Similarly, the bottom row of the matrix shows the
Recall or Sensitivity, indicating for each class how many of the total subjects of
that class were correctly recognized by the classifier, providing valuable insights
into the accuracy and reliability of the classification process. The total accuracy
is displayed in the lower right corner.

3.1.4 Discussion

In the first part of our research, we employed AI to automatically track newborns’

spontaneous movements and analyze their trajectories, aiming to characterize both

kinematic behaviors and GMs. This stage focused on assessing how early motor

patterns might be related to the later onset of NDD, with the overarching goal

of identifying specific biomarkers capable of efficiently distinguishing infants at

risk from those following a NT developmental trajectory. Such early identifica-

tion would provide a significant boost in enabling timely interventions that could

improve long-term outcomes.
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3.1.4.1 Interpretation of Results

At the first assessment, conducted 10 days post-birth, three key parameters related

to lower-limb movements emerged as strongly correlated with clinical outcomes:

“Median Velocity of Feet,” “Deviation from the Moving Average” and “Period-

icity” of lower-limb trajectories. These features allowed the classification model

to differentiate between infants with NDD and those with NT development with

an accuracy of approximately 85%. Notably, all significant parameters pertained

to lower-limb activity—particularly feet movements—highlighting the importance

of specifically focusing on these limbs during this critical window in development.

These findings align with previous work by Moro et al. [102], which highlighted

foot acceleration as a crucial early indicator, and reinforce the importance of as-

sessments within the critical window from birth to six weeks [91].

Longitudinal analysis across five time points revealed that differences in lower-

limb movements are most pronounced shortly after birth, progressively diminishing

in subsequent assessments. This pattern indicates that while early spontaneous

motor activity is delayed in infants who later develop NDD, these differences tend

to resolve as the infants grow older. However, the initial divergence in motor

patterns, although attenuating over time, warrants further investigation into how

these early deviations evolve and whether they can provide predictive insights into

the final diagnosis. The predictive value of these early motor alterations sup-

ports their potential role in shaping other developmental domains, in line with

the “neurodevelopmental cascade” theory [25, 177, 56, 178]. While the broader

cascading effects of these early deviations are still being explored at this prelim-

inary stage, the strong correlations observed early on emphasize the critical role

of motor performance in influencing subsequent developmental trajectories. Fu-

ture studies should focus on understanding how these early motor differences may

impact cognitive and communicative development in the long term.

3.1.4.2 Significance and Value

This study introduces a novel, marker-less, deep-learning-based method for analyz-

ing newborns’ spontaneous movements. The fully automated approach, requiring

no operator input, facilitates the assessment of infants even when clothed and
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supports the use of video recordings taken in non-ideal conditions, making it par-

ticularly suitable for home-based monitoring. By eliminating the need for physical

markers, it ensures unobtrusive and ecologically valid observations, preserving the

natural quality of movements and minimizing potential discomfort or distraction

for the infant.

Such accessibility is particularly valuable in underserved regions where clinical

resources are limited, enabling caregivers to perform developmental screenings

using widely available devices like smartphones. The established link between early

motor abilities and later social and communicative development highlights the

importance of further exploring this aspect to enhance NDD screening, especially

in high-risk populations, such as preterm infants or siblings of children with autism.

Furthermore, the integration of ML techniques offers the potential to detect subtle

motor anomalies that are often missed by traditional assessments, providing a

scalable and efficient tool for early detection.

3.1.4.3 Limitations & Future Improvements

The main limitation of this study is the relatively small sample size, which may

restrict the generalizability of the model. Ongoing efforts are focused on expanding

the dataset to include a broader participant pool with confirmed diagnoses, which

will allow for the exploration of additional movement features, such as rotational

patterns and tremors to increase clinical relevance.

Future work will target time points that have not yet revealed significant vari-

ables, leveraging the longitudinal nature of the data to capture evolving motor

patterns. Investigating how early foot movements relate to later milestones, in-

cluding reaching and grasping, could provide further insight into the developmental

cascade and refine early identification strategies. Building upon the findings con-

cerning spontaneous lower-limb movements, subsequent sections will examine the

role of more complex motor behaviors, such as hand use during object exploration,

and their implications for language development trajectories.
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3.2 AI Analysis of Infants’ Hands Movements

in Social Engagement and Object-Reaching

Tasks

As infants transition from spontaneous to goal-directed movements, the emergence

of reaching behaviors marks a critical milestone in neurodevelopment. Reaching

facilitates exploration and manipulation of the environment, playing a key role

in the development of communication and social engagement. This section aims

to investigate hand movements in infants aged 2.5 to 6 months, with a specific

focus on reaching behaviors during social and object-directed interactions. Using

AI-based video analysis, the study examines movement trajectories between HR

and Low-Risk (LR) infants, seeking to explore the relationship between the devel-

opment of these skills and typical growth across various domains. Additionally,

by correlating longitudinal motor data with clinical assessments at 36 months, the

research emphasizes the importance of early movements in shaping cognitive and

socio-communicative development. Finally, the study highlights the potential of

AI-based video analysis as a valuable tool for early assessment of motor skills,

offering a scalable solution for detecting developmental delays.

3.2.1 Participants

The study included 43 full-term infants (15 female, 28 male) with no birth com-

plications, defects, sensory impairments, or known genetic syndromes, all from

English-speaking families. Infants were followed longitudinally from 2.5 to 36

months of age within a study investigating the development of reaching, sitting,

and object exploration in infants with LR and HR for autism. Among the total

sample, 20 infants (8 female, 12 male) were considered at HR due to having at

least one older sibling diagnosed with ASC. The sibling’s diagnosis was verified

prior to enrollment using the ADOS [179], the Social Communication Question-

naire (SCQ) [180], and the DSM-4 Clinical Best Estimate [181]. HR infants were

enrolled through a university-based autism research program (Pittsburgh Early

Autism Study), parent support groups, local agencies, and schools for children
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with ASC.

The remaining 23 infants (7 female, 16 male) had no first-degree relatives di-

agnosed with ASC, and their older siblings had no history of developmental delays

or referrals for intervention, so they were considered LR for ASC. These infants

were recruited from the Magee-Women’s Hospital of Pittsburgh birth registry, local

parent-infant programs, and daycare centers.

Each participant from both groups underwent an outcome assessment visit at

36 months using the ADOS scale, with no one receiving an ASC diagnosis. Infants

were classified as language delayed if they did not receive an ASC diagnosis and

met at least one of the following criteria:

1. Standardized scores on the MacArthur–Bates Communicative Development

Inventory, Words and Sentences (CDI-II; [182]) or CDI-III that fell at or

below the 10th percentile at two or more time points between 18 and 36

months.

2. A standardized score on the CDI-III at or below the 10th percentile, accom-

panied by a standardized score on the Receptive Language and/or Expressive

Language subscales of the Mullen Scale of Early Learning (MSEL; [183]) that

was 1.5 or more standard deviations below the mean at 36 months.

Among all participants, 13 children exhibited signs of language development

delays (LD), 24 showed no symptoms (NS), and 6 were missing because they

dropped out of the study or were lost to follow-up. Specifically, 10 out of the 20

infants classified as HR and 3 out of the 23 LR infants exhibited language delays.

The ethics committee of Boston University approved the study (Approval Num-

ber: 7613E). All families who voluntarily participated provided written informed

consent, and the study procedures adhered strictly to the applicable guidelines and

regulations. Additionally, informed consent for the publication of identifying in-

formation and images was obtained from the parents of the subjects whose images

are included in this section.
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3.2.2 Methods

3.2.2.1 Procedure & Data Collection

To participate in the trials, infants were visited at home every two weeks, starting

at 2.5 months of age and continuing until 6 months. All sessions were recorded

using a standard camera. The analyzed video segments included a Spontaneous

Movements (SM) session followed by four Object Presentation (OP) trials [184].

During each trial, the infant lay supine on a mat. To minimize frustration, spon-

taneous movements were always filmed first, followed by the object presentation

tasks, as infants may find it challenging to transition from a toy condition to one

without toys. During the SM session, the infant faced an experimenter who spoke

quietly to maintain engagement for a duration of 2 minutes (Figure 3.10a). In

the OP segments, the infant was presented with four different toys serially, each

for 30 seconds (Figure 3.10b). Toys were positioned at midline and chest height,

ensuring they were within the infant’s reachable area, based on the wrist position

when the arm was fully extended [185]. If the infants did not reach for a toy

within 15 seconds, it was gently placed in their hand. If the infants dropped the

toy before the trial was completed, it was promptly replaced in their hand. The

toys used during the four object presentation tasks, a rattle, a double shaker, a

toy with keys, and a chain of rings, were chosen with the aim of providing sensory

and motor stimulation for the children at different levels.

During each trial, participants wore an APDM Opal wearable inertial sensor

on both wrists to capture the kinematic parameters of the upper limbs. These

wireless sensors, weighing less than 25 g (including the battery), are equipped with

two triaxial accelerometers, a triaxial magnetometer, and a triaxial gyroscope, all

sampling at 128 Hz. Data were transmitted to a nearby laptop via USB connection

through an access point, with device synchronization achieved using a custom-built

trigger box. Data loss occurred for specific trials, leading to their exclusion from

the analysis. Details about the available sensor data are provided in Table 3.5.
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(a) Spontaneous Movement Trial

(b) Object-Presentation Task Trial

Figure 3.10: Example frames from each type of trial.

3.2.2.2 Video Editing

Trials were initially recorded to preserve data for later review, as the original

project focused on the manual coding of motor behaviors rather than the appli-

cation of artificial intelligence for automatic movement tracking. Recordings were

captured in a naturalistic setting, reflecting real-life conditions without strict con-

trol over filming parameters. While features such as high resolution, consistent

lighting, uniform backgrounds, and fixed camera positioning were not prioritized,

this approach provided a more ecological representation of infant behaviors.

Camera angles and distances were adapted to the naturalistic context, which
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may have occasionally limited the visibility of certain movement details, partic-

ularly the hands, which are the primary focus of the current analysis. For these

reasons, all recordings were carefully reviewed and edited, precisely trimming the

videos so that each resulting clip aligned exactly with the start and end of the

trial, as indicated by the experimenter’s voice conducting the recordings and a

specific sound signal from the sensors used during the trials to mark the beginning

and end of data collection. Additionally, only clips in which the camera remained

sufficiently stable throughout the trial, without significant changes in angle, were

retained, ensuring that the child’s hands were clearly visible and that the lighting

was adequate. In this way, 5 out of 185 videos were excluded (2.7 %).

Not all participants completed the trials at each of the scheduled time points

due to family availability, and this data cleaning process, necessary to ensure

accurate analyses, resulted in further data loss. Details regarding the available

data for each time point are provided in Table 3.5 .

Timepoint (months) Total number video data (LD/NS) Total number APDM sensor data (LD/NS)

2.5 25 (7/14) 18 (5/10)

3 22 (6/13) 20 (7/10)

3.5 21 (7/11) 21 (7/11)

4 29 (9/18) 21 (8/11)

4.5 28 (8/18) 16 (4/12)

5 27 (8/16) 21 (8/12)

5.5 20 (8/11) 17 (7/10)

6 13 (5/8) 13 (7/6)

Table 3.5: Data from SM trials included in the analysis in this study. The missing
data from the total are those of infants who dropped out or were lost to follow-up.

3.2.2.3 Tracking Procedure

A customized version of the MediaPipe Pose Solution [165] was applied to each of

the obtained clips to extract the trajectories of the children’s movements during

the trials at each of the specified time points. This procedure yielded the 3D

coordinates of 33 body landmarks for each participant at each time point during

the execution of all trials (Figure 3.11). Consequently, for each video, a matrix of

size n× 99 was generated, where n represents the number of frames and 99 comes

from 3 × 33 (three coordinates for each of the 33 landmarks) plus an additional
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n× 1 column indicating the specific frame. From this dataset, we focused on the

x and y coordinates of the right and left wrists for subsequent analyses, aiming to

study hands movements to evaluate the development of early object exploration

skills in the first months of life. The wrist was chosen as the reference point for

the hand due to its relative stability.

(a) Spontaneous Movement Trial

(b) Object-Presentation Task Trial

Figure 3.11: Examples of skeletons extracted through automatic tracking for each
type of trial.

3.2.2.4 Trajectories Processing & Feature Extraction

Each wrist trajectory underwent a preprocessing phase before feature extraction.

First, normalization was performed based on the child’s torso size to reduce vari-
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ability in the data caused by different camera distances during recording. The

torso size was calculated for each video by determining the Euclidean distance

between the midpoint of the shoulders landmarks and the midpoint of the hips

landmarks for each frame, followed by computing the median value. Additionally,

each trajectory was smoothed using a moving average filter with a window of 10

samples to reduce fluctuations and noise in the data.

Furthermore, in the event of losing a maximum of 5 consecutive samples dur-

ing automatic tracking, cubic spline interpolation was performed to estimate the

missing data. This threshold of 5 samples was selected based on literature recom-

mendations that suggest not exceeding this limit to ensure the reliability of the

interpolation results [186]. Furthermore, it is worth noting that there was never

a total loss of more than 10% of samples in any video during automatic tracking,

which aligns with the acceptable threshold indicated in the literature [187]. Thus,

all data were deemed adequate for analysis.

Subsequently, for each video, we extracted a set of kinematic features from

the processed hands trajectories. Kinematics are often among the first aspects

assessed in motor development evaluations, providing crucial insights into motor

skills development [188]. Early analysis of kinematics can help quickly identify

any deviations from typical movement patterns.

Specifically, the velocity magnitude of each hand was calculated using the Eu-

clidean distance between the positions of wrist reference points in consecutive

frames. This resulting signal was then multiplied by the frame rate to normalize

differences from videos recorded on various devices. To smooth out rapid fluc-

tuations in the velocity profiles, a third-order low-pass Butterworth filter with a

cutoff frequency set to 95% of the Nyquist frequency was applied. The direction

of the velocity was determined by calculating the arctangent of the ratio of the y-

component to the x-component of the velocity. Similarly, the acceleration of each

hand was derived from the difference between two consecutive velocity samples,

with its direction calculated from the ratio of the respective components. De-

scriptive statistics, including mean, median, standard deviation, variance, mode,

skewness, kurtosis, maximum, and minimum, were computed for both the velocity

and acceleration magnitudes and directions of each hand. Additionally, the me-

dian of the features from the right and left hands was calculated to summarize the
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kinematics of the upper body.

For the videos of the OP tasks, conducted at the 6-month time point, the

‘reaching time’ feature was manually extracted by measuring the interval from the

beginning of the trial, when the therapist presented the object, until the child

reached for it.

3.2.2.5 Statistical Analysis

We began our analysis by comparing the kinematic parameters described in the

previous paragraphs between the two groups of infants at each time point during

SM trials. To determine significant differences in the distributions of these param-

eters between the groups, we applied the non-parametric Mann-Whitney U test at

each time point.

The analysis of OP tasks focused specifically on trials conducted at six months.

This time point was chosen because significant behavioral differences had already

been observed during SM trials only at this age. Furthermore, many infants had

not yet acquired object-reaching skills before six months. Due to the substantial

time required for video preprocessing, our analysis prioritized this critical time

point. The available data for the analyses related to the OP tasks at the 6-months

time point included 18 videos (6 LD, 11 NS and 1 missing) and 12 recordings from

APDM sensors (6 LD and 6 NS).

At six-month, we extended our analysis to include both the kinematic param-

eters quantified by the automated AI model and the reaching time. Both param-

eters were analyzed using the non-parametric Mann-Whitney U test to compare

differences between the two groups.

For the analysis of the features extracted from the OP tasks, where each child

performed four trials with four different objects, two approaches were used. First,

the average value across the four trials was calculated for each participant to obtain

a single value for that participant at the given time point, and the Mann-Whitney

U test was applied to these data. This provided a simple and interpretable rep-

resentative value, allowing exploration of macro differences between groups while

reducing variability due to noise. However, this approach may lead to a loss of

information regarding the variability between different trials and objects, as any
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systematic differences between them would not be captured by averaging.

To address this, the analyses were also performed using generalized mixed-

effects models to account for the repeated nature of the measurements and the

potential variability due to both the subject and the object. Generalized models

were chosen because, with fewer than 25 subjects, the assumption of normal distri-

bution could not be made [189, 190, 191, 192]. Specifically, the model considered

the object as a fixed effect and the individual variability (the subject) as a random

effect. The model used was:

Output Variable ∼ 1 + Type of Toy + Group + Type of Toy:Group + (1|Subject)

(3.10)

The analyses were conducted after removing outliers using the interquartile

range method.

To determine whether motor differences identified at the six-month time point

were predictive of clinical outcomes at 36 months (No symptoms vs. Language

delays), we tested for the absence of linguistic differences between the two groups at

six months. This was done by applying the Mann-Whitney U test to the receptive

and expressive language scores on the Mullen Scales of Early Learning [183].

3.2.2.6 Analysis of sensors data

To qualitatively validate the results obtained through AI, we analyzed the data

collected using APDM sensors. After internal filtering and processing, the APDM

opal sensor output for each hand and sample included temperature (◦C), angu-

lar velocity (rad/s), linear acceleration (m/s2), magnetic field strength (µT), and

quaternion orientation data. For our analyses, we focused specifically on angular

velocity and linear acceleration due to their direct relevance to movement dynam-

ics such as motor control, movement quality, and coordination. Additionally, these

measures are more interpretable for evaluating movement kinetics in this context

and align with established research methodologies in neurodevelopmental studies,

where they are commonly used to assess movement variability, amplitude, and

organization.

Previous research [24, 193, 194] has shown that hand movements in infants up
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to 6 months of age typically exhibit frequencies of up to approximately 3 Hz. To

account for this, we applied a low-pass Butterworth filter with a cutoff frequency

of 3 Hz to the angular velocity and linear acceleration data for both hands in all

three dimensions (x, y, z).

For each video clip, we extracted a comprehensive set of descriptive statis-

tics from the filtered signals for each hand, averaging the parameters across the

three dimensions. The parameters included mean, median, maximum, minimum,

standard deviation, variance, maximum autocorrelation value, energy, integral,

skewness, kurtosis, Root Mean Square (RMS), dominant frequency, and the mean

and standard deviation of the derivative of both angular velocity and linear accel-

eration.

The resulting data were then compared between the two groups across different

time points, using the Mann-Whitney U test.

We used Python 3 [163] for automatic movement tracking with Mediapipe

[165], Matlab 2023b [195] for trajectory processing and parameter extraction, and

R [196] for subsequent statistical analyses.

3.2.3 Results

The analysis of data extracted through AI-based automatic tracking revealed a

significant difference between the two groups in the median velocity of hands during

SM trials performed at six months (p = 0.0062, U = 2.00). Specifically, children

who exhibited language development delays at 36 months showed significantly

lower hands movement velocity at 6 months. No significant differences were found

at other time points in these trials (Figure 3.12a, Supplementary Table A.2).

Similarly, the analysis of data collected using APDM sensors during the same

trials highlighted a significant difference between the groups in median angular

hands velocity at six months (p = 0.041, U = 5.00), with lower velocity observed

in the group of children with delays. No significant differences were identified

at the other time points (Figure 3.12b, Supplementary Table A.3). Moreover,

the analysis of linear hands acceleration during these trials showed no significant

differences (Figure 3.13).

Analysis of the data collected during OP trials using AI revealed a significant
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difference between the groups at six months in hands movement velocity, averaged

across the four OP tasks (p = 0.015, U = 9.00). Again, the group of children

with typical development exhibited higher hands velocity compared to those later

diagnosed with communicative delays.

Reaching time calculated during OP trials at six months was significantly longer

in the group of children with language delays compared to those with typical

development (p = 0.048, U = 13.00).

The Mann-Whitney U test conducted on data extracted from the sensors

showed no significant differences in angular velocity, averaged across the four OP

tasks, between the two groups (p > 0.05). However, the average angular velocity

was higher in the group of children with typical development compared to those

later diagnosed with communicative delays.

The omnibus test of the mixed-effects model for Reaching Time revealed a sig-

nificant effect of Group (Language delays vs No symptoms) (F (1, 14.7) = 4.78, p =

0.045), although the parameter estimate did not reach statistical significance (β =

−4.36, SE = 2.24, t = −1.945, p = 0.071). This discrepancy may be attributed

to the small sample size, which limits the statistical power to detect effects at the

individual parameter level. The analysis did not reveal a significant main effect

of the Type of Toy on Reaching Time, nor was the interaction between Group

and Type of Toy significant. These results suggest that the Type of Toy does not

modify the effect of Group on Reaching Time.

Random intercepts for participants indicated substantial between-subject vari-

ability (σ2 = 17.02, SD = 4.13), with an Intraclass Correlation Coefficient (ICC)

of 0.67, suggesting that 67% of the total variance was attributable to between-

subject differences. The remaining variability was accounted for by residual vari-

ance (σ2 = 8.36).

For Hands Velocity, also the mixed-effects model revealed a significant main

effect of Group in both the omnibus test (F (3, 16.5) = 9.73, p = 0.006) and the

parameter estimate (β = 0.26, SE = 0.02, t = 11.49, p < 0.001). In contrast,

the Type of Toy did not exhibit a significant main effect (F (4, 107.3) = 0.19, p =

0.942), with parameter estimates ranging from β = 0.00717 to β = 0.0279, all p >

0.10. Similarly, the interaction between Group and Type of Toy was not significant

(F (3, 106.5) = 0.282, p = 0.838), with parameter estimates for interaction terms
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ranging from β = −0.03122 to β = −0.01060, all p > 0.10. These findings indicate

that the Type of Toy does not directly affect Hands Velocity, nor does it moderate

the effect of Group.

Random intercepts for participants showed considerable between-subject vari-

ability (σ2 = 0.005, SD = 0.07), with an ICC of 0.54, indicating that 54% of the

total variance in Hands Velocity was attributable to differences between subjects.

The residual variance (σ2 = 0.004) accounted for the remaining variability.

No significant differences were identified between the two groups at six months

in either the receptive language or expressive language scores on the Mullen Scales

of Early Learning.
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(a)

(b)

Figure 3.12: Trends of the Median Velocity of Hands calculated from trajectories
extracted using AI (a) and of the Median Angular Velocity of Hands obtained using
APDM Opal sensors (b) across the five time points with mean values and SE for the
two groups: Language Delays (pink) and No Symptoms (light blue). Data were
normalized using the min-max scaling method to ensure comparability between
the values extracted by AI and those extracted by the sensors. The p-values for
the comparison between the two groups were computed using the Mann-Whitney
U test. Significance levels are indicated as follows: * p < 0.05, ** p < 0.01,
*** p < 0.001. The yellow square highlights the six-month time point where a
significant difference between the two groups was observed with both methods.
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Figure 3.13: Trend of the Median Linear Acceleration of Hands (m/s2) obtained
using APDM Opal sensors across the five time points with mean values and SE
for the two groups. The p-values for the comparison between the two groups were
computed using the Mann-Whitney U test. Significance levels are indicated as
follows: * p < 0.05, ** p < 0.01, *** p < 0.001.

3.2.4 Discussion

This section continues the longitudinal investigation of motor development, focus-

ing on the emergence of key motor milestones. Specifically, we examined differences

in hand movement characteristics during social engagement with a therapist and

object-directed reaching tasks among infants who later exhibited language delays,

compared to those with typical development. By integrating longitudinal data, ad-

vanced AI-based tracking, and kinematic analysis from wearable sensors, this study

enhances our understanding of how early motor delays impact exploration, com-

munication, and social development. The multi-timepoint design, spanning from

2.5 to 6 months of age, captures the transition from early spontaneous movements

to goal-directed behaviors, such as reaching and object manipulation, facilitating

the identification of the optimal time point for evaluating these skills.
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3.2.4.1 Interpretation of Results

Our analysis revealed significant differences in hand movement characteristics be-

tween 6-month-old infants who later exhibited language delays at 36 months and

those with typical development. These findings are consistent with previous re-

search by Iverson et al. [197], which demonstrated that fine motor differences

become evident by six months in high-risk infants.

During object-presentation tasks, infants with language delays exhibited longer

reaching times compared to their NT peers. Kinematic data from sensors con-

firmed these delays, highlighting reduced angular hand velocity as a distinguishing

factor, while linear acceleration remained similar across both groups. This suggests

that rotational movements may play a more critical role than linear movements

in differentiating motor performance. Additionally, manually calculated reaching

times further support the notion of less efficient spatial exploration in infants with

delays, potentially limiting their opportunities for environmental interaction.

It is important to note that AI captured both linear and rotational movements,

while sensor data specifically focused on angular velocity and linear acceleration.

The consistent outcomes from this dual approach, despite methodological differ-

ences, further support the findings.

3.2.4.2 Significance and Value

The results once again highlight the crucial role of early motor behaviors in shaping

developmental trajectories. Significant differences in hand movements emerged at

six months, aligning with previous studies that have shown how motor development

progresses from basic, spontaneous movements to more complex, goal-directed ac-

tions over time [198, 199]. The development of skills such as reaching typically

follows the maturation of more foundational spontaneous movements, underscor-

ing the importance of early motor milestones in predicting later developmental

outcomes, including communication delays.

The longitudinal design of this research adds significant value, as it tracks the

progression from spontaneous movements at 10 days to goal-directed behaviors like

reaching by six months. This approach offers a deeper understanding of how motor

skills evolve, with earlier disruptions potentially signaling future developmental
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challenges.

By integrating AI-based tracking with sensor-derived kinematic data, this study

demonstrates the practicality of non-invasive movement monitoring. The AI method,

validated against wearable sensor data, effectively captures meaningful motor pat-

terns while maintaining a naturalistic environment for the infant. This was par-

ticularly evident in the successful analysis of unstructured video recordings, which

still provided reliable insights despite variations in recording conditions.

3.2.4.3 Limitations & Future Improvements

It is important to note that variability in video quality occasionally hindered AI-

based analyses, highlighting the need for standardized recording protocols to im-

prove data consistency. Additionally, the relatively small sample size limits the

generalizability of the findings. Expanding the cohort in future studies will en-

hance the statistical power and robustness of the conclusions.

Further investigations should examine the longitudinal relationship between

early spontaneous movements and later-reaching behaviors to better understand

the developmental pathways underlying the neurodevelopmental cascade. More-

over, the observed significance of angular velocity as a distinguishing factor be-

tween groups presents a promising avenue for refining early screening methods.

Beyond motor development, early social communication plays a crucial role

in understanding Neurodevelopmental Disorders. The following chapters explore

how children with NDD integrate multimodal behaviors, such as gestures, gaze,

and speech, during naturalistic social interactions, offering a broader perspective

on developmental trajectories.
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Chapter 4

Emerging Communicative Skills in

Toddlers: Gestures, Gaze and Vo-

calizations in Naturalistic Interac-

tions

Emerging communicative skills in early childhood, including gestures, gaze, and vo-

calizations, are fundamental to the development of social interactions and language

acquisition. During this critical developmental window, toddlers increasingly rely

on multimodal coordination to engage with their environment, triangulate atten-

tion, and convey intentional communication. Disruptions in these early commu-

nicative behaviors have been identified as early markers of NDD, particularly ASC,

underscoring the importance of timely and ecologically valid assessment methods.

Traditional structured evaluations, while informative, often fail to capture the

spontaneous nature of social communication, potentially overlooking subtle but

significant behavioral cues [200, 201]. To address this limitation, the research

presented in this chapter adopts a naturalistic approach, focusing on behaviors

exhibited during parent-child interactions in free play contexts. By integrating

microanalytic behavioral analysis with advanced AI models, this work aims to en-

hance early diagnosis of NDD by detecting nuanced communicative patterns that

may not emerge in traditional clinical settings.
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Two complementary studies are presented. The first investigates multimodal

communicative behaviors through detailed microanalytic coding of naturalistic

video recordings. The second presents the development of a transformer-based

deep learning model to automatically recognize deictic gestures from the same

video data, aiming to improve diagnostic efficiency while preserving the richness

of naturalistic observation.
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4.1 Early Multimodal Behavioral Cues in Autism:

a Microanalytic Exploration of Actions, Ges-

tures and Speech during Naturalistic Parent-

Child Interactions

Multimodal integration of communicative behaviors is a fundamental aspect of

early socio-communicative development. In toddlers, these integrated behaviors

underpin the emergence of joint attention, intentional communication, and early

language skills. Alterations in the frequency, diversity, and coordination of these

behaviors are commonly observed in children with ASC, often manifesting as re-

duced gesture production, diminished positive affect, and atypical gesture-gaze

coordination [202, 203, 204, 205, 206]. Early identification of these differences is

essential, as they can lead to more significant communicative and social difficulties

if left unaddressed.

This section presents a microanalytic exploration of multimodal communicative

behaviors in toddlers during naturalistic parent-child interactions. Using a detailed

second-by-second coding scheme, the study systematically analyzed gestures, mo-

tor actions, and speech to capture the intricacies of real-world communicative ex-

changes. By leveraging naturalistic play contexts, this study provides ecologically

valid insights into early socio-communicative development, emphasizing behavioral

patterns that may be overlooked in structured assessments [207, 208].

4.1.1 Participants

17 autistic (ASC) and 15 NT toddlers (7 ASC and 8 NT females, respectively),

participated in this study. ASC and NT children were individually matched ac-

cording to the ASC child’s non-verbal developmental age (ASC: mean= 24 months,

sd=8.5; NT: mean= 22 months, sd= 5.8). ASC children and their families were re-

cruited through and participated in naturalistic caregiver-child interactions at the

clinical facilities of the National Research Council of Italy, Institute for Biomedical

Research and Innovation (CNR-IRIB) in Messina and at the clinical and territorial

service in Catania. NT children were recruited via mainstream nursery schools in
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the local territory of Messina and Catania. Inclusion and exclusion criteria to-

gether with demographic and clinical characteristics of the sample are reported

in the Supplementary Information. The study received ethical clearance by the

local health ethics committee (protocol number 08/2021), and all the caregivers

provided informed consent to participate in the study.

4.1.2 Methods

4.1.2.1 Parent-child interaction protocol

All the mothers and children in the study were involved in a Parent-Child Inter-

action (PCI) protocol conducted before they started a Naturalistic Developmental

Behavioral Intervention (NDBI) following the principles of the Early Start Denver

Model (ESDM). The PCI protocol consists of a 10-minute free play interaction,

during which mothers are given a standardized set of age-appropriate toys and

instructed to engage with their child as they would at home. The PCI toy set

is organized into two boxes providing a diverse array of play materials and dupli-

cates of toys to encourage interactive play (Figure 4.1a). The PCI interactions took

place at the CNR-IRIB facilities, in a quiet room without any other play material

or distractions. A square carpet approximately 2x2 m was placed on the floor to

allow the participants to sit naturally and comfortably. The two boxes, without

lids, were placed on one side of the carpet to be easily accessible by both child and

parent. The interactions were recorded through a high-resolution digital camera,

which was operated by the researcher. The researcher maintained an appropriate

distance to ensure a frontal perspective of the scene. Under no circumstances did

the researcher engage with either the parent or the child to offer information or

participate in the activity. Special care was taken to ensure that the researcher’s

presence did not interrupt the natural flow of the interaction.

4.1.2.2 Behavioral Microanalytic coding

Video footage of all the mother-child interactions was carefully reviewed to be tran-

scribed for detailed analysis of actions and multimodal communication. Relevant

behavioral information from video contents were extracted using an open-source
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behavioral annotation tool for audio and video recordings, which allows an unlim-

ited number of textual annotations, supports creation of multiple tiers and tier

hierarchies Eudico Linguistic Annotator (ELAN); [209]. See Figure 4.1b for an

overview of the ELAN annotation system.

A novel microanalytic hierarchical coding scheme, specifically designed for the

study, was implemented. It examined various motor schemes and communication

modalities for social orienting, social responsiveness, and social initiative. The

analysis included the frequency and/or duration of target behaviors, such as motor

actions, gestures, and speech. Subcategories of these behaviors, such as reaching

behavior within motoric actions or pointing, giving, and showing within deictic

gestures, were also explored. Additionally, the study investigated chained behav-

iors, such as object-partner alternate gaze associated with gesture, along with the

pragmatic functions of gestures (i.e., request of objects or help, versus declarative).

Figure 4.1c presents a comprehensive depiction of the coding scheme, and all the

details of the coding manual are also provided in the Supplementary Information.

103



CHAPTER 4. EMERGING COMMUNICATIVE SKILLS IN TODDLERS: GESTURES,
GAZE AND VOCALIZATIONS IN NATURALISTIC INTERACTIONS

(a) (b)

(c)

Figure 4.1: Composite figure showing various elements: (a) List of parent-child
interaction toys and materials; (b) Screenshot of the ELAN annotation system
(written consent obtained); (c) Microanalytic coding scheme hierarchical architec-
ture.

104



CHAPTER 4. EMERGING COMMUNICATIVE SKILLS IN TODDLERS: GESTURES,
GAZE AND VOCALIZATIONS IN NATURALISTIC INTERACTIONS

4.1.2.3 Inter-coder reliability

During an initial training phase, four coders underwent formal training, supervised

by an expert in the coding procedure. Organized sessions were conducted to

familiarize coders with the ELAN software, offering guidance on its usage and

facilitating the exploration of selected target behaviors. This involved coding four

videos featuring both NT and ASC children. After the training phase, each coder

was tasked with independently coding six randomly selected video clips (3 ASC,

3 NT), constituting 20% of the total observations. The coding was conducted in a

blinded manner to the autism condition. The expert independently coded the same

video segments and computed Cohen’s Kappa [210] as a reliability metric. Cohen’s

Kappa was determined through pairwise comparisons between the expert and each

independent coder individually. Subsequently, an average Kappa was calculated

for each of the macro categories considered in the analysis. Cohen’s kappa values

were .72 for actions, .80 for gestures, .71 for speech, reaching a level considered

“substantial” [211]. Disagreement locations were pinpointed and collaboratively

reviewed and resolved by both coders and the expert.

To ensure intercoder reliability, weekly meetings were held among the experts

and coders. These meetings aimed to sustain agreement on macro categories,

establish consensus on hierarchical categories, validate the coding process, and

address any uncertainties or concerns about the coding procedure.

4.1.2.4 Data Analysis

All statistical analyses and graphical visualizations were implemented in R (version

4.2.1) [196]. To comprehensively explore multiple target behaviors, we conducted

a Principal Component Analysis (PCA) as a first step. The aim was to extract

the most relevant information from our rich dataset by efficiently reducing the

number of variables. This reduction facilitated clearer visualization and interpre-

tation of the data, revealing its inherent patterns. Specifically, we projected the

data onto a condensed set of principal components to explore their effectiveness

in discriminating between ASC and NT children. A scatterplot was created for

the participants using the first two principal components (PC1 and PC2), and

different colors were assigned to children in each group. Additionally, to evaluate
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the influence of each original variable on the first two principal components, we

overlaid a correlation plot of the variables onto PC1 and PC2. Variables that

have stronger correlations with PC1 and PC2 have greater relevance in explaining

variability within the dataset. Consequently, these variables were utilized as input

to train the Logistic Regression (Log-Reg) classifier for automated differentiation

between the ASC and NT groups.

Specifically, we employed a Mutual Information (MI) estimation to identify,

from the comprehensive original set of behavioral features, those demonstrating

the highest predictive power. MI quantifies the dependence between two random

variables, in our case, a feature and a discrete target variable. A MI score of zero

indicates complete independence, whereas higher values indicate a higher level of

dependency [212, 213]. After ranking the variables according to their MI values, we

identified the top four by analyzing the knee point in the corresponding bar chart.

Then, using the selected features as input, we proceeded to train and test the

classifier using two different cross-validation methods: 10-Fold Cross-Validation

(10FCV) and LOOCV.

To report the outcome of the classifier, we applied the following performance

metrics [176], considering ASC as a positive class:

• Accuracy: Calculates the ratio of correct predictions to the total number

of instances, providing an overall measure of predictive correctness.

• Precision: Is the ratio of true positive instances to the total instances clas-

sified as positive; a higher precision indicates a lower rate of false positives.

• Recall: Measuring the proportion of positive instances correctly classified,

it signifies the classifier’s ability to identify all positive samples.

• F1 Score: Being the harmonic mean of precision and recall, provides a

balanced measure where the contributions of precision and recall are equally

considered.

To enhance the interpretability of our model results, we employed SHapley

Additive exPlanations (SHAP) values [214]. This game-theoretic approach pro-

vides valuable insights into how the essential features of a dataset influence the
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model’s output. In the beeswarm plot, each sample is represented as a dot, with

its x-coordinate indicating the SHAP value for the respective feature. The color

of each dot reflects the original value of the feature. Features are organized based

on their predictive power, offering a visual representation of each feature’s impact

on the model’s predictions.

4.1.3 Results

Upon closer examination of the variables’ correlation with the principal compo-

nents, and observing sample projections in the new space, a distinctive pattern be-

came apparent. Specifically, NT children predominantly occupy quadrants charac-

terized by positive correlations with: (a) greater gesture use: this not only involves

a higher frequency of gestures like pointing, showing, giving, and conversational-

interactive gestures but also encompasses multimodal integration and social in-

tention, such as gesture-gaze integration and gestures with declarative intentions;

(b) higher verbal communication: NT children in these quadrants exhibit a higher

number of phrases and words to communicate with their partner; (c) increased

engagement in functional play schemes: this involves a greater involvement in

functional play schemes with objects.

Conversely, ASC children predominantly exhibited a positive correlation with

variables indicating: (a) lower gesture production: less showing, giving, pointing,

and conventional gestures and more instrumental gestures. These gestures are

mainly used for expressing behavioral regulation and requesting functions rather

than declarative intentions; (b) presence of motor actions, including reaching be-

haviors, hand opening to receive an object from the partner as well as the use of the

index finger mainly to carry out motor actions on objects rather than pointing for

communication purposes; (c) lower presence of partner-object alternate gaze dur-

ing gesturing; (d) greater use of vocalizations both intentional and unintentional,

rather than words or phrases; (e) greater use of nonfunctional object manipulation

compared to engagement in functional play schemes.

Taken together, these findings emphasize unique behavioral patterns that play

a role in distinguishing between NT and ASC children. Figure 4.2 shows the

behavioral characteristics of the ASC and NT children projected onto the PC1
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and PC2 plane.

Figure 4.2: Two-dimensional scatter plot of ASC and NT children’s behavioral
features, projected onto PC1 and PC2 plane.

Applying the MI algorithm on behavioral variables to pinpoint the most influ-

ential subset, the features that emerged as robust predictors of an autism condition

encompassed ‘Declarative Function’, ‘Manipulation’, ‘Alternate Gaze’, and ‘Reach-

ing’. Using these identified features as input for the Log-Reg model, which aimed

to classify between ASC and NT children, we attained an accuracy of around 93%.

A comprehensive overview of the model’s performance metrics for both LOOCV

and 10FCV and LOOCV accuracy trend increasing the number of features are

provided in Figure 4.3 and Table 4.1.
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Figure 4.3: Leave-one-out accuracy increasing the number of features.

Measure
Leave-one-out

Cross-Validation (average)

10-folds

Cross-Validation (average, SD)

Accuracy 93.75% 93.33% ± 13.33%

Precision 94.12% 95% ± 15%

Recall 94.12% 95% ± 15%

F1 Score 94.12% 93.33% ± 13.33%

Table 4.1: Performance metrics of the Log-Reg model for classifying ASC vs NT
children for both LOOCV and 10FCV.

SHAP values associated with the key features validated our initial observations

from PCA. As depicted in the beeswarm plot presented in Figure 4.4, elevated

values for the features ‘Declarative Gesture’ and ‘Alternate Gaze’ exert a positive

influence on the model output, leaning it towards the NT group. Conversely, for

the remaining two features, namely ‘Manipulation’ and ‘Reaching’, higher values

guide the model toward the classification of ASC children. This analysis provides

a nuanced insight into the distinct contributions of individual features in shaping

the model’s classification decisions.
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Figure 4.4: Beeswarm plot displaying SHAP values for the top four features.

4.1.4 Discussion

Continuing our investigation into early markers of atypical neurodevelopment,

this study focused on a microanalytic examination of multimodal communica-

tive behaviors during naturalistic parent-child interactions. We analyzed a broad

range of behavioral variables, including manipulation, transitive actions, gaze,

gestures, and speech patterns, among young children with ASC and NT peers.

By employing an innovative second-by-second coding scheme, we captured de-

tailed social–communicative profiles for each child. Subsequent ML analysis re-

vealed distinct behavioral clusters, emphasizing significant differences in gesture

production, action patterns, and speech integration between ASC and NT children

[202, 203, 204, 205, 206].

4.1.4.1 Interpretation of Results

Behavioral clustering demonstrated that NT children exhibit greater complexity

and diversity in their social–communicative behaviors compared to children with

ASC. Specifically, NT children were observed to use declarative gestures more

frequently, integrate eye contact more consistently during interactions, and partic-

ipate actively in functional play schemes. In contrast, children with ASC tended

to rely predominantly on request-based gestures, showed reduced gaze alternation,

and preferred object manipulation over more functional action patterns. Our ML

analysis identified four pivotal features, declarative function, alternate gaze, ma-
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nipulations, and reaching, that together achieved over 93% classification accuracy

and 94% precision in predicting autism.

4.1.4.2 Significance and Value

The microanalytic approach adopted in this study offers several innovations. By

analyzing naturalistic parent-child interactions, we obtained ecologically valid in-

sights into early communicative behaviors that are often missed in structured clin-

ical assessments [200, 201]. The integration of multimodal data (gestures, vocaliza-

tions, and gaze) provided a comprehensive understanding of the social–communicative

profiles that differentiate ASC from NT children. These findings underscore the

diagnostic importance of subtle behavioral markers and support the use of ML

techniques in early autism research.

4.1.4.3 Limitations & Future Improvements

The relatively small sample size of children with ASC limits our ability to ex-

plore potential autism subtypes and may affect the generalizability of the findings.

Furthermore, the absence of a comparative analysis with other clinical groups

restricts the specificity of our results to autism. Future research should aim to ex-

pand the sample size, include additional clinical groups for comparison, and extend

the longitudinal tracking of individual behavioral trajectories to further elucidate

how early multimodal communicative behaviors influence later social and language

outcomes. Incorporating additional multimodal features, such as the interplay be-

tween gesture, gaze, and speech, could also provide a richer understanding of early

autism markers.
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4.2 A Deep Learning Approach for Automatic

Video Coding of Deictic Gestures in Chil-

dren with Autism

Building upon the behavioral insights gained from the microanalytic exploration,

which highlighted the importance of assessing gestures, the second study addresses

the challenges of manual gesture coding, specifically its time-consuming nature and

susceptibility to observer bias. Deictic gestures, such as pointing, showing, giving,

and requesting, are central to early communication, serving as key indicators of

joint attention and intentionality [205, 206]. Given their diagnostic significance,

automating the detection of these gestures from naturalistic videos has the poten-

tial to streamline early assessment processes while preserving ecological validity.

This section introduces the development of an AI-driven tool based on a trans-

former architecture to automatically recognize deictic gestures in toddlers during

parent-child free play interactions. By training the model on annotated video data

from the first study, this work aims to create a tool that simplifies the characteriza-

tion and assessment of communicative gestures in children. Ultimately, the study

seeks to demonstrate the potential of deep learning for the automatic coding of

gestures.

4.2.1 Participants

This study was conducted on a group of 6 young children between the ages of 23 and

63 months who had been clinically diagnosed with ASC according to the DSM-5 [2]

and established by expert clinicians using the ADOS [215]. Children with autism

were recruited at the clinical facilities of the Institute for Biomedical Research and

Innovation of the National Research Council of Italy (IRIB-CNR) in Messina. The

study received ethical clearance by the Ethics Committees of Azienda Ospedaliera

Universitaria P. Giaccone, Palermo, Italy, approval ID 07/2022 12/07/2022.
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4.2.2 Methods

4.2.2.1 Data collection

For data collection and processing, we employed the detailed strategy described

in the preceding section. In summary, we recorded and analyzed 10-minute videos

of naturalistic mother-child interactions for each participant. Parents were in-

structed to play spontaneously with their children using a standardized set of

age-appropriate toys, designed to elicit a broad range of play behaviors, from ba-

sic exploration to symbolic play. Each of the six sessions was captured with a fixed

video camera and processed using the described moment-by-moment coding pro-

cedure, enabling both quantitative and qualitative analysis of gestural production.

Specifically, here we focused on targeting and detecting four categories of deictic

gestures (Figure 4.5).

Deictic gestures are a type of nonverbal communication that refers to an ob-

ject or event by directly pointing or touching it. Their meaning is dependent

on the context in which they are used. Mastrogiuseppe et al. [216] proposed the

classification of children’s deictic gestures into four categories:

• Pointing: it involves the child using distinctly the index finger to direct

attention towards a specific object, place, or event.

• Showing: when the child grasps an object towards the adult to show it.

• Giving: it involves the child offering an object to the partner.

• Requesting: when the child extends the arm with the palm facing up to

ask for something, usually accompanied by opening and closing the hand.

From six video processing, 37 repetitions of deictic gestures were identified

resulting in 37 separated video clips to use for model development. Detected

gestures are divided as follows:

• Pointing: 9 repetitions.

• Showing: 3 repetitions.

• Giving: 11 repetitions.
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• Requesting: 14 repetitions.

Figure 4.5: Examples of the four deictic gestures.

4.2.2.2 Deep learning Classifier: The Transformer Architecture

Transformers are simple models that exploit the attention mechanism to transform

input sequences into output sequences using an encoder-decoder architecture. Po-

sitional encodings are computed using sine and cosine functions and summed to

input embeddings before encoder and decoder stacks in order to include informa-

tion about the relative position of the elements in the sequence [122].

Both the encoder and the decoder consist of 6 identical blocks. In the encoder,

each block includes a multi-head self-attention network and a fully connected feed-

forward network. Instead, decoder blocks include a further multi-head attention

sublayer applied to the outputs of the corresponding encoder block.

The attention mechanism proposed in [122], called Scaled Dot-Product Atten-

tion, applies an attention function for mapping a query and a set of key-value pairs

(with dimension dk and dv respectively) to an output. The output is computed as

the weighted sum of the values, where the weight of each value is calculated by

the dot product between queries of each position and keys of other positions in
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the sentence dividing by dk and applying a softmax function:

Attention(Q,K, V ) = softmax

(
QK⊤
√
dk

)
V (4.1)

In particular, in self-attention layers of the encoder, all the queries, keys and

values come from the output of the previous encoder and in the same way for self-

attention layers of the decoder that represents an autoregressive model. In encoder-

decoder attention layers instead, the queries come from the previous decoder layer,

and the memory keys and values come from the output of the encoder.

At the end, the decoder output is converted through a linear layer followed by

a softmax function to predict next token probabilities [122].

To automatically identify the four deictic gestures from selected video clips, we

developed a multi-frame approach based on AI models considering each video clip

as a whole, rather than training and classifying single frames.

In more detail, as a first step, each video clip was preprocessed by resizing

its frames to the input dimensions of the Dense Convolutional Network Model

with 121 layers (DenseNet121) [217] exploited for the feature extraction procedure:

128× 128× 3. In addition, a fixed length of 2 seconds (25 fps) was set as duration

for each clip. Shorter videos were padded to 50 frames by adding empty frames at

the end, while longer videos were centered on the action of interest cutting frames

in excess.

Feature extraction was performed by removing the fully-connected layer at the

top of the DenseNet121 pretrained on ImageNet, and by applying a global average

pooling to the output of the last convolutional block. A total of 1024 features

was thus obtained for each video frame. Extracted features from frames of each

video clip were employed for training a multi-frame classification model based on

the transformer architecture proposed in [122]. Information about the relative

positions of the frames was incorporated into the model exploiting the positional

encoding. Positions of frames within videos were encoded using an Embedding layer

preceding the transformer encoder and then added to the pre-computed features.

The described architecture is followed by a maximum pooling operation (Global

MaxPooling1D layer) and a dropout layer (0.5 Dropout layer) to prevent overfit-

ting. Model output consists of a densely-connected layer with Softmax activation
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function that assigns output probabilities for the four possible categories and per-

forms classification. The resulted model includes ∼4.27 million trainable param-

eters. Details about model architecture and trainable parameters are reported in

Table 4.2 and Figure 4.6.

Layer type Output shape Parameters

Input Layer - 0

Positional Embedding (None, None, 1024) 51200

Transformer Encoder (None, None, 1024) 4211716

Global Max Pooling 1D (None, 1024) 0

Dropout (None, 1024) 0

Dense (None, 4) 4100

Total parameters 4267016

Trainable parameters 4267016

Non-trainable parameters 0

Table 4.2: Details about model architecture.

Figure 4.6: Architecture Overview.

80% of available video clips were employed for model training and validation
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(validation split was set to 0.15), while the remaining 20% was used for internal

testing. In addition, 5 video clips recorded in a different environmental setting

were used as external-testing set. Details about training, validation and testing

sets are reported in Table 4.3.

Model training and validation were performed for 50 epochs using Adam opti-

mization and sparse categorical cross-entropy as loss function.

All the steps of video pre-processing, feature extraction, training, validation

and testing of the model were performed using Python 3 [163] with the follow-

ing libraries: Tensorflow 2.9.2, Keras 2.9.0, Pandas, Numpy, ImageIO, CV2 and

VisualKeras.

Set Total Showing Requesting Giving Pointing

Training + Validation 31 2 12 10 7

Internal Testing 6 1 2 1 2

External Testing 5 1 - 2 2

Table 4.3: Description of Training, Validation and Testing Sets.

4.2.3 Results

Classification performance of training, validation and internal testing are reported

in Table 4.4. Results indicate that the model was able to achieve an overall accu-

racy of 67% in classifying the video clips into four actions of interest.

A detailed analysis of the internal testing results revealed that the model was

highly accurate in identifying video clips depicting the gesture of “Requesting”

with 100% accuracy (2 out of 2 clips correctly classified), and similarly for the

gesture of “Giving” and “Showing” with 100% accuracy (1 out of 1 clip correctly

classified for each gesture). However, the model struggled in correctly identifying

video clips depicting the gesture of “Pointing”, with 0% accuracy (both clips were

incorrectly classified as “Giving”).

When the model’s performance was evaluated on an external testing set, it was

found that it was able to accurately classify video clips depicting the gesture of

“Pointing” and “Giving” with 100% accuracy (2 out of 2 clips correctly classified
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for each gesture). However, the model incorrectly classified a video clip depicting

the gesture of “Showing” as “Giving” (0 out of 1 clip correctly classified). There

were no video clips depicting the gesture of “Requesting” in the external testing

set, hence no evaluation for this gesture was possible. More detailed information

on the results of internal and external testing can be found in Table 4.5.

Metric Training Validation Internal Testing

Accuracy 100% 80% 67%

Loss 0.01 2.02 1.17

Table 4.4: Overall model performance.

Set Instance True Label Showing Requesting Giving Pointing

Internal Testing 1 Showing 59.74% 4.59% 34.49% 1.19%

2 Requesting 7.59% 82.17% 3.45% 6.80%

3 Requesting 0.57% 72.46% 18.46% 8.51%

4 Giving 1.20% 13.85% 63.40% 21.55%

5 Pointing 0.72% 0.71% 97.83% 0.74%

6 Pointing 10.95% 0.63% 85.32% 3.10%

Single Class

Accuracy

100% 100% 100% 0%

External Test-

ing

1 Showing 6.87% 7.97% 78.27% 6.89%

2 Giving 18.52% 0.69% 51.52% 29.27%

3 Giving 12.64% 14.51% 71.79% 1.06%

4 Pointing 1.15% 10.98% 24.24% 63.62%

5 Pointing 0.11% 1.02% 4.94% 93.93%

Single Class

Accuracy

0% - 100% 100%

Table 4.5: Details about Internal and External testing results.

4.2.4 Discussion

The second phase of our research on communicative gestures focused on automat-

ing the detection and coding of deictic gestures from naturalistic video recordings.

Deictic gestures, such as pointing, showing, requesting, and giving, are critical for

establishing joint attention and intentional communication in early development
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[205, 206]. To address the time-consuming and labor-intensive nature of man-

ual coding, we developed an AI-based system leveraging a transformer-based DL

model. This model was trained on annotated video data to analyze entire clips,

thereby capturing the continuity of social interactions.

4.2.4.1 Interpretation of Results

The AI-based system demonstrated the capability to automatically detect deictic

gestures from video sequences with internal and external accuracies of 67% and

80%, respectively. By processing entire video clips rather than individual frames,

the system was able to capture the flow of dynamic social interactions and the

contextual dependencies between gestures, enhancing its ability to correctly inter-

pret actions. However, misclassifications, particularly in the ”Giving” category,

were observed, which we attribute to imbalances in the training dataset. De-

spite these challenges, the model’s performance underscores the feasibility of using

transformer-based deep learning methods for the automated analysis of naturalistic

socio-communicative behaviors.

4.2.4.2 Significance and Value

The automated coding model represents a significant advancement over traditional

manual coding methods by offering a scalable, efficient, and objective approach to

gesture analysis in naturalistic settings. The transformer-based DL framework,

with its ability to analyze entire video clips rather than individual frames, cap-

tures the continuity of social interactions, enabling more accurate characterization

of gestures and actions. This approach shows promise for large-scale neurodevelop-

mental research, providing a tool for rapid, high-specificity assessments that could

be integrated into clinical evaluations and personalized intervention strategies. By

reducing the need for manual coding, the system could expand applications in

early autism detection and contribute to more precise, neurodiversity-affirming

diagnostic practices.
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4.2.4.3 Limitations & Future Improvements

The transformer-based model exhibited classification biases, most notably in the

“Giving” gesture, due to class imbalances within the training dataset. Refining the

training process by incorporating a more balanced and diverse dataset is essential

to enhance the model’s generalizability and overall performance. Data heterogene-

ity, arising from variations in video quality, camera angles, and zoom levels, also

presented challenges; implementing a standardized video-recording protocol would

likely enhance consistency and reliability. Additionally, further improvements in

preprocessing techniques and model architecture may reduce misclassifications and

improve accuracy. Future work should also consider integrating additional mul-

timodal cues (e.g., combining gesture with concurrent gaze and speech data) to

further refine the automated detection of deictic gestures. Finally, validating the

system on larger and more heterogeneous samples will be critical for ensuring its

applicability in varied clinical and naturalistic contexts.

120



Chapter 5

Advancing Visual Attention to So-

cial Cues in Preschoolers: Explor-

ing Gaze Patterns Development

Visual attention to social cues is fundamental for developing social learning and

communication [218, 219]. Evidence suggests that NT children exhibit a natural

preference for socially salient stimuli, such as faces and voices, from early infancy

[220, 221, 222]. In contrast, children with ASC often display reduced attentional

engagement with these cues [223], which may contribute to later difficulties in

social interaction and communication. These differences highlight the importance

of attentioning gaze patterns as early markers of NDD and as key targets for

early intervention. In this chapter, we try to extend current knowledge on visual

attention in preschoolers by leveraging a novel ML-based approach to analyze gaze

behavior in dynamic, naturalistic social contexts.
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5.1 Decoding Social Attention in Preschoolers:

A New Eye-Tracking Paradigm with Markov

Chain Analysis

In this study, we examine gaze behavior in children with ASC and NT while they

view video stimuli depicting naturalistic social interactions. These videos, designed

to reflect real-world social dynamics, include structured tasks such as Sensory So-

cial Routines (SSRs) with songs and object-based play involving musical instru-

ments. The scenarios incorporate key interactive components—mutual imitation,

turn-taking, and shared attention—providing ecologically valid contexts for cap-

turing diverse gaze behaviors. Using eye-tracking technology, we precisely measure

gaze shifts across social and nonsocial elements. To analyze these patterns, we em-

ploy advanced statistical techniques: Continuous-Time Markov Chains (CTMCs)

model probabilistic transitions between Areas of Interest (AOIs), while PCA helps

identify the most informative patterns of gaze transitions. This methodological ap-

proach addresses the limitations of previous research, which often relied on static

images or brief stimuli [224, 225, 226], offering a more detailed and dynamic char-

acterization of social attention in preschoolers.

5.1.1 Participants

The sample consisted of 55 preschoolers, aged between 29 and 93 months. Of these,

24 children were clinically diagnosed with ASC, based on the DSM-5 criteria [2].

Expert clinicians performed the diagnostic assessments, using the ADOS-2 [227]

as a supporting tool. These assessments took place at the Institute for Biomedical

Research and Innovation of the National Research Council of Italy (IRIB-CNR)

in Messina. The NT group included 31 children, who were recruited from two

mainstream nursery schools in Messina.

The inclusion criteria for the ASC group required the absence of known ge-

netic syndromes (e.g., fragile X syndrome, tuberous sclerosis), inborn metabolic

disorders (e.g., aminoaciduria, peroxisomal disorders), epilepsy with uncontrolled

seizures, movement disorders, or CP. For the NT group, exclusion criteria included
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any clinical diagnosis of neurodevelopmental conditions (e.g., language and/or mo-

tor delays) and a family history of autism. The two groups were matched for age,

with no significant differences (p > 0.05).

All participants had normal or corrected-to-normal vision and no history of

auditory impairment. Ethical approval for the study was granted by the Ethics

Committee of CNR and informed consent was obtained from all caregivers for their

children’s participation in the study.

5.1.2 Methods

5.1.2.1 Task procedure

During the eye-tracking experiment, children sat in a small chair within a quiet,

controlled environment, positioned 80 cm from a high-resolution 24” widescreen

LCD monitor (1024 x 768 pixels). A research team member (S.L.) ensured the

children’s engagement and promptly repositioned them if they moved outside the

trackable range. Gaze patterns were recorded with the SMI iView XTM RED dark-

pupil 250Hz eye-tracking system and exported using SMI BeGaze 2.4 software.

Before starting the task, a nine-point calibration grid featuring dynamic tar-

gets, like a cartoon cat with meowing sounds, was used. Participants then per-

formed the task, and those with a calibration error exceeding approximately 1.2

visual degrees were excluded from the analysis [228].

As a result, two children (one ASC and one NT) were excluded due to cali-

bration errors. This resulted in a final analyzable sample of 53 children: 23 ASC

children and 30 NT children. Table 5.1 summarizes the demographic and clinical

characteristics of the final sample.
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Variable ASC NT Statistic p-value

N (female, %) 23 (4, 17.4%) 30 (19, 63.3%) Chisq. < 0.01

Age (months) (mean ± SD) 56.64 ± 19.77 59.43 ± 8.84 t.test > 0.05

Total DQ (mean ± SD) 76.53 ± 24.21 120.16 ± 14 t.test < 0.0001

ADOS 2 – SA (mean ± SD) 9 ± 4.84 - - -

ADOS 2 – RRB (mean ± SD) 5.25 ± 2.67 - - -

ADOS 2 – Total (mean ± SD) 14.18 ± 7.40 - - -

Table 5.1: Demographic and clinical characteristics of the participants.

Participants watched four 25-second videos in random order, each depicting

a naturalistic interaction between a child and an adult seated at a small table.

These interactions emphasized turn-taking and mutual imitation with four actions

performed by each individual per clip. Distractor toys were placed on a shelf

behind the table, positioned in the left and right corners of the scene. Two videos

involved joint musical activities with instruments (Drums and Xylophones), and

the other two featured SSRs with songs and body gestures (Sheriff and Witches).

In one musical activity (Drums) and one song routine (Sheriff ), the child initiated

the action, with the adult imitating after 2–3 seconds; in the others (Xylophones

and Witches respectively), the roles were reversed. The task was carefully balanced

across several conditions, including activity type, role counterbalancing, sensory

consistency, and distractor placement, to capture varied interactional and sensory

contexts within a naturalistic yet systematically varied setting. Each video began

with drift correction, followed by a 5-second black screen.

5.1.2.2 Data Pre-Processing

The SMI system was used to define seven distinct AOIs for a detailed analysis

of gaze patterns. These AOIs were: (1) Adult Face, (2) Child Face, (3) Adult

Activity, (4) Child Activity, (5) Left Distractor Object, and (6) Right Distractor

Object. The Adult and Child Face AOIs included the head, neck, and upper

shoulders of each actor. The Adult and Child Activity AOIs covered the upper

body, arms, hands, and any object being used in the object-based play videos

(Figure 5.1). AOIs were manually adjusted each second to account for natural
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movement during interactions, ensuring precise data capture. Trials with over 25%

track loss were excluded from the eye-tracking analysis, resulting in the omission

of 9 out of 212 trials (4.2%) (Supplementary Table A.5). To handle missing data,

imputation was performed using the substitution technique with the median value.

Figure 5.1: Frame from each video clip with overlapped AOIs. The defined regions
include: Adult Face, Child Face, Adult Activity, Child Activity, Left Distractor
Object and Right Distractor Object.

5.1.2.3 Markov Chain Data Modeling

In this section, we outline the CTMCs used to model gaze patterns within the

defined AOIs as exhibited by children while watching the videos. A CTMC is a

stochastic process characterized by a state space S, namely a finite or countable

set representing all possible states, which in our case correspond to different AOIs,

and by the propensities (or transition rates) that describe how quickly transitions

occur between states per unit of time. Unlike the more conventional Discrete-

Time Markov Chains (DTMC), which evolves in fixed time steps and is defined by

transition probabilities, the CTMC framework allows transitions to occur at any

continuous point in time. Although our experiment used a digital system with a

theoretically fixed sampling interval, which might suggest that a DTMC approach
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could suffice, employing CTMC models offers an advantage. Specifically, they can

account for uncertainties or slight delays in the data capture process, phenomena

that we have indeed observed.

The evolution of a finite time-homogeneous CTMC (with n states) is charac-

terized by a transition matrix Q, whose general element qij denotes the propensity

of a transition from state i to j and qii represents the opposite of the probability

of leaving the state i, which ensures that each column of Q sums to zero.

The dynamics of the probability P (Xt = i) that the CTMC at a general time

t is found in the general state i is governed by the following system of n ordinary

differential equations:

d

dt
P (Xt = i) =

∑
j ̸=i

P (Xt = j) · qji − P (Xt = i) ·
∑
j ̸=i

qij (5.1)

The above equation system, called the Master Equation, captures the continuous-

time evolution of the CTMC probability distribution, where transitions among

states are probabilistic and occur with propensities specified by the elements of

the transition matrix Q.

In our modeling framework, each AOI is represented as a distinct state within

the Markov chain, denoted as Xt at time t, indicating the specific AOI capturing

the child’s visual attention. This approach offers a sophisticated means to capture

and analyze the nuanced transitions in gaze behavior over time, facilitating a

detailed examination and prediction of gaze patterns across the defined AOIs.

For each participant and each of the four trials, we computed a 6-state CTMC

(n = 6) using the following AOIs: Child Face, Adult Face, Child Activity, Adult

Activity, Left Distractor Object, and Right Distractor Object. As a result, for

each child and video stimulus, we obtained a 6 × 6 transition matrix, from which

n · (n− 1) = 30 transition propensities were estimated for each trial, following the

procedure outlined below.

According to the theory of continuous-time Markov processes, the expected

waiting time in a state j before transitioning to state i is an exponential random

variable with the mean equal to the inverse of the propensity from j to i. Therefore,

for each child and trial, we estimated the general element qij of the transition

matrix Q as the statistical mean of the observed waiting times from state j to
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state i. In cases where a state j was not visited for a given participant and trial,

the corresponding column j of matrix Q would be a zero vector. This would lead to

undesirable properties of the underlying behavior, particularly the non-uniqueness

of the CTMC equilibrium distribution. To prevent such issues, when a state was

not observed, we imputed the transition propensities from the non-visited state j

by calculating the median value of the corresponding transition propensities from

state j across all other subjects within the same group and trial. As a result,

the unique equilibrium probabilities from the Master Equation were computed for

each individual and trial, and these probabilities were analyzed as described in the

next paragraphs.

5.1.2.4 PCA

To investigate whether NT gaze patterns show preferences for specific areas of the

video stimuli, we analyzed the equilibrium probabilities for the six AOIs across the

four trials in the NT group. Specifically, we compared the median values of the

equilibrium probabilities for each AOI, using the non-parametric Kruskal-Wallis

test. For further examination of significant differences, pairwise comparisons were

conducted using the Dwass-Steel-Critchlow-Fligner method. The analysis revealed

that SSRs drew NT children’s attention to faces, while musical activities with

instruments directed their gaze to the activity areas. Specifically, in the Sheriff

video stimulus, the Child Face AOI garnered significantly more attention than

other areas, whereas in the Witches video, the Adult Face AOI was the primary

focus. This pattern aligns with our expectations, as the Sheriff song is initiated by

the child, and the Witches song by the adult. In contrast, during the Drums and

Xylophone videos, the activity areas for both the child and adult were significantly

more attended to than the facial areas (see Supplementary Tables A.6 and A.7).

This result is consistent with our expectations, as object-based activities naturally

draw attention to the materials and the actions involved, directing gaze toward the

activity areas. Building on these observations, subsequent analyses were aimed at

investigating gaze transitions in relation to the facial AOIs during the SSRs trials,

and the activity-related AOIs during the musical instrument trials.

To deepen our understanding of these patterns, we conducted a PCA, a stan-
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dard technique for dimensionality reduction. PCA identifies the most important

features in a dataset and projects them into a lower-dimensional space, while re-

taining as much of the original information as possible. In our analysis, we focused

on the transition propensities to and from the AOIs associated with faces for the

SSRs trials (Sheriff and Witches), and the transition propensities to and from the

AOIs related to activities for the trials involving musical instruments (Drums and

Xylophone).

This approach resulted in 18 distinct features for each trial, totaling 36 features

for each stimulus group (SSRs and musical activities with instruments). To further

explore the data, we visually represented the PCA outcomes for both video groups

by creating a scatter plot that displayed NT children and ASC children based

on the first two principal components. We used the PCA to simplify the high-

dimensional dataset, allowing us to uncover underlying patterns and explore the

distinctive gaze scanning behaviors between NT children and ASC children.

In addition to the scatter plot, we included a correlation plot, depicted with

arrows, to illustrate the relationship between the input features and the principal

components. Features with higher correlations to PC1 and PC2 were considered

the most significant in explaining the variability within the dataset. We categorized

the features into five groups and color-coded them based on their type. For the

SSRs trials, these groups included:

1. Transition propensities between the Child Face and the Adult Face (and vice

versa), shown in green.

2. Transition propensities from the Adult Face to other areas excluding the

Child Face, shown in blue.

3. Transition propensities from the Child Face to other areas excluding the

Adult Face, shown in red.

4. Transition propensities towards the Adult Face from other areas excluding

the Child Face, shown in pink.

5. Transition propensities towards the Child Face from other areas excluding

the Adult Face, shown in gray.
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The same approach was applied to the activity areas in the musical instru-

ment trials. Details about the feature groups are provided in the Supplementary

Table A.8.

5.1.2.5 Data Visualization with Chord Diagrams

We included chord diagrams to visually represent the complex patterns of gaze

transitions, providing a clearer and more intuitive understanding of the differences

in gaze behavior between the ASC and NT groups. Transition propensities be-

tween AOIs are depicted through a simplified arrow-based design. Each AOI is

represented as a segment along the circumference of the diagram, with directed

transitions illustrated by curved arrows connecting the segments. The thickness

of the arrows reflects the strength of the transition, enabling an immediate visual

comparison of gaze shifts between AOIs.

The arrow’s direction indicates the direction of the gaze shift, moving from the

starting AOI to the target AOI. The color of the arrow corresponds to the starting

AOI and matches the color of the outer circle segment representing that AOI. At

the base of the arrow, a colored segment represents the target AOI and matches

the color of the corresponding inner circle segment. This design helps to visually

distinguish the origin and destination of each transition.

We generated these chord diagrams for each group (ASC and NT) and for each

trial (Sheriff, Witches, Drums, and Xylophone). Self-transitions (i.e., transitions

where the gaze remains within the same AOI) were excluded to reduce visual

clutter, as their high propensity could dominate the visualization. Additionally,

we applied a scaled version of the chord diagram, in which all AOI segments on

the circumference were set to have equal size. Within each segment, however, the

arrows representing transitions were proportionally scaled to reflect the fraction

of interactions directed toward other AOIs. This scaling approach normalized the

sector sizes while preserving the relative strength of transitions, providing a clear,

intuitive comparison of gaze transition patterns across groups and trials.
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5.1.3 Results

Using CTMCs to model gaze transition patterns within defined AOIs, we observe

distinct group differences in the SSRs with songs and musical activities with instru-

ments. For SSRs, NT children display significantly higher transition propensities

between face-related AOIs (Adult Face and Child Face) when compared to ASC

children, as shown by green arrows in the PCA visualization. This greater propen-

sity for gaze shifts between faces is also evident in the chord diagrams, where the

blue arrow from Adult Face to Child Face is larger for NT children in the Sheriff

trial, and the green arrow from Child Face to Adult Face is more prominent for

NT children in the Witches trial. NT children also show a significantly higher

propensity to shift attention from distractor objects or the activity areas toward

faces, as indicated by the pink and gray arrows in the PCA visualization. This

behavior is further confirmed by the chord diagrams, where the light gray arrow

from Object Left to Child Face, the dark gray arrow from Object Right to Adult

Face, and the red arrow from Adult Activity to Adult Face are all larger in NT

children compared to the ASC group. These patterns indicate a stronger inclina-

tion to maintain attention on social elements, as seen in the frequent gaze shifts

between faces, and to reorient attention toward faces when initially directed toward

non-social elements during visual exploration. In contrast, ASC children exhibited

a higher propensity to avert their gaze from faces, shifting attention instead to

non-social elements in the scene, such as distractor objects and activity areas, as

suggested by the red and blue arrows in the PCA visualization (Figure 5.2). This

tendency is also clearly reflected in the chord diagrams, where the green arrows

from Child Face to Child Activity and from Child Face to Object Left, as well as

the blue arrows from Adult Face to Adult Activity and from Adult Face to Object

Right, are larger in the ASC group (Figures 5.3 and 5.4). Table 5.2 presents the

descriptive statistics and results of the Mann-Whitney U test for between-group

comparisons of transition propensities across the selected AOIs during the SSRs

trials.

During musical activities with instruments, NT children, compared to ASC

children, display a gaze pattern that redirects attention to the activity areas, either

by triangulating their gaze from the face of a social partner to the activity area
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of the other social partner (e.g., from the Adult Face to the Child’s Activity

AOI in the Drums trial) or by shifting focus from Distractor Objects (Left or

Right) back to the Activity areas. This pattern is also reflected in the chord

diagrams, particularly in the green arrow from Child Face to Adult Activity, which

is more prominent for NT children, indicating their higher tendency to engage

in gaze triangulation. Additionally, the dark gray arrow from Object Right to

Adult Face and the light gray arrow from Object Left to Child Face are larger

for NT children, confirming their greater propensity to reorient their gaze from

distractor objects back to faces. In contrast, ASC children show significantly higher

gaze transition propensities between the Activity-related AOIs (Adult Activity and

Child Activity) compared to NT children, as well as from Activity-related AOIs to

distractor objects (specifically, from the Adult Activity AOI to the Object on the

Right). This behavior is clearly visible in the chord diagrams, where the red arrow

from Adult Activity to Child Activity and the yellow arrow from Child Activity to

Adult Activity are both larger in the Drums trial, indicating stronger transitions

between activity areas. ASC children also show a higher propensity to shift their

gaze from activity-related AOIs to distractor objects, as reflected in the chord

diagrams by the red arrow from Adult Activity to Object Right and the yellow

arrow from Child Activity to Object Left, which are more prominent in this group.

Additionally, ASC children tend to shift gaze from the face to the Activity-related

AOI within the same individual, without directing attention to the other social

partner in the scene, thus showing less of the gaze triangulation pattern observed

in NT children (Figure 5.5).

Furthermore, the PCA visualization indicates that gaze shifts in the ASC group

are more diffusely distributed along the main dimensions, suggesting greater vari-

ability in gaze-shifting behavior among children in this group and highlighting

increased heterogeneity in attentional patterns within the ASC group. This be-

havior is confirmed by the chord diagrams, where the green arrow from Child Face

to Child Activity and the blue arrow from Adult Face to Adult Activity are sig-

nificantly larger in the ASC group (Figure 5.6 and 5.7). Table 5.3 presents the

descriptive statistics and results of the Mann-Whitney U test for between-group

comparisons of transition propensities across the selected AOIs during the musical

activities with instrument trials.
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Figure 5.2: Scatter plot showing individuals based on the first and second prin-
cipal components, with concentration ellipses around each group (ASC and NT).
Overlaid, a correlation plot displaying the correlation between the first and second
principal components, with variables (transition propensities) color-coded based
on the categorization. Stimulus videos: Sheriff and Witches.
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(a) Sheriff - NT Group

(b) Sheriff - ASC Group

Figure 5.3: Chord diagrams representing gaze transition propensities between ar-
eas of interest (AOIs) during the “Sheriff” trial. The diagram on the top illustrates
transition patterns for the NT group, while the diagram on the bottom shows those
for the ASC group. AOIs are color-coded as follows: Child Face (green), Child
Activity (yellow), Adult Face (blue), Adult Activity (red), Object Right (dark
gray), and Object Left (light gray). Arrow thickness indicates the strength of the
transitions between AOIs.
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(a) Witches - NT Group

(b) Witches - ASC Group

Figure 5.4: Chord diagrams representing gaze transition propensities between ar-
eas of interest (AOIs) during the “Witches” trial. The diagram on the top il-
lustrates transition patterns for the NT group, while the diagram on the bottom
shows those for the ASC group. AOIs are color-coded as follows: Child Face
(green), Child Activity (yellow), Adult Face (blue), Adult Activity (red), Object
Right (dark gray), and Object Left (light gray). Arrow thickness indicates the
strength of the transitions between AOIs.
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Figure 5.5: Scatter plot showing individuals based on the first and second prin-
cipal components, with concentration ellipses around each group (ASC and NT).
Overlaid, a correlation plot displaying the correlation between the first and second
principal components, with variables (transition propensities) color-coded based
on the categorization. Stimulus videos: Xylophone and Drums.
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(a) Drums - NT Group

(b) Drums - ASC Group

Figure 5.6: Chord diagrams representing gaze transition propensities between ar-
eas of interest (AOIs) during the “Drums” trial. The diagram on the top illustrates
transition patterns for the NT group, while the diagram on the bottom shows those
for the ASC group. AOIs are color-coded as follows: Child Face (green), Child
Activity (yellow), Adult Face (blue), Adult Activity (red), Object Right (dark
gray), and Object Left (light gray). Arrow thickness indicates the strength of the
transitions between AOIs.
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(a) Xylophone - NT Group

(b) Xylophone - ASC Group

Figure 5.7: Chord diagrams representing gaze transition propensities between ar-
eas of interest (AOIs) during the “Xylophone” trial. The diagram on the top
illustrates transition patterns for the NT group, while the diagram on the bot-
tom shows those for the ASC group. AOIs are color-coded as follows: Child Face
(green), Child Activity (yellow), Adult Face (blue), Adult Activity (red), Object
Right (dark gray), and Object Left (light gray). Arrow thickness indicates the
strength of the transitions between AOIs.
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Table 5.2: Descriptive Statistics of Transition Propensities Across Defined AOIs
in ASC and NT Children and Mann-Whitney Test Results Comparing the Two
Groups in Sensory Social Routine Trials.

Trial Transition Group N Mean Median SD Minimum Maximum Mann-

Whitney

U

Mann-

Whitney

p

Sheriff AdultActivity -

AdultFace

ASC 23 0.00738 0.00551 0.00553 0.00 0.01706 306 0.490

NT 30 0.01021 0.00784 0.00964 0.00 0.03547

Sheriff AdultActivity -

ChildFace

ASC 23 3.47e-4 0.00000 4.89e-4 0.00 0.00125 172 0.001

NT 30 0.00263 0.00114 0.00446 0.00 0.02000

Sheriff AdultFace - Adul-

tActivity

ASC 23 0.01262 0.01262 0.01185 0.00 0.04343 130 < 0.001

NT 30 0.00499 7.12e-4 0.01549 0.00 0.08408

Sheriff AdultFace -

ChildActivity

ASC 23 1.45e-4 0.00000 2.82e-4 0.00 8.55e-4 292 0.279

NT 30 1.69e-4 0.00000 2.95e-4 0.00 0.00145

Sheriff AdultFace -

ChildFace

ASC 23 1.60e-4 0.00000 2.73e-4 0.00 9.03e-4 150 < 0.001

NT 30 4.83e-4 3.69e-4 3.61e-4 0.00 0.00116

Sheriff AdultFace - Ob-

jectLeft

ASC 23 3.29e-5 0.00000 1.50e-4 0.00 7.20e-4 341 0.887

NT 30 2.86e-5 0.00000 8.85e-5 0.00 3.50e-4

Sheriff AdultFace - Ob-

jectRight

ASC 23 0.00178 0.00000 0.00393 0.00 0.01637 256 0.051

NT 30 3.30e-4 0.00000 8.20e-4 0.00 0.00279

Sheriff ChildActivity -

AdultFace

ASC 23 1.24e-4 0.00000 2.25e-4 0.00 8.21e-4 301 0.363

NT 30 3.06e-4 0.00000 5.99e-4 0.00 0.00247

Sheriff ChildActivity -

ChildFace

ASC 23 0.01428 0.00525 0.01688 0.00 0.06592 332 0.816

NT 30 0.01388 0.00563 0.01331 0.00 0.04103

Sheriff ChildFace - Adul-

tActivity

ASC 23 2.74e-4 2.27e-4 2.70e-4 0.00 0.00104 227 0.032

NT 30 1.29e-4 9.44e-5 1.42e-4 0.00 5.11e-4

Sheriff ChildFace -

AdultFace

ASC 23 7.71e-5 0.00000 1.44e-4 0.00 4.73e-4 165 < 0.001

NT 30 1.82e-4 1.70e-4 1.20e-4 0.00 4.99e-4

Sheriff ChildFace -

ChildActivity

ASC 23 0.00964 0.00800 0.01027 6.99e-4 0.04773 127 < 0.001

NT 30 0.00311 3.76e-4 0.00583 0.00 0.02607

Sheriff ChildFace - Ob-

jectLeft

ASC 23 0.00148 1.48e-4 0.00493 0.00 0.02387 223 0.024

NT 30 2.44e-4 3.77e-5 6.63e-4 0.00 0.00357

Sheriff ChildFace - Ob-

jectRight

ASC 23 5.23e-6 0.00000 2.39e-5 0.00 1.15e-4 328 0.446

NT 30 5.94e-5 0.00000 3.26e-4 0.00 0.00178

Sheriff ObjectLeft -

AdultFace

ASC 23 1.30e-4 0.00000 3.08e-4 0.00 0.00146 342 0.961

NT 30 4.01e-5 4.01e-5 7.58e-5 0.00 3.70e-4

Sheriff ObjectLeft -

ChildFace

ASC 23 0.00293 6.12e-4 0.00820 0.00 0.04000 292 0.338

NT 30 0.01295 0.00282 0.04000 0.00 0.22222

Sheriff ObjectRight -

AdultFace

ASC 23 0.00603 0.00386 0.00966 0.00 0.04429 211 0.014

NT 30 0.01012 0.01010 0.01712 5.52e-4 0.09823

Sheriff ObjectRight -

ChildFace

ASC 23 1.11e-4 0.00000 2.84e-4 0.00 0.00137 210 < 0.001

NT 30 0.00000 0.00000 0.00000 0.00 0.00000

Witches AdultActivity -

AdultFace

ASC 23 0.00467 0.00254 0.00508 1.02e-4 0.01733 287 0.302

Continued on next page...
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Table 5.2: (Continued)

Trial Transition Group N Mean Median SD Minimum Maximum Mann-

Whitney

U

Mann-

Whitney

p

NT 30 0.00562 0.00305 0.00631 4.94e-4 0.02915

Witches AdultActivity -

ChildFace

ASC 23 5.07e-4 3.31e-4 6.71e-4 0.00 0.00294 266 0.156

NT 30 3.92e-4 2.43e-4 6.06e-4 0.00 0.00288

Witches AdultFace - Adul-

tActivity

ASC 23 0.01054 0.00389 0.01529 0.00 0.06339 247 0.080

NT 30 0.00438 0.00135 0.00858 3.01e-4 0.04134

Witches AdultFace -

ChildActivity

ASC 23 6.44e-5 0.00000 1.09e-4 0.00 4.30e-4 295 0.331

NT 30 1.21e-4 6.53e-5 2.24e-4 0.00 9.91e-4

Witches AdultFace -

ChildFace

ASC 23 2.08e-4 1.05e-4 2.79e-4 0.00 9.78e-4 332 0.812

NT 30 1.88e-4 1.31e-4 2.09e-4 0.00 8.99e-4

Witches AdultFace - Ob-

jectLeft

ASC 23 2.89e-5 0.00000 1.10e-4 0.00 5.13e-4 344 0.972

NT 30 8.38e-6 0.00000 2.60e-5 0.00 1.03e-4

Witches AdultFace - Ob-

jectRight

ASC 23 0.00256 3.29e-4 0.00828 0.00 0.04000 156 < 0.001

NT 30 1.36e-4 0.00000 3.55e-4 0.00 0.00178

Witches ChildActivity -

AdultFace

ASC 23 1.75e-4 0.00000 3.87e-4 0.00 0.00132 290 0.229

NT 30 3.82e-4 0.00000 6.92e-4 0.00 0.00319

Witches ChildActivity -

ChildFace

ASC 23 0.00775 0.00537 0.00850 2.25e-4 0.03283 328 0.767

NT 30 0.00617 0.00389 0.00565 0.00 0.02137

Witches ChildFace - Adul-

tActivity

ASC 23 0.00103 8.33e-4 8.85e-4 1.14e-4 0.00365 237 0.054

NT 30 7.52e-4 5.85e-4 8.07e-4 0.00 0.00352

Witches ChildFace -

AdultFace

ASC 23 1.37e-4 0.00000 1.99e-4 0.00 6.13e-4 206 0.009

NT 30 5.11e-4 2.85e-4 5.91e-4 0.00 0.00206

Witches ChildFace -

ChildActivity

ASC 23 0.00645 0.00366 0.00645 4.66e-4 0.02190 260 0.129

NT 30 0.00513 0.00224 0.00657 0.00 0.02709

Witches ChildFace - Ob-

jectLeft

ASC 23 4.32e-4 3.12e-4 4.62e-4 0.00 0.00195 211 0.014

NT 30 1.92e-4 8.28e-5 2.58e-4 0.00 0.00106

Witches ObjectLeft -

AdultFace

ASC 23 1.16e-4 0.00000 1.94e-4 0.00 7.29e-4 205 0.008

NT 30 4.23e-4 4.69e-4 4.47e-4 0.00 0.00168

Witches ObjectLeft -

ChildFace

ASC 23 0.00293 6.12e-4 0.00820 0.00 0.04000 292 0.338

NT 30 0.01295 0.00282 0.04000 0.00 0.22222

Witches ObjectRight -

AdultFace

ASC 23 0.00603 0.00386 0.00966 0.00 0.04429 211 0.014

NT 30 0.01012 0.01010 0.01712 5.52e-4 0.09823

Witches ObjectRight -

ChildFace

ASC 23 1.11e-4 0.00000 2.84e-4 0.00 0.00137 210 < 0.001

NT 30 0.00000 0.00000 0.00000 0.00 0.00000
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Table 5.3: Descriptive Statistics of Transition Propensities Across Defined AOIs
in ASC and NT Children and Mann-Whitney Test Results Comparing the two
groups in Musical Activities Trials.

Trial Transition Group N Mean Median SD Minimum Maximum Mann-

Whitney

U

Mann-

Whitney

p

Drums AdultActivity -

AdultFace

ASC 23 0.00212 0.00193 0.00197 0.00000 0.00790 293 0.461

NT 29 0.00179 9.86e-4 0.00209 2.88e-4 0.01027

Drums AdultActivity -

ChildActivity

ASC 23 0.00234 0.00135 0.00239 2.56e-4 0.00864 181 0.004

NT 29 0.00109 6.38e-4 0.00121 1.12e-4 0.00524

Drums AdultActivity -

ChildFace

ASC 23 9.22e-5 0.00000 1.25e-4 0.00000 3.64e-4 333 0.992

NT 29 1.24e-4 0.00000 2.05e-4 0.00000 7.23e-4

Drums AdultActivity -

ObjectLeft

ASC 23 1.09e-5 0.00000 3.60e-5 0.00000 1.27e-4 329 0.885

NT 29 1.25e-5 0.00000 3.84e-5 0.00000 1.55e-4

Drums AdultActivity -

ObjectRight

ASC 23 8.58e-5 0.00000 1.58e-4 0.00000 6.87e-4 238 0.024

NT 29 3.47e-5 0.00000 1.08e-4 0.00000 5.05e-4

Drums AdultFace - Adul-

tActivity

ASC 23 0.01598 0.00942 0.01806 0.00000 0.07020 133 < 0.001

NT 29 0.00566 0.00127 0.01537 3.03e-4 0.08353

Drums AdultFace -

ChildActivity

ASC 23 1.69e-4 0.00000 3.08e-4 0.00000 0.00131 229 0.045

NT 29 3.07e-4 2.25e-4 3.25e-4 0.00000 0.00110

Drums ChildActivity -

AdultActivity

ASC 23 0.00275 0.00143 0.00364 2.84e-4 0.01735 236 0.074

NT 29 0.00121 7.11e-4 0.00130 1.95e-4 0.00575

Drums ChildActivity -

AdultFace

ASC 23 8.73e-5 0.00000 1.36e-4 0.00000 5.43e-4 324 0.850

NT 29 8.97e-5 0.00000 1.54e-4 0.00000 5.55e-4

Drums ChildActivity -

ChildFace

ASC 23 0.00307 0.00121 0.00365 0.00000 0.01271 314 0.729

NT 29 0.00231 0.00107 0.00315 1.43e-4 0.01455

Drums ChildActivity -

ObjectLeft

ASC 23 6.44e-5 0.00000 9.17e-5 0.00000 2.63e-4 262 0.094

NT 29 2.77e-5 0.00000 6.37e-5 0.00000 2.30e-4

Drums ChildActivity -

ObjectRight

ASC 23 5.70e-6 0.00000 2.73e-5 0.00000 1.31e-4 319 0.278

NT 29 0.00000 0.00000 0.00000 0.00000 0.00000

Drums ChildFace - Adul-

tActivity

ASC 23 5.00e-4 0.00000 9.38e-4 0.00000 0.00415 294 0.455

NT 29 3.94e-4 3.09e-4 4.19e-4 0.00000 0.00169

Drums ChildFace -

ChildActivity

ASC 23 0.01125 0.00831 0.00910 0.00118 0.03012 198 0.012

NT 29 0.00674 0.00246 0.00873 3.00e-4 0.03366

Drums ObjectLeft -

AdultActivity

ASC 23 6.00e-4 2.80e-4 0.00120 0.00000 0.00571 319 0.780

NT 29 5.70e-4 5.70e-4 7.83e-4 0.00000 0.00386

Drums ObjectLeft -

ChildActivity

ASC 23 0.00219 0.00174 0.00286 0.00000 0.01268 197 0.010

NT 29 0.01060 0.01060 0.02043 0.00000 0.11364

Drums ObjectRight -

AdultActivity

ASC 23 0.00194 0.00194 0.00213 0.00000 0.00706 282 0.327

NT 29 0.00165 0.00165 0.00228 0.00000 0.01260

Drums ObjectRight -

ChildActivity

ASC 23 7.86e-5 0.00000 2.05e-4 0.00000 9.69e-4 183 0.003

NT 29 8.27e-5 8.27e-5 1.41e-4 0.00000 7.85e-4

Xylophone AdultActivity -

AdultFace

ASC 23 0.00183 8.26e-4 0.00200 0.00000 0.00567 295 0.484

Continued on next page...
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Table 5.3: (Continued)

Trial Transition Group N Mean Median SD Minimum Maximum Mann-

Whitney

U

Mann-

Whitney

p

NT 29 9.75e-4 7.25e-4 9.42e-4 1.13e-4 0.00356

Xylophone AdultActivity -

ChildActivity

ASC 23 0.00267 0.00195 0.00247 0.00000 0.00988 209 0.021

NT 29 0.00165 0.00102 0.00194 4.21e-4 0.00846

Xylophone AdultActivity -

ChildFace

ASC 23 8.62e-5 0.00000 1.61e-4 0.00000 7.08e-4 299 0.461

NT 29 5.07e-5 0.00000 9.46e-5 0.00000 4.21e-4

Xylophone AdultActivity -

ObjectLeft

ASC 23 0.00000 0.00000 0.00000 0.00000 0.00000

NT 29 0.00000 0.00000 0.00000 0.00000 0.00000

Xylophone AdultActivity -

ObjectRight

ASC 23 1.31e-4 0.00000 4.13e-4 0.00000 0.00197 260 0.023

NT 29 1.28e-5 0.00000 6.89e-5 0.00000 3.71e-4

Xylophone AdultFace - Adul-

tActivity

ASC 23 0.01690 0.00653 0.02623 0.00000 0.11905 149 < 0.001

NT 29 0.00461 0.00175 0.00836 4.96e-4 0.04150

Xylophone AdultFace -

ChildActivity

ASC 23 0.00106 7.48e-5 0.00317 0.00000 0.01534 258 0.122

NT 29 1.60e-4 0.00000 2.59e-4 0.00000 0.00103

Xylophone ChildActivity -

AdultActivity

ASC 23 0.00202 0.00153 0.00159 2.69e-4 0.00572 212 0.025

NT 29 0.00122 6.83e-4 0.00142 0.00000 0.00559

Xylophone ChildActivity -

AdultFace

ASC 23 4.42e-5 0.00000 7.49e-5 0.00000 2.69e-4 303 0.515

NT 29 7.45e-5 0.00000 1.26e-4 0.00000 4.97e-4

Xylophone ChildActivity -

ChildFace

ASC 23 0.00324 0.00186 0.00331 0.00000 0.01139 253 0.141

NT 29 0.00177 0.00144 0.00140 1.05e-4 0.00551

Xylophone ChildActivity -

ObjectLeft

ASC 23 1.34e-4 0.00000 2.79e-4 0.00000 9.99e-4 298 0.420

NT 29 4.92e-5 0.00000 9.69e-5 0.00000 3.50e-4

Xylophone ChildActivity -

ObjectRight

ASC 23 0.00000 0.00000 0.00000 0.00000 0.00000

NT 29 0.00000 0.00000 0.00000 0.00000 0.00000

Xylophone ChildFace - Adul-

tActivity

ASC 23 4.50e-4 3.79e-4 4.62e-4 0.00000 0.00128 332 0.985

NT 29 4.60e-4 3.07e-4 5.21e-4 0.00000 0.00168

Xylophone ChildFace -

ChildActivity

ASC 23 0.01298 0.00991 0.01355 5.19e-4 0.06497 169 0.002

NT 29 0.00592 0.00263 0.00735 0.00000 0.02696

Xylophone ObjectLeft -

AdultActivity

ASC 23 8.65e-5 0.00000 1.83e-4 0.00000 6.88e-4 254 0.107

NT 29 1.58e-4 1.58e-4 2.78e-4 0.00000 0.00124

Xylophone ObjectLeft -

ChildActivity

ASC 23 0.00122 5.80e-4 0.00240 0.00000 0.01112 328 0.923

NT 29 0.00120 0.00120 0.00257 0.00000 0.01384

Xylophone ObjectRight -

AdultActivity

ASC 23 0.00147 0.00144 0.00272 0.00000 0.01355 136 < 0.001

NT 29 0.00652 0.00652 0.00849 0.00000 0.04843

Xylophone ObjectRight -

ChildActivity

ASC 23 1.46e-4 7.46e-5 3.66e-4 0.00000 0.00179 160 < 0.001

NT 29 0.00000 0.00000 0.00000 0.00000 0.00000
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5.1.4 Discussion

This part of the research project was dedicated to deepening our understanding

of social attention development by exploring gaze behavior in children with ASC

compared to NT peers. Focusing on dynamic, interactive tasks that simulate real-

world social engagement, we employed videos of child–adult interactions involving

singing and instrument playing. These naturalistic stimuli, observed by children

wearing eye trackers, enabled us to capture detailed gaze patterns and move beyond

traditional paradigms that rely on static images or brief social stimuli. Overall,

this approach offers a more comprehensive perspective on how children with ASC

process and respond to social information in everyday contexts.

Central to this investigation is the concept of turn-taking imitation, which

enhances the ecological validity of the study by replicating the dynamics of every-

day social exchanges. The tasks encompassed both dyadic interactions, such as

SSRs involving motor imitation during songs, and triadic interactions that included

shared engagement and turn-taking with musical instruments. This design allowed

for an in-depth exploration of gaze behaviors across varying social contexts.

The study employs CTMCs to model gaze transitions and PCA to distill key

patterns from the data. These methodological innovations have revealed valuable

insights into the temporal dynamics of social attention and highlighted notable

differences in gaze behaviors between children with ASC and their NT peers.

5.1.4.1 Interpretation of Results

Our study identified context-dependent gaze patterns during the observation of

both dyadic and triadic interactions, revealing significant differences in attentional

dynamics between NT and ASC children. In SSRs, which involved dyadic interac-

tions and motor imitation during songs, NT children demonstrated a clear prefer-

ence for social engagement, frequently transitioning their gaze among face-related

AOIs. They also showed a strong tendency to reorient their gaze from distrac-

tor objects or activity areas back to faces, highlighting the prioritization of social

elements during visual exploration. This behavior aligns with previous findings in-

dicating that NT children naturally focus on socially salient stimuli, such as faces,

which are critical for reciprocal communication and social learning [229, 230]. Fre-
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quent gaze shifts between faces may facilitate their ability to synchronize and share

attention, a foundational skill in social development [231, 232, 233, 234].

In contrast, ASC children exhibited distinct gaze patterns during SSRs, char-

acterized by a higher likelihood of gaze aversion from faces and increased transi-

tions toward nonsocial elements, such as distractor objects or activity areas. They

were less likely to reorient their gaze back to faces after being distracted, suggest-

ing difficulties in integrating visual information across multiple social cues. This

pattern supports the notion that ASC children may prefer predictable, nonso-

cial stimuli over dynamic, socially demanding ones [235, 236, 225, 226]. These

findings are consistent with previous research indicating that reduced social pref-

erence [237, 238, 239] or adaptive responses to sensory overload or social anxiety

[142, 240, 241] may contribute to gaze aversion in ASC children.

During the musical instrument trials, which involved triadic interactions char-

acterized by turn-taking, shared engagement with parallel toys, and congruent

musical sounds, NT children predominantly focused their visual attention on the

activity area. When distracted by peripheral objects, they consistently redirected

their gaze back to the activity, demonstrating their ability to maintain shared

focus. Furthermore, NT children displayed gaze triangulation, frequently shifting

attention among the adult’s face, the child’s activity area, and other socially salient

elements. In contrast, ASC children were more likely to transition their gaze be-

tween the activity areas of the two partners and exhibited a stronger tendency

to shift gaze away from faces toward a single activity area. These behaviors sug-

gest reduced attention to social engagement cues and difficulties in coordinating

attention across multiple social partners. Additionally, ASC children often shifted

their gaze from the activity area to peripheral distractor objects, underscoring

differences in attentional control and motivation compared to NT children. These

results align with previous findings that ASC toddlers are more easily distracted

by background objects [242, 243].

Moreover, PCA visualization revealed that gaze shifts in ASC children were

more broadly distributed across principal components, reflecting a higher degree

of variability in attentional strategies. This heterogeneity is consistent with studies

reporting idiosyncratic gaze behaviors in ASC populations [244, 245, 246], and has

been associated with reduced comprehension of dynamic scenes at the neural level
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[247] as well as a stronger presence of autistic traits [248].

5.1.4.2 Significance and Value

This study enhances autism research by combining dynamic, ecologically valid

stimuli with advanced analytical techniques to uncover nuanced gaze behavior

patterns in both NT and ASC children. By incorporating both SSRs and object-

based shared activities with musical instruments, we were able to explore distinct

gaze behaviors in dyadic versus triadic interactions, shedding light on how varying

levels of social complexity influence attentional dynamics. The findings underscore

the diagnostic importance of gaze aversion as a critical marker for understanding

social engagement in ASC children. By employing CTMCs and PCA, the study

was able to capture dynamic gaze patterns and reduce data complexity, offering

insights that traditional static AOIs methods might overlook.

5.1.4.3 Limitations & Future Improvements

In this study, the sample size, while adequate for initial analyses, limits the gener-

alizability of the findings and restricts the exploration of subgroups within the ASC

population. Furthermore, the gender imbalance between the NT and ASC groups

may have influenced the results, and future research should aim for more bal-

anced samples. Finally, incorporating longitudinal data would allow for a deeper

exploration of how gaze aversion and social attention patterns develop over time,

providing further insights into their long-term impact on social and communication

outcomes.
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Chapter 6

Neurodivergent Trajectories in Mid-

dle Childhood: Effects in Expres-

sive Kinematics and Speech

In this chapter, we investigate neurodivergent trajectories in middle childhood

by examining two critical domains of expressive behavior: motor kinematics and

speech production. The research focuses on how expressive motor patterns, specif-

ically, the dynamic expression of Vitality Forms (VFs), and speech disturbances

such as dysarthria can serve as indicators of underlying neurodevelopmental differ-

ences. By integrating advanced AI-driven analysis into both kinematic and speech

domains, the studies presented here aim to provide objective, scalable frameworks

for assessing complex communication challenges in children with NDD. The chap-

ter is divided into two sections: the first explores divergent kinematic profiles

during social and non-social tasks, and the second presents the development of a

hierarchical model for automated speech assessment.
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6.1 Exploring Divergent Kinematics in Children

with NDD Across Social and Non-Social Vi-

tality Forms

This section continues the exploration of communicative skills by focusing on how

children with ASC express different VFs. Introduced by Daniel Stern, VFs are

dynamic qualities of actions that convey affective tones, such as gentleness or

rudeness, adding emotional depth to social interactions [249, 250]. Unlike ba-

sic emotions, which are brief, involuntary responses to stimuli involving regions

like the amygdala, VFs are continuous, intentional adjustments in behavior sup-

ported by brain areas such as the dorso-central insula and middle cingulate cor-

tex [251, 252, 253]. For instance, handing an object gently or rudely communicates

warmth or irritation, transcending the action’s functional goal. In children with

ASC, however, these nuanced cues are often challenging to express and inter-

pret, reflecting impairments in kinematic subtleties and intentional communica-

tion [254, 255].

Theories such as the Enactive Mind approach further highlight reduced social

attention and altered salience processing in ASC, contributing to differences in

embodied social cognition [256, 257, 237]. These challenges may also manifest as

distinct expressions of VFs in both social and non-social contexts, although current

research offers limited insights into this phenomenon.

To address this gap, the study examines (1) the spatiotemporal characteris-

tics of gentle and rude VFs in both ASC and NT children, and (2) the impact

of social presence on VFs expression in children with ASC. The experimental de-

sign involved ASC and NT children performing two tasks: moving a bottle to

a designated spot (non-social context) and handing it to another person (social

context), while expressing neutral, gentle, or rude VFs. It is hypothesized that

children with ASC will exhibit distinct kinematic profiles for each VF, with social

presence significantly influencing their expressions. By exploring VFs in autism

through AI-driven kinematic analysis, this section advances our understanding of

how motor behavior reflects social communication challenges.
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6.1.1 Participants

The study was carried out on a group of children with ASC (n = 25) and a

group of NT peers (n = 23) (range age: 7–13 years). Both ASC and NT children

were male, right-handed and with an Intellectual Quotient (IQ) > 70. The two

groups were comparable in terms of age and IQ (p > 0.05). Exclusion criteria for

autistic children included the presence of a neurometabolic or genetic syndrome,

epileptic encephalopathies and/or epilepsy, structural malformations of the central

nervous system and major movement disorders. Exclusion criteria for NT children

included a family history of autism, a personal history of language delay, intel-

lectual disability, or any neurodivergent conditions such as autism, ADHD, motor

dyspraxia, dyslexia, anxiety, and so forth. Two ASC children showed outliers kine-

matic values during the data analysis process and were therefore excluded from

the retrospective research.

Autistic children were recruited and tested at the National Research Council

of Italy, Institute for Biomedical Research and Innovation (CNR-IRIB) in Messina

and Catania (Italy), by referring the study to family associations, and via the re-

search center’s website. NT children were recruited via mainstream schools in the

local territory. The study was approved by the ethics committee of the AOUP of

Palermo (protocol number 09/2021), and all the families that voluntarily partici-

pated in the study signed a written informed consent. All methods were performed

in accordance with the relevant guidelines and regulations.

All autistic children had received a clinical diagnosis of an ASC by a mul-

tidisciplinary team including experienced developmental psychologists and child

neuropsychiatrists, supported by gold standard assessments such as the Autism

Diagnostic Observation Schedule - 2nd Edition (ADOS-2) [258, 179]. The Test of

Emotion Comprehension (TEC) [259] was used to assess the understanding of nine

different domains of emotional comprehension in both the ASC and the NT chil-

dren. Additionally, the Italian translation [260] of the Wechsler Intelligence Scale

for Children, 4th Edition (WISC-IV) [261] was employed to measure intellectual

ability of children in the autism spectrum. The WISC-IV allowed us to assess the

Verbal Comprehension Index (VCI), Visual Spatial Index (VSI), Fluid Reasoning

Index (FRI), Working Memory Index (WMI), and the Processing Speed Index
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(PSI). In the NT group, the Raven’s Standard Progressive Matrices (RPM) [262]

were used to estimate non-verbal intelligence and logical thinking. None of the

children had a clinical diagnosis of Developmental Coordination Disorder (DCD)

or motor dyspraxia. Demographic and clinical characteristics of the sample are

reported in Table 6.1.

Characteristic ASC children (n = 25) NT children (n = 23)

Age (years) 9.87 ± 2.2 9.63 ± 2.14

IQ total score 98.4 ± 14.4 91.2 ± 8.5

ADOS-2 SA 9.2 ± 4.1 n.a

ADOS-2 RRB 3 ± 2.2 n.a

ADOS-2 total score 12.3 ± 4 n.a

TEC total score 6 ± 1.7 8.3 ± 0.8

Table 6.1: Demographic and clinical characteristics of the sample reported as
Mean ± SD. IQ: intellectual quotient, SA: social affect, RRB: restricted repetitive
behaviors, TEC: test of emotion comprehension, n.a: not applicable.

To assess the understanding of the meanings associated with “gentle” and

“rude,” a specially designed semi-structured survey was administered to each child

before commencing the experimental phase. The survey took about 15 minutes to

complete. The experimenter presented three types of questions. Initially, the child

was prompted to provide definitions for the terms “gentle” and “rude” (“What

does the word gentle/rude mean?”). Subsequently, the child was asked to offer

examples of both gentle and rude behaviors (“Can you please give me an example

of being gentle/rude?”). Following this, the comprehension of the consequences of

exhibiting gentle or rude behavior towards others was explored (“What happens

if you are gentle/rude to another person?”).

After this initial survey, all participants received explicit definitions of “gentle”

and “rude,” along with their synonyms, aimed at establishing a clear and unam-

biguous conceptual understanding of the two terms. Subsequently, each child was

presented with 12 brief video clips, each lasting a few seconds, depicting actions

classified as either gentle or rude (e.g., “kicking a ball in a rude way” or “stirring a

soup in a gentle way”). To prevent a possible imitation effect of the VFs observed
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in these videos on the experimental task, the presented actions differed from those

performed during the experiment (passing an object). Additionally, some actions

were performed with a different effector (foot).

After each scene, participants were asked to verbally identify whether the ob-

served action was gentle or rude, and the accuracy of their responses was recorded

by the experimenter. Only participants who achieved a minimum score of 75%

correct answers (9 out of 12) were considered eligible to proceed to the subsequent

experimental phase. Four children were excluded because they fell below the ac-

curacy ratio and their understanding of the concepts of rude and gentle had not

been acquired yet.

6.1.2 Methods

6.1.2.1 Experimental Paradigm

The setup featured a square table with a small bottle positioned on it, accompanied

by two chairs, one for the child and the other opposite the child. A high-resolution

HC-X920 digital video camera, angled at 30 degrees on a tripod, recorded the table

and the child’s hands. Another high-resolution camera on a tripod was placed in

front of the child and the table, capturing the scene from the frontal perspective.

The experimental design comprised two conditions: social and non-social. In the

social scenario, a female experimenter (receiver) occupied the chair opposite the

child, while an empty chair was placed in front of the child in the non-social

scenario. The child was instructed to sit in the chair facing the table, placing the

right hand on the table in a pinching position, aligned with the participant’s mid-

sagittal plane and 9 cm away from the table edge (Figure 6.1, distance a–b). A

bottle was positioned 12 cm from the starting position (Figure 6.1, distance b–c).

Before starting the task, the experimenter explained the instructions. Children

were tasked with grasping the bottle and moving it forward with varying VFs

(rude, neutral, or gentle), as specified by the experimenter.

In the non-social condition, the child moved the bottle forward beyond a

marked line on the table 12 cm far from the bottle (Figure 6.1, distance c–d);

in the social condition, the child moved the bottle toward a second experimenter

seated on the opposite chair (Figure 6.1).
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(a) Non-social (b) Social

Figure 6.1: Experimental Setting adopted during the non-social (a) and social (b)
contexts.

To establish a baseline for each participant, children initially performed the

bottle movement in both social and non-social conditions for seven repetitions each,

using their natural approach without specific instructions on VFs. Subsequently,

children executed the same action with either gentle or rude VFs, according to the

instruction provided by the experimenter in both social and non-social conditions

for seven repetitions each, resulting in a total of 42 actions per child [7 actions ×
2 VFs × 2 Contexts + 7 neutral actions (baseline) × 2 Contexts]. To mitigate

potential performance bias due to factors like fatigue, boredom, or attention issues,

all trials were counterbalanced concerning VFs and conditions.

6.1.2.2 Video Editing

Video footage of all the children was carefully reviewed by a trained researcher.

A total of 201 and 143 trials were excluded for ASC and NT respectively, because

they did not align with task requirements, such as instances where the child moved

the bottle outside the designated area or the camera failed to properly capture the
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action. Following the cleaning procedures, the remaining number of trials included

in the analysis was 849 for ASC and 823 for NT.

Before starting the analysis, each action was divided into two distinct phases

using Virtual Dub software:

• Phase 1 - Reaching phase: Spanning from the initiation of the reaching

movement to the grasping of the bottle (Figure 6.2 - A1, A2 and B1, B2);

• Phase 2 - Moving phase: Covering the period from grasping the bottle

to completing the action (Figure 6.2 - A3, A4 and B3, B4).

In the reaching phase, our primary aim was to explore the way children grasped

the bottle. In the moving phase, our attention shifted to examining how and to

what extent the child manipulated the bottle to move it forward, taking into

account the specific VFs and the social and non-social contexts surrounding the

action (Figure 6.2).

Figure 6.2: Phase 1: reaching phase, from the beginning of the movement (A1,B1)
until grasping the bottle (A2,B2); Phase 2: moving phase, from grasping the
bottle (A3,B3) until the end of the action (A4,B4) during both social and non-
social contexts.
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6.1.2.3 Automatic Hands Tracking

Following the pre-processing stage, each video was analyzed using DL models for

the automatic frame-by-frame tracking of the child’s hand movements during the

task. The automatic extraction of trajectories was carried out by applying and

customizing the MediaPipe Hand Landmarker solution [165]. As Pose Landmark

Detection, MediaPipe Hand Landmarker is a powerful computer vision framework

developed by Google’s MediaPipe team. It utilizes advanced DL techniques, specif-

ically CNNs, to enable real-time hand movement tracking and landmark estimation

from video or webcam streams. With MediaPipe Hand Landmarker, developers

can leverage pre-trained models and algorithms to identify and locate key reference

points on the hand, such as fingertips, knuckles, and the palm. More precisely, this

model was able to detect the localization of 21 hand-knuckle coordinates within the

detected hand regions. The framework incorporates a multi-stage regression ap-

proach, thanks to which the model predicts the landmarks in a sequential manner,

progressively refining its estimates at each stage. This process enables it to handle

challenges like occlusions and improve the accuracy of landmark estimation.

In our task, we modified the network architecture to accurately distinguish

between the child’s right hand and the experimenter’s hand in the social context.

Specifically, we customized the network to provide as output the rotation of the

rectangular bounding box for each hand, in order to differentiate between them.

This modification allowed for automatic and reliable identification of the child’s

hand, even during the social context, and facilitated accurate tracking of their

movements. The recorded videos have a frame rate of 25 fps, resulting in estimated

trajectories that are sampled every 40 ms.

6.1.2.4 Feature Extraction

For the characterization of our specific task, we focused on three reference points

(markers) on the hand. Specifically, the wrist was considered the most stable

point for analyzing the kinematic parameters of the whole action (Figure 6.3a -

Figure 6.3c), while the tips of the thumb and index finger were used to analyze

the grasping of the bottle (Figure 6.3b).

The features were extracted for each marker using the trajectories in two di-
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mensions, specifically the x and y coordinates of the Cartesian plane, with the

origin located at the top left corner of the frame (Figure 6.3d). Specifically, we

extracted the following features:

• Velocity and acceleration (both phases): The velocity of the wrist was

computed as the Euclidean distance between the location of the reference

point in every two subsequent frames divided by their temporal distance.

The acceleration was calculated as the difference between two consecutive

velocity samples. For both signals, the x and y components and the total

module were calculated. Additionally, the signals were resampled with a

frame interval of 5 ms, and a moving average filter with a window of three

samples was applied to reduce noisy fluctuations (Figure 6.3e). Mean and

maximum values, along with their corresponding time, were computed for

both velocity (px/s) and acceleration (px/s2). Furthermore, the maximum

deceleration and its corresponding time point were computed.

• Maximum opening (Phase 1): The maximum opening in pixels during

the bottle grasping phase was calculated as the maximum Euclidean distance

between the thumb and index fingertips. The corresponding time was also

determined. The feature was normalized by the distance between the wrist

and the tip of the middle finger to account for children’s dimensions.

• Grasping time (Phase 1): The duration of grasping time in seconds was

measured as the time interval between the beginning of the action and the

instant of bottle grasping.

• Maximum displacement along x and y during action execution

(Phase 2): The maximum extent of movement in pixels along the two

axes was calculated by measuring the difference between the maximum and

minimum ordinate and the maximum and minimum abscissa covered by the

hand.

• Coordinates of the hand position at the end of the action (Phase 2):

We checked whether the model correctly identified and tracked the child’s

hand in the final frames of the video. If the hand was not successfully
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detected in the last part of the video, resulting in missing data, we excluded

the final hand coordinates from the features.

(a) (b) (c)

(d) (e)

Figure 6.3: Hand markers employed for feature extraction: the wrist point was
used as a reference to compute kinematic parameters for the entire action, from
the starting position (a) to the moving phase (c). The thumb and index fingertips
were used to characterize the grasping phase of the action (b). An example of
a wrist trajectory (x-axis component in blue and y-axis component in red) is
automatically extracted from one subject, with the starting point of the action,
where the child begins to move, indicated by black dots (d). Additionally, an
example of a velocity curve derived from the x and y components of the wrist
trajectory of one subject is provided. The original signal is shown in blue, and the
interpolated signal is indicated in red (e).

6.1.2.5 Statistical Analysis

The statistical analysis was conducted using RStudio (Version 1.4.1106) [263], an

integrated development environment for R. Data normality was assessed with the
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Shapiro-Wilk test. For variables that followed a normal distribution, a two-way

analysis of variance (ANOVA) was performed with Context (social vs. non-social)

and Vitality Form (gentle vs. rude) as within-subject factors. Post hoc com-

parisons were carried out using Tukey’s HSD test. For non-normally distributed

variables, non-parametric tests, including the Wilcoxon signed-rank test and the

Kruskal-Wallis test, were employed. Statistical significance was set at p < 0.05.

Data visualization was performed using ggplot2, an R package for creating data

visualizations, to illustrate means and standard errors across conditions.

6.1.3 Results

The results described below pertain to the analysis of the following kinematic pa-

rameters recorded in both ASC and NT children: mean velocity (vm), maximum

velocity (vmax), time to maximum velocity (vtmax), mean acceleration (am), max-

imum acceleration (amax), maximum deceleration (Dmax), time to maximum de-

celeration (Dtmax), maximum opening (Omax), time to maximum opening (Otmax),

maximum displacement in the X-axis (DXmax), and maximum displacement in the

Y-axis (DYmax). The main significant results are summarized in Table 6.2 and

Figure 6.4 (for more details, refer to the Supplementary Information).

Main effects Analysis A significant main effect of GROUP was observed

during the reaching phase for the kinematic parameters am (p < 0.01), amax (p <

0.01), Omax (p < 0.05) and Otmax (p < 0.01). In the moving phase, the main effect

of GROUP was significant for am (p < 0.05), amax (p < 0.05), Dmax (p < 0.06),

Dtmax (p < 0.06), DXmax (p < 0.01) and DYmax (p < 0.01) as shown in Figure 6.4

and Table 6.2. Regarding the effect of VITALITY, significant differences were

observed in both phases. In the reaching phase, the parameters vm (p < 0.0001),

vmax (p < 0.0001), am (p < 0.0001), amax (p < 0.01), Dmax (p < 0.01), and Dtmax

(p < 0.0001) were significant (Table 6.2). Planned contrasts (a priori, Bonferroni

correction, p < 0.008) revealed differences in vm (p < 0.0001), vmax (p < 0.0001),

am (p < 0.0001), amax (p < 0.001), and Dmax (p < 0.001), while Dtmax was not

significant. In the moving phase, significant effects of VITALITY were observed

for vm (p < 0.0001), vmax (p < 0.001), am (p < 0.01), amax (p < 0.001), and Dmax
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(p < 0.0001). Planned contrasts showed differences for vm (p < 0.0001), vmax

(p = 0.003), amax (p < 0.001), and Dmax (p < 0.001), while am and Dtmax were not

significant.

Finally, the effect of CONTEXT was significant only during the moving

phase, where amax (p < 0.05) and vmax (p < 0.05) showed differences (Figure 6.4

and Table 6.2).

Interaction effects Analysis The interaction VITALITY * GROUP was

significant exclusively in the moving phase for the following kinematic parameters:

Dmax (p < 0.03), amax (p = 0.06), and am (p < 0.03) (Figure 6.4C).

The interaction CONTEXT * VITALITY also showed significance only in

the moving phase, involving DYmax (p < 0.05), Dtmax (p = 0.06), amax (p < 0.05),

am (p < 0.05), and vmax (p < 0.05), as detailed in Table 6.2.

The interaction CONTEXT * GROUP was significant during the reaching

phase for Dmax (p < 0.05) and vtmax (p < 0.05). In the moving phase, the same

interaction revealed a significant difference for vm (p < 0.01) (Figure 6.4D).

Finally, the interaction GROUP * VITALITY * CONTEXT yielded sig-

nificant results in the reaching phase for Dmax (p < 0.05) and vm (p = 0.06), as

well as in the moving phase for DXmax (p < 0.05) and vm (p < 0.01) (Figure 6.4E).
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Reaching phase Moving phase

F(1,41) p F(1,40) p

vm Vitality 80.92 < 0.001 59.76 < 0.001

Group*Vitality*Context 3.81 0.06 6.59 0.01

Context*Group 7.61 0.01

vmax Group 3.35 0.07

Vitality 66.84 < 0.001 24.69 < 0.001

Context 4.64 0.03

vtmax Context*Group 6.13 0.02

am Group 7.94 0.01 6.21 0.02

Vitality 86.09 < 0.001 21.89 < 0.001

Vitality*Group 4.66 0.03

amax Group 8.19 0.01 4.66 0.003

Vitality 20.25 0.01 13.23 < 0.001

Context 5.76 0.02

Vitality*Group 3.74 0.06

Context*Vitality 6.09 0.02

Dmax Vitality 21.53 0.01 37.17 < 0.001

Context*Group 4.46 0.04

Group*Vitality*Context 5.81 0.02 4.96 0.03

Dtmax Vitality 5.08 0.01

Context*Vitality 3.58 0.06

DXmax Vitality 14.69 < 0.001

Group*Vitality*Context 5.85 0.02

DYmax Vitality 27.67 < 0.001

Context*Vitality 5.32 0.03

Omax Group 7.11 0.01

Vitality 12.24 0.01

Table 6.2: Main and interaction effects: significant F and p-values for reaching
and moving phases.
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Figure 6.4: Overview of the main differences between ASC and NT groups during
the reaching and moving phases in the expression of vitality forms. All values
are normalized to the baseline condition, where 100% represents the baseline.
Vertical bars indicate standard errors. Statistical significance is denoted as follows:
*p ≤ 0.05, **p ≤ 0.01.

Correlation analyses Table 6.3 shows results regarding the correlation analyses

carried out between neuropsychological measures and VFs kinematic parameters.
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ASC children

Gentle Rude Social Non-social Gentle social Gentle non soc. Rude social Rude non soc.

Mean acceleration ADOS 0.099 -2.4 -0.26 -0.03 0.07 0.10 -0.28 -0.09

TEC -0.201 0.28 0.20 0.13 -0.18 -0.18 0.23 0.25

WISC-IV 0.241 -0.04 -0.11 0.17 0.06 0.32 -0.46 0.19

AS 0.59** -0.23 -0.33 0.30 0.60** 0.46* -0.46* 0.19

Max acceleration ADOS 0.07 -0.24 -0.25 0.04 -0.07 0.17 -0.24 -0.02

TEC -0.98 0.08 0.07 0.02 0.03 -0.18 0.07 0.11

WISC-IV 0.58** -0.13 -0.17 0.52* 0.54* 0.54* -0.18 0.46*

AS 0.21 -0.46* -0.47* 0.08 0.20 0.19 -0.48* 0.03

Time max acceleration ADOS 0.09 0.14 0.12 0.14 -0.38 0.15 0.14 0.13

TEC -0.21 -0.17 -0.19 -0.16 -0.18 -0.19 -0.18 -0.15

WISC-IV 0.17 0.20 0.20 0.19 -0.04 0.18 0.20 0.19

AS -0.21 -0.17 -0.17 -0.18 -0.30 -0.17 -0.15 -0.18

Max deceleration ADOS 0.06 -0.14 0.05 -0.24 0.15 0.06 -0.02 -0.27

TEC -0.33 0.08 -0.03 -0.16 -0.31 0.24 0.14 -0.03

WISC-IV -0.05 0.07 -0.15 0.29 -0.31 0.26 -0.02 0.18

AS 0.63** 0.18 0.34 0.45* 0.60** 0.46* 0.09 0.24

Time max deceleration ADOS -0.08 0.13 0.08 0.10 -0.18 0.14 0.16 0.01

TEC -0.09 -0.13 -0.19 0.01 -0.18 0.10 -0.15 -0.04

WISC-IV 0.33 0.19 0.31 0.18 0.34 0.16 0.22 0.09

AS -0.61** -0.27 -0.36 -0.65** -0.48* -0.54* -0.22 -0.37

NT children

Gentle Rude Social Non-social Gentle social Gentle non soc. Rude social Rude non soc.

Mean acceleration RAVEN -0.13 0.009 0.01 -0.07 0.04 -0.22 0.01 -0.01

TEC -0.35 -0.067 -0.04 -0.27 -0.01 -0.49* -0.04 -0.16

Max acceleration RAVEN -0.29 0.12 0.10 0.02 -0.19 -0.23 0.11 0.10

TEC -0.55** -0.11 -0.10 0.25 0.20 -0.53** -0.10 -0.12

Time max acceleration RAVEN 0.16 0.13 0.12 0.33 0.15 0.27 0.09 0.30

TEC 0.20 0.15 0.18 0.004 0.19 0.17 0.17 -0.11

Max deceleration RAVEN -0.20 -0.22 -0.16 -0.31 -0.28 -0.001 -0.11 -0.35

TEC -0.15 -0.14 -0.03 -0.37 0.31 0.11 0.04 -0.48

Time max deceleration RAVEN 0.26 0.18 0.19 0.27 0.18 0.34 0.20 0.14

TEC -0.10 -0.05 -0.06 -0.09 -0.12 -0.06 -0.01 -0.12

Table 6.3: Results of correlations analysis carried out in ASC and NT children
between neuropsychological tests scores and VFs kinematic parameters (∗p <0.05,
∗∗p <0.01). The numbers in bold are those marked with an asterisk (∗/∗∗) and
signify statistical significance.

6.1.4 Discussion

This section investigated how children with ASC and NT peers communicate pos-

itive and negative VFs through actions, in both social and non-social contexts.

The study further explored kinematic differences in the performance of action

VFs between the two groups. To address these objectives, we designed tasks in
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which both groups moved a small bottle either to a designated point on a table

(non-social context) or toward a receiver (social context) while expressing neutral,

gentle, or rude VFs. DL models were employed to extract kinematic parameters

from videos, thereby characterizing these VFs during two distinct action phases:

reaching and moving.

6.1.4.1 Interpretation of Results

The findings revealed that ASC children are capable of modulating their motor

profiles to express both gentle and rude VFs, as evidenced by adjustments in

kinematic parameters such as mean velocity, maximum velocity, mean accelera-

tion, and maximum acceleration. These results suggest that once ASC children

comprehend the meanings of VFs, with only participants scoring above 75% ac-

curacy in a preliminary interview being included, they can adapt their actions

accordingly. This observation aligns with the findings of Csartelli et al. [264],

who reported modifications in peak velocity and acceleration when ASC children

performed actions with distinct VFs.

Despite this adaptive capacity, significant divergences in motor profiles were

observed when comparing ASC to NT children. For example, during the moving

phase, ASC children exhibited reduced mean acceleration, maximum acceleration,

and maximum deceleration when moving the bottle forward. In the reaching phase,

differences emerged in the timing of maximum hand opening and maximum de-

celeration. These kinematic differences were particularly pronounced during the

expression of rude VFs, indicating greater challenges in motor control for ASC

children. Such findings support prior research suggesting that motor planning

difficulties in ASC may arise from challenges in processing multiple pieces of in-

formation simultaneously, leading to inefficiencies in action execution.

A critical focus of the study was on the modulation of VFs across social and

non-social contexts. The results indicated that social contexts negatively impacted

VFs expression in ASC children, as evidenced by reduced mean velocity during

the moving phase. In contrast, NT children exhibited an increase in kinematic

parameters, such as maximum acceleration and mean velocity, when shifting from

non-social to social contexts. The ability of NT children to adapt and maintain
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clear distinctions between gentle and rude actions in social settings underscores

their superior modulation skills compared to ASC peers. Conversely, ASC children

demonstrated diminished differentiation between gentle and rude VFs during social

interactions, suggesting that social communication challenges may influence motor

behavior.

Moreover, our analysis revealed that higher social communication difficulties, as

indicated by elevated SA scores on the ADOS-2, were associated with reduced VFs

modulation, particularly in social contexts and for the expression of rude VFs. This

finding highlights the potential influence of social anxiety or action inhibition on

the motor expressions of ASC children, further emphasizing the interplay between

social communication challenges and motor behavior in autism.

6.1.4.2 Significance and Value

This study makes a significant contribution to understanding the modulation of

VFs in ASC children within authentic social contexts. By employing an innova-

tive, non-invasive method, automatic DL video tracking, we captured continuous

motion data without imposing physical constraints. This approach is particularly

advantageous when working with children who may resist wearing markers or sen-

sors, a common challenge in autism due to sensory sensitivities. The AI-based

kinematic motion tracking method provides an authentic representation of motor

behavior, offering distinct advantages over traditional motion capture systems.

Furthermore, from a clinical perspective, the study underscores the intercon-

nectedness of social communication and motor domains in ASC, revealing how

social communication difficulties extend into motor behavior and affect the nu-

anced expression of vitality in actions. This knowledge supports the development

of interventions that target both motor and social domains, thereby offering a more

holistic therapeutic approach.

6.1.4.3 Limitations & Future Improvements

The small sample size poses a limitation, as it may not adequately capture the

diversity within ASC and NT populations, thereby reducing the generalizability

of the findings. Increasing the sample size and incorporating a broader range of
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participants would strengthen both the robustness and applicability of the results.

Additionally, the study’s focus on male participants restricts the ability to in-

vestigate sex-based differences in VFs expression, an essential avenue for future

research.

Moreover, the tasks were designed specifically around moving a bottle in either

social or non-social contexts. While these controlled scenarios offered valuable in-

sights into VFs expression, their situational specificity might limit the relevance of

the findings to everyday interactions. Future studies should examine VFs expres-

sion across a wider variety of naturalistic contexts to yield a deeper understanding

of its role in social communication.
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6.2 Artificial Intelligence for Speech Assessment

in Children: A Hierarchical Approach

This section is dedicated to the development of an AI-based model to support

speech assessment in children with dysarthria. The proposed system is a Hier-

archical Machine Learning Model (HMLM) that combines conventional Machine

Learning (ML) with Deep Learning (DL) techniques to address both the diagno-

sis and severity assessment of dysarthria. Employing the standardized “PA-TA”

speech disturbance test from the Scale for the Assessment and Rating of Ataxia

(SARA) [265], the model first differentiates between healthy children and those

with dysarthria, subsequently evaluating the severity of the condition. This inno-

vative approach marks a significant step forward in leveraging automated tools to

identify and quantify dysfunctions in speech production, thereby facilitating the

evaluation of language-related impairments.

The model enhances current therapeutic practices by offering precise and ob-

jective insights into linguistic abilities, contributing to a deeper understanding and

improved management of dysarthria within neurodevelopmental contexts. Devel-

oped using speech data from children with ataxia [266], a neurological condition

affecting motor coordination, the model demonstrates strong generalizability. Its

effectiveness in assessing speech disturbances underscores its value as a diagnostic

and therapeutic tool for Neurodevelopmental Disorders involving communication

impairments.

Dysarthria, defined as a motor speech disorder caused by neurological impair-

ments that affect the muscles responsible for speech [267], presents challenges

in articulation, phonation, respiration, and prosody. Its manifestation in differ-

ent NDD varies depending on the underlying neurological deficits. For example,

in CP, dysarthria often arises from motor control issues due to central nervous

system damage [268], while children with Rett syndrome may experience speech

challenges linked to motor and communicative regression [269]. Congenital neu-

romuscular disorders and other conditions that impair motor coordination can

also result in dysarthria as a secondary effect of weakened or poorly coordinated

speech muscles [270]. Recognizing these patterns is essential for developing effec-
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tive, multidisciplinary therapeutic interventions that address both the neurological

and communicative aspects of these conditions.

6.2.1 Participants

The study population was recruited in 2018 at the Movement Analysis and Robotics

laboratory (MARlab) of the Intensive Neurorehabilitation and Robotics Depart-

ments of IRCCS Bambino Gesù Children’s Hospital (Rome, Italy). Overall, it is

composed of 55 subjects: 18 Healthy (H), 21 with Progressive Ataxia (PA) and 16

with Congenital Non-Progressive Ataxia (CA). H group included sex/age matched

healthy volunteers without personal/familiar history of neurological diseases and

no signs at clinical examination (age 12[7.6]; 12F/6M). All patients had genetically

confirmed diagnosis and a routine diagnostic workup, including general and neu-

rological examination, brain Magnetic Resonance Imaging (MRI), sensory evoked

potentials, nerve conduction study and visual acuity evaluation; moreover, they

were in follow-up at the MARlab for at least 2 years, to ensure a correct group

classification. None of the enrolled subjects had relevant cognitive impairment or

were taking psychoactive drugs (other usual medications, such as vitamin or an-

tioxidant were allowed). Patients with severe disability, moderate severe cognitive

impairment affecting tests execution were excluded. Demographic data were col-

lected for the three groups. The research conformed to the ethical standards laid

down in the 1964 Declaration of Helsinki. All subjects participated on a voluntary

basis, after that they or their legal responsible signed the informed consent (the

study was approved by local ethical committee Protocol NET-201302356160 WP3,

nr. 1619-2018, received 03 July 2018).

6.2.2 Methods

6.2.2.1 Experimental Setup

After receiving a clinical evaluation, all the 55 subjects were asked to perform the

“PATA” test in a quiet room. Each vocal task was recorded with SaraHome, a

novel technology for the assessment at home of patients with ataxia symptoms

[271], using the microphone array mounted on the Microsoft Kinect V2 for 10
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seconds at a sampling frequency (Fs) of 16 KHz. Each subject was asked to repeat

the word “PATA” as many times as possible in 10 seconds, as reported in [272, 273].

At the end of each task, speech disturbance was scored by expert personnel using

a standardized clinical scale: SARA [274]. For each patient with CA and PA, the

same test was repeated after 12 months (time t1) to monitor the possible evolution

of disturbances. It was possible to repeat the test only for 21/34 patients (12 PA

and 9 CA). For this reason, 76 audio recordings were totally considered. All the

data were analyzed using Matlab version 2020 [164].

6.2.2.2 Overall Architecture

Figure 6.5 illustrates the overall architecture of the proposed hierarchical model for

speech assessment. The approach combines classical ML techniques with DL ar-

chitectures to address both classification and severity stratification tasks. Initially,

raw speech signals are pre-processed to extract relevant acoustic features, which

serve as input to the hierarchical model. The first layer performs a binary clas-

sification to distinguish between healthy individuals and those with dysarthria.

The second layer refines the assessment by stratifying dysarthria into different

severity levels. This two-tiered framework ensures precise and granular insights

into speech impairments, facilitating a deeper understanding of the underlying

neurological conditions.
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Figure 6.5: Flowchart of the overall architecture.

6.2.2.3 Signal Pre-Processing and “PA-TA” Segmentation

Sometimes the collected data were affected by background noise such as external

voices, door slamming sounds, or environmental noises; therefore, a step of pre-

processing and clean-up was necessary. Initially, we evaluated the average signal

spectrum (Short Time Fourier periodogram) to detect the frequency range of in-

terest (Figure 6.6). Since patients’ voices repeating “PA-TA” were mostly under

the frequency of 1 kHz, in order to reduce all the noise above this frequency, we

166



CHAPTER 6. NEURODIVERGENT TRAJECTORIES IN MIDDLE CHILDHOOD:
EFFECTS IN EXPRESSIVE KINEMATICS AND SPEECH

applied an eleven-order low-pass Chebyshev filter with a cut-off frequency of 1 kHz

and a Hanning window with length equal to the 0.5% of Fs. Afterward, we ap-

plied the method based on fine-tuning of threshold short-term energy and spectral

spread [275] to detect speech boundaries and remove the remaining noise.

The envelope of each signal was extracted by applying firstly the module of the

Hilbert Transform and later a zero-phase moving-average filter whose parameters

were tuned according to the signal approximate entropy. If signal approximate

entropy was lower than the empirical threshold of 0.8, a single moving-average

filter was applied to the Hilbert Transform; otherwise, two cascade filters were

employed, as reported in Table 6.4.

The main steps of signal pre-processing are shown in Figure 6.7. After these

steps, “PA” and “TA” peaks were detected from the envelope, selecting only max-

ima with a minimum prominence equal to 10% of the absolute value of the Hilbert

Transform mean. Instead, signal minima were recognized by computing the energy

and by choosing only the minimum prominence of 0.01 and at least 10% of the

sampling frequency apart.

Figure 6.6: Signal short-time Fourier Transform with a detailed view between 500
ms and 1500 ms.
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Approximate

Entropy

Threshold

Numerator Coefficients of

the Rational Transfer

Function (b)

Denominator Coefficients

of the Rational Transfer

Function (a)

Entropy < 0.8 cn, where c = 1/1500,

n = 1500

0.7

Entropy ≥ 0.8 Filter 1: cn, where

c = 1/1000, n = 1000

0.7

Filter 2: cn, where c = 1/500,

n = 500

1.0

Table 6.4: Moving average filter parameters.

Figure 6.7: Main steps of signal pre-processing from noise removal to “PA” and
“TA” peaks identification. The first row shows an example of background noise
(squeak) that is removed through the low-pass filter. Later, the detect speech
method based on threshold short-term energy and spectral spread is employed to
remove the remaining background noise. The cleaned-up signal is used to obtain
the envelope and consequently to identify peaks.
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6.2.2.4 Feature Extraction and Selection for Machine Learning

Audio signals were segmented in order to increase the statistical significance of

the dataset in terms of inter-subject and inter-class variability [276]. Because

of windowing the signals, it was possible to assume their quasi-stationary within

each frame, easing the subsequent analysis [277]. Since the performance of the

system depends largely on noise reduction among peaks and the selection of useful

acoustic events only (Figure 6.8), it was necessary to carry out the segmentation

using the “PA” & “TA” peaks as reference points, and the samples between the

closest preceding and consecutive minima considering each PA-TA cycle.

After performing audio segmentation, we investigated the most relevant con-

ventional features of our targeted application. In literature, the issue of feature

extraction in the field of audio processing is quite challenging because of several

factors such as the simultaneous presence of different sound sources and the back-

ground noises that may affect machine performance [277]. These characteristics

are considered to identify the most reliable parameters. In Figure 6.5, all the fea-

tures extracted and grouped by time domain (PATAfreq, Approximate Entropy),

frequency domain (spectral values, MFCCs and GTCCs coefficients), chaotic do-

main (Lyapunov Exponent), and age of children, are listed. All the features were

extracted from each PA-TA cycle and then the average value for each subject was

calculated.

PATA frequency (PATAfreq) is a simple time domain physical feature, whose

calculation is directly performed from the temporal envelope of signals in order

to assess a fundamental parameter of our specific task, according to the following

equation:

PATAfreq =
npeaks

2 · l
(6.1)

where npeaks is the total number of recognized peaks and l is the length of the

signal.
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Figure 6.8: Audio segmentation. Each signal was segmented using “PA” & “TA”
peaks identified on the envelope as reference points and considering, for each PA-
TA cycle, only the samples between the closest preceding and consecutive minima.
Each peak corresponds to a syllable.

Approximate Entropy is calculated to measure the complexity and possible

fluctuations of the signals [278] and for its strength to discriminate human voice

components from corrupted speech [279]. Lyapunov Exponent is calculated to con-

sider the non-linearity of speech [280, 281, 282, 283, 284]. Frequency domain fea-

tures, conventionally used for lots of applications [285, 286], are the most described

in literature. These variables are intended to describe the physical properties of

the signal frequency content, and they cover a large number of different categories.

Among this wide range of possibilities, we computed the following features:

• Mel-Frequency Cepstral Coefficients (MFCCs): They are one of the

most popular features employed in speech processing. They constitute the

mel-frequency cepstrum (MFC), a compact representation of the short-term

power spectrum of an audio signal, obtained through a linear cosine trans-

form from the log power spectrum to the nonlinear mel scale frequency [286].
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• Gammatone Cepstral Coefficients (GTCCs): They are a modification

of MFCCs inspired by biology and are obtained by applying Gammatone

filters with equivalent rectangular bandwidth bands [287].

• Spectral Centroid: It can be considered the barycenter of the spectrum

and indicates where most of the signal energy is contained:

Spectral Centroid =

∑b2
k=b1

fksk∑b2
k=b1

sk
, (6.2)

where fk is the frequency in Hz and sk is the spectral value that corresponds

to bin k, while b1 and b2 are the band edges, in bins, over which to calculate

the spectral centroid [286, 288].

• Spectral Spread: It is a measure of the spread of the spectrum around its

mean value:

Spectral Spread =

√√√√∑b2
k=b1

(fk − µ1)2sk∑b2
k=b1

sk
, (6.3)

where fk is the frequency in Hz and sk is the spectral value that corresponds

to bin k, while b1 and b2 are the band edges, in bins, over which to calculate

the spectral spread and µ1 is the spectral centroid [287, 289].

• Spectral Skewness: It is a measure of the asymmetry of the spectrum

around its mean value and is computed from the 3rd order moment:

Spectral Skewness =

∑b2
k=b1

(fk − µ1)
3sk

(µ2)3
∑b2

k=b1
sk

, (6.4)

where fk is the frequency in Hz and sk is the spectral value that corresponds

to bin k, while b1 and b2 are the band edges, in bins, over which to calculate

the spectral skewness, µ1 is the spectral centroid and µ2 is the spectral spread.

Skewness = 0 indicates a symmetric distribution, Skewness < 0 more energy

on the right, Skewness > 0 more energy on the left [290].

• Spectral Kurtosis: It gives a measure of the flatness of the spectrum

around its mean value and indicates a possible non-stationary or non-Gaussian

171



CHAPTER 6. NEURODIVERGENT TRAJECTORIES IN MIDDLE CHILDHOOD:
EFFECTS IN EXPRESSIVE KINEMATICS AND SPEECH

behavior in the frequency domain. It is the 4th order moment and is com-

puted starting from the short-time Fourier Transform of the signal S(t, f):

Spectral Kurtosis =
⟨|S(t, f)|4⟩
⟨|S(t, f)|2⟩2

− 2, f ̸= 0, (6.5)

where ⟨·⟩ is the time-average operator. Kurtosis = 3 indicates a normal

distribution, Kurtosis < 3 a flatter distribution, and Kurtosis > 3 a peaked

distribution [291, 292, 293].

• Spectral Slope: It represents the amount of decrease of the spectral am-

plitude and is computed as the linear regression of the spectral amplitude:

Spectral Slope =

∑b2
k=b1

(fk − µf )(sk − µs)∑b2
k=b1

(fk − µf )2
, (6.6)

where fk is the frequency in Hz and sk is the spectral value that corresponds

to bin k, while b1 and b2 are the band edges, in bins, over which to calculate

the spectral slope, µf is the mean frequency and µs is the mean spectral

value [294].

• Spectral Decrease: It represents the amount of decrease of spectral am-

plitude, defined from perceptual studies to be more correlated to human

perception:

Spectral Decrease =

∑b2
k=b1+1(sk − sb1)

k − 1

/ b2∑
k=b1+1

sk, (6.7)

where sk is the spectral value that corresponds to bin k, while b1 and b2 are

the band edges, in bins, over which to calculate the spectral decrease.

• Spectral Rolloff Point: It is the frequency below which 95% of the signal

energy resides:

Spectral Rolloff Point = i such that
i∑

k=b1

sk = 0.95

b2∑
k=b1

sk (6.8)
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where sk is the spectral value corresponding to bin k, and b1 and b2 are the

band edges, in bins, over which to calculate the spectral rolloff point [295].

• Spectral Flatness: It is a measure of the noisiness/sinusoidality of a spec-

trum and is computed as the ratio between the geometric mean and the

arithmetic mean of the energy spectrum:

Spectral Flatness =

(∏b2
k=b1

sk

)1/(b2−b1)

1
b2−b1

∑b2
k=b1

sk
(6.9)

where sk is the spectral value corresponding to bin k, and b1 and b2 are the

band edges, in bins, over which to calculate the spectral flatness. For tonal

signals, it is close to 0, and for noisy signals, it is close to 1 [296].

• Spectral Crest: It is a measure of the noisiness/sinusoidality of a spectrum,

calculated as the ratio between the maximum value within the band and the

arithmetic mean of the energy spectrum:

Spectral Crest =
max(sk∈[b1,b2])

1
b2−b1

∑b2
k=b1

sk
(6.10)

where sk is the spectral value corresponding to bin k, and b1 and b2 are the

band edges, in bins, over which to calculate the spectral crest.

• Spectral Entropy: It describes the complexity of the spectral distribution:

Spectral Entropy =
−
∑b2

k=b1
sk log(sk)

log(b2 − b1)
(6.11)

where sk is the spectral value corresponding to bin k, and b1 and b2 are the

band edges, in bins, over which to calculate the spectral entropy [285].

• Pitch: It is the fundamental frequency of the audio signal, such that its

integer multiples best explain the content of the signal spectrum [297, 298].

• Harmonic Ratio (H-Ratio): It is the ratio between the power of the
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fundamental frequency and the total power in an audio frame:

H −Ratio =

∑N
n=1 s(n)s(n−m)√∑N

n=1 s(n)2
∑N

n=0 s(n−m)2
, 1 ≤ m ≤ M (6.12)

where s(n) is a single frame of audio data with N elements, and M is the

maximum lag in the calculation [299, 300].

Once features have been extracted, the next step was to eliminate redundant

variables preserving the amount of information and increasing computational speed

and performances [301], [302]. Among the highly correlated variables (Spearman

correlation ≥ 75% [301], [302]), the least correlated variables with the output of

classification were removed as shown in Figure 6.9, and features min-max normal-

ization was implemented. After this step, the ranking of the univariate features

according to the predictor importance score, was performed using chi-square tests

[303], [304], [305], [306]. Then the optimal subset of features was defined selecting

the highest difference between consecutive scores as the break-point. Finally, the

best combination of features was achieved by selecting 6 main features (mfcc3, Age,

PATAfreq, Spectral Centroid, Spectral Kurtosis, mfcc8) as shown in Figure 6.10.

We tested different techniques for feature selection obtaining comparable results

so that we chose the best feature selection technique in terms of the computational

cost.

174



CHAPTER 6. NEURODIVERGENT TRAJECTORIES IN MIDDLE CHILDHOOD:
EFFECTS IN EXPRESSIVE KINEMATICS AND SPEECH

Figure 6.9: First Feature Selection step based on removal of variables with Spear-
man correlation ≥ 75% and lowest correlation with the output. As example, we
report the removal of Spectral Skewness with correlation of 89% with Spectral
Centroid and 22% with output classes.
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Figure 6.10: Second Feature Selection step based on Chi-square test. Features are
ranked, and the break-point is chosen as the highest difference between consecutive
scores with the constraint of at least 3 features.

6.2.2.5 Feature Extraction and Selection with Deep Learning

DL Networks are complex architectures used to detect specific features directly

from data. They can have hundreds of layers and a huge number of parameters

such as weights and biases to be learned. Training from scratch a deep architecture

in order to extract specific features avoiding overfitting, requires a large amount

of data (hundreds, thousands or even millions, it depends on the application), re-

sulting in high computational and timing costs. Generally, the time of training is

related to lots of different factors like the number of epochs, dataset size, computa-

tional power, etc., but to reach a certain accuracy even months could be necessary.

Usually, GPUs are employed to speed up the process. In many real applications,

it is difficult and expensive to obtain training data that match the feature space

and predict the distribution characteristics of the test data. Therefore, in practice,

there is a need to create a high-performance learner for a target domain trained
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from a related source domain. This is the motivation for the transfer learning

[307]. Leveraging a pretrained network that has already learned many features on

a big dataset to exploit it for a new task, and to specialize the model on a new

similar task [276], [308], [309].

There are two main techniques for Transfer Learning:

• Fine Tuning: The approach of “fine-tuning” the deeper layers of the pre-

trained network on the new dataset is typically much faster and easier than

training the model from scratch. Although it requires the least amount

of data and computational resources [310], the new dataset must be large

enough and similar to the pre-trained one.

• Feature Extraction: A more specialized method in which data of the

new dataset are passed only once through the pre-trained network and then

features are extracted from one of the pools of the network. These features

are then used to train a ML model such as SVM, etc. This technique is the

most suitable for small datasets.

In this work, the Transfer Learning approach with Feature Extraction was used

because of the limited dimensions of the dataset. In particular, we chose the pre-

trained Visual Geometry Group CNN (VGGish) CNN [311], [312], developed by

Google and inspired by the famous VGG networks used for image classification.

Its structure consists of a series of convolution and activation layers, optionally

followed by a max pooling layer. The VGGish CNN contains 17 layers in total and

it is designed for audio classification tasks. Originally, it was employed to classify

the soundtracks of a dataset of 70M training videos (5.24 million hours) with 30,871

video-level labels. In our method, signals were first segmented starting from the

first “PA-TA” peak and considering windows with a length of 1 second and 50%

overlapped. Then, they were preprocessed to obtain the format required for the

network. In particular, they were resampled to 16 kHz, then a one-sided Short-

Time Fourier Transform (STFT) was computed, only the magnitude of the complex

spectral values was considered, discarding the phase. Finally, the Mel spectrogram

was calculated, and it was converted to a log scale. Overlapped segments of 96

spectra were given as input to the network. Activations of the pooling layer “pool

4” were extracted as features to train ML models. We selected “pool 4” since it
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was the most discriminative pool layer of the pre-trained model of VGGish CNN

[311], [312]. The choice of the pool depends on the similarity between the dataset

of the pre-trained model and the dataset of the new application. Since the deeper

layers extract higher level features while earlier levels extract lower level ones, the

correct depth is as deeper as more similar the datasets are [276], [308], [309]. The

structure of VGGish CNN is reported in detail in Table 6.5. The flowchart of

features extracted by the VGGish from each data frame of one subject is reported

in Figure 6.5. We extracted 12,288 features from layer “pool 4”. After the feature

extraction step, we selected the best combination of 1,444 deep features using

the same approach described in the previous paragraph for ML. Two variables

PATAfreq and Age were added also for their high predictive power.

Layer Depth Layer Name Layer Type Layer Details

1 ’InputBatch’ Image Input 96x64x1 images

2 ’conv1’ Convolution 64 3x3x1 convolutions with stride [1 1] and padding “same”

3 ’relu’ ReLU ReLU

4 ’pool1’ Max Pooling 2x2 max pooling with stride [2 2] and padding “same”

5 ’conv2’ Convolution 128 3x3x64 convolutions with stride [1 1] and padding “same”

6 ’relu2’ ReLU ReLU

7 ’pool2’ Max Pooling 2x2 max pooling with stride [2 2] and padding “same”

8 ’conv3 1’ Convolution 256 3x3x128 convolutions with stride [1 1] and padding “same”

9 ’relu3 1’ ReLU ReLU

10 ’conv3 2’ Convolution 256 3x3x256 convolutions with stride [1 1] and padding “same”

11 ’relu3 2’ ReLU ReLU

12 ’pool3’ Max Pooling 2x2 max pooling with stride [2 2] and padding “same”

13 ’conv4 1’ Convolution 512 3x3x256 convolutions with stride [1 1] and padding “same”

14 ’relu4 1’ ReLU ReLU

15 ’conv4 2’ Convolution 512 3x3x512 convolutions with stride [1 1] and padding “same”

16 ’relu4 2’ ReLU ReLU

17 ’pool4’ Max Pooling 2x2 max pooling with stride [2 2] and padding “same”

18 ’fc1 1’ Fully Connected 4096 fully connected layer

19 ’relu5 1’ ReLU ReLU

20 ’fc1 2’ Fully Connected 4096 fully connected layer

21 ’relu5 2’ ReLU ReLU

22 ’fc2’ Fully Connected 128 fully connected layer

23 ’EmbeddingBatch’ ReLU ReLU

24 ’regressionoutput’ Regression Output Mean-squared-error

Table 6.5: VGGish Network Structure
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6.2.2.6 Classification

Classification was conducted by processing audio signals as input to a hierarchical

model, which discerns healthy subjects, low severity patients, and high severity

patients using the Speech Disturbance score of the SARA Scale as clinical output.

As shown in Figure 6.5, we defined binary labels for each level: the first layer

discriminates subjects with dysarthria vs healthy, and the second layer, trained

only on patients, recognizes speech disturbance severity (Low [0-1] vs High [2-3]).

The Speech Disturbance item is one of the eight items that compose the SARA

scale. It has a score between 0 (normal) and 6 (anarthria), assigned according to

hearing words intelligibility [274].

In our dataset, since the enrolled subjects do not cover the full range of the

score, we decided to label it considering the maximum observed value of the 3 to

obtain a balanced dataset. Detailed information about the dataset is summarized

in Table 6.6. Classification was performed by testing four conventional classifiers:

SVM, k-Nearest Neighbors (k-NN), Näıve Bayes (NB), and Decision Tree, and

combaining their outputs using the majority voting ensemble technique [313]. In

our approach, we used two binary levels of classifiers. The first level discriminates

healthy vs patients, and the second level assesses the speech disturbance severity

(Low vs High).

Subjects (t0) Subjects (t0 + t1) Clinical score range

Level 1: Level 1:

18 Healthy 18 Healthy /

37 Patient 58 Patient

Level 2: Level 2:

20 Low 33 Low Low=[0-1]

17 High 25 High High=[2-3]

Table 6.6: Dataset Information.

We tested the best combination of features extracted with ML and DL for

HMLM and then we compared the results with a flat classification approach (a

parallel multi-classifier with three classes: Healthy vs Low severity vs High sever-
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ity). Cross-validation techniques such as 5-fold, 10-fold, and leave-one-out were

applied to check for overfitting and to avoid data selection bias. Finally, the ma-

jority voting ensemble technique was used to aggregate the outputs of the single

audio frames into related subjects.

6.2.2.7 Performance Metrics

Classification performances were assessed using Accuracy, Precision, Recall, and

F1-Score [314]. These metrics are summarized in Table 6.7. For HMLM, the

employed definitions of Precision, Recall, and F1-Score discriminate and weight

differently each type of misclassification error, taking into account the output of

each level instead of just the final one [314], [315]. As it regards accuracy, we

reported the result for each level and the overall one. Given that cross-validation

was carried out, we have computed correctly and incorrectly predictions of each

class for each fold and we have summed them up at the end of all iterations before

calculating the performance measures, as shown in Figure 6.11.

Measure Binary Classification Multi-class Classification Hierarchical Classification

Accuracy tp+tn
tp+tn+fp+fn

∑l
i=1(tpi+tni)∑l

i=1(tpi+tni+fpi+fni)
/l

∑l
i=1(tpi+tni)∑l

i=1(tpi+tni+fpi+fni)
/l

Precision tp
tp+fp

Pµ =
∑l

i=1 tpi∑l
i=1(tpi+fpi)

P↓ =
|Cc

↓∩C
d
↓ |

|Cc
↓|

PM =
∑l

i=1
tpi

tpi+fpi

l

Recall tp
tp+fn

Rµ =
∑l

i=1 tpi∑l
i=1(tpi+fni)

R↓ =
|Cc

↓∩C
d
↓ |

|Cd
↓ |

RM =
∑l

i=1
tpi

tpi+fni

l

F1-Score 2·(Precision·Recall)
Precision+Recall

F1Sµ = 2·(Pµ·Rµ)

Pµ+Rµ
F1S↓ =

2·(P↓·R↓)

P↓+R↓

F1SM = 2·(PM ·RM )
PM+RM

Table 6.7: Performance Metrics: In the first column, measures for binary classi-
fication are reported: tp represent the true positive, tn the true negative, fp the
false positive and fn the false negative. In the second column, the same measures
are generalized for a multi-class problem considering many classes Ci. µ and M
are referred to micro- and macro-averaging. Finally, in the third column, there are
the measures for hierarchical classification: Cc

↓ are the subclasses of C assigned by

the classifier while Cd
↓ are the labels.
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Figure 6.11: K Folds results aggregation. For each typology of cross-validation,
we created a unique confusion matrix and then we computed the performance
measures.

6.2.3 Results

Results obtained with the HMLM are shown in Table 6.8. We reported the perfor-

mance of ML with canonical features, ML with DL features, and their combina-

tion, respectively for level 1 (healthy vs patients) and level 2 (low vs high severity).

All the models were tested with the ensemble majority voting and three different

cross-validation techniques (5-fold, 10-fold, and leave-one-out). No significant dif-

ferences were found between the performance metrics of the three cross-validation

methods. The combination of ML (level 1) and DL (level 2) approaches achieved

optimal results in discriminating patients from healthy individuals with a mean

accuracy of approximately 90%, and in identifying speech disorders severity with

an accuracy of about 80%. For level 1 and for level 2 with 5-fold cross-validation

(see other details of 10-fold & Leave-one-out in Table 6.8) we achieved a precision

of 93.44% and 78.55%, a recall of 98.28% and 79.50%, and an F1-score of 95.80%

and 79.02%, respectively. While the overall precision, recall, and F1-score achieved

by the model is 84.67%, the overall accuracy obtained is 76.32%.
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Measure Machine Learning Transfer Learning Combination: Machine Learning (Level 1) + Transfer Learning (Level 2)

5-FOLD 10-FOLD LEAVE-ONE-OUT 5-FOLD 10-FOLD LEAVE-ONE-OUT 5-FOLD 10-FOLD LEAVE-ONE-OUT

Accuracy 1: 88.08% 1: 86.84% 1: 88.16% 1: 78.95% 1: 84.11% 1: 84.21% 1: 93.42% 1: 88.16% 1: 88.16%

2: 61.02% 2: 51.72% 2: 60.66% 2: 75% 2: 77.42% 2: 78.33% 2: 78.69% 2: 75.44% 2: 78.69%

Total: 57.89% Total: 51.32% Total: 56.58% Total: 60.53% Total: 65.79% Total: 67.11% Total: 76.32% Total: 69.74% Total: 71.05%

Precision 1: 91.53% 1: 91.38% 1: 90.16% 1: 87.50% 1: 87.10% 1: 88.33% 1: 93.44% 1: 92.98% 1: 90.16%

2: 58.52% 2: 48.95% 2: 56.37% 2: 79.18% 2: 77.81% 2: 78.70% 2: 78.55% 2: 75.62% 2: 78.87%

Total: 73% Total: 68.48% Total: 72.37% Total: 69.96% Total: 74.73% Total: 75.66% Total: 84.67% Total: 78.93% Total: 78.61%

Recall 1: 93.10% 1: 91.38% 1: 94.83% 1: 84.48% 1: 93.10% 1: 91.33% 1: 98.28% 1: 91.38% 1: 94.83%

2: 55.36% 2: 49.02% 2: 53.66% 2: 75.52% 2: 77.81% 2: 79.86% 2: 79.50% 2: 76.60% 2: 80.24%

Total: 73% Total: 68.48% Total: 72.37% Total: 69.96% Total: 79.28% Total: 75.66% Total: 84.67% Total: 78.93% Total: 78.61%

F1-Score 1: 92.31% 1: 91.38% 1: 92.44% 1: 85.96% 1: 90% 1: 89.33% 1: 95.80% 1: 92.98% 1: 92.44%

2: 56.90% 2: 48.98% 2: 54.98% 2: 75.26% 2: 78.54% 2: 79.28% 2: 79.02% 2: 75.62% 2: 79.55%

Total: 73% Total: 48.95% Total: 72.37% Total: 69.96% Total: 74.73% Total: 75.66% Total: 84.67% Total: 78.93% Total: 78.61%

Table 6.8: Hierarchical approach performance metrics [Level 1: Healthy vs Pa-
tients – Level 2: Low severity vs High severity]: Detailed performance metrics of
HMLM for each level (1-2) in cascade combining ML, transfer learning and ML
+ transfer learning respectively. Each parameter has been extracted using the en-
semble majority voting technique with four classifiers (SVM, k-Nearest Neighbors,
Näıve Bayes and Decision Tree).

Detailed information about the collected dataset and the classification output

is reported in Figure 6.12, showing the confusion matrix of leave-one-out and in

the Supplementary Table A.11.

Figure 6.12: Final confusion matrix of the Hierarchical model using leave-one-out
validation.

We observed that healthy subjects were never classified as patients with high

severity, although they were sometimes confused with the low severity patients.

Since many of these patients had a speech disturbance score of 0 as healthy sub-
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jects, the two classes were partially overlapped. For the same reason, the network

made few mistakes distinguishing patients with low and high severity. Table 6.9

reports results achieved with a flat multi-class approach. In this case, the use of a

unique level with three classes reached a maximum overall accuracy of about 65%

with the use of the DL approach.

Measure Machine Learning Transfer Learning

5-fold 10-fold Leave-one-out 5-fold 10-fold Leave-one-out

Accuracy 57.14% 54.23% 57.89% 65.58% 65.89% 65.79%

Precision Macro (M) 63.91% 62.43% 63.97% 66.58% 66.37% 66.05%

Precision Micro (µ) 57.14% 54.23% 57.89% 65.58% 65.89% 65.79%

Recall Macro (M) 41.24% 40.10% 41.59% 48.35% 48.71% 48.66%

Recall Micro (µ) 40% 37.20% 40.74% 48.81% 49.19% 49.02%

F1-Score Macro (M) 50.13% 48.84% 50.41% 55.83% 56.26% 56.15%

F1-Score Micro (µ) 47.06% 44.13% 47.83% 55.97% 56.33% 56.18%

Table 6.9: Flat multi-class approach performance metrics (single model with three-
classes [Healthy, Patients with low severity and Patients with high severity]): De-
tailed performance metrics of flat multi-class approach testing ML and transfer
learning. Each parameter has been extracted using the ensemble majority voting
technique with four classifiers (SVM, k-Nearest Neighbors, k-Nearest Neighbors,
and Decision Tree).

6.2.4 Discussion

For the final step of our research project, we turned our attention to another es-

sential domain of child development: language. As the primary means through

which communication occurs, language plays a pivotal role in shaping children’s

ability to interact, express themselves, and engage socially, making it a cornerstone

of their communicative development. Specifically, we leveraged AI methodologies,

including ML and DL techniques, to explore innovative strategies in speech anal-

ysis for the assessment and stratification of dysarthria. The primary goal was to

develop a reliable and accurate tool to support clinical practice by enabling the

automatic identification of dysarthria and its severity through audio recordings.

Central to this effort was the implementation of a novel HMLM, designed to clas-
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sify individuals at two distinct levels: first, distinguishing healthy individuals from

those with dysarthria, and second, categorizing the severity of the condition. This

structured, two-stage approach optimizes feature selection and enhances classifi-

cation precision, outperforming traditional flat multi-class models. Importantly,

while this model was trained on a dataset including children with ataxia, it is

generalizable and equally applicable to the assessment of dysarthria in children

with NDD. By providing precise speech evaluation, the model has the potential to

enhance the accuracy of assessments and support the development of personalized

therapeutic interventions.

6.2.4.1 Interpretation of Results

This study represents the first application of an HMLM for dysarthria assessment,

particularly through the standardized speech-based “PA-TA” test. Preprocessing

and segmenting the “PA-TA” signals enabled the implementation of two binary

classifiers in cascade, enhanced by ensemble majority voting techniques. Conven-

tional and DL models were integrated into three configurations, ML, DL, and a

hybrid approach, tested across three cross-validation methods: 5-fold, 10-fold, and

leave-one-out.

The results demonstrated that conventional features performed more effectively

in differentiating healthy individuals from those with dysarthria at the first clas-

sification level, while transfer learning features exhibited superior performance in

assessing severity at the second level. Across all cross-validation methods, the

HMLM consistently outperformed the flat classification approach, achieving sig-

nificantly higher overall accuracies: 76.32% versus 65.58% (5-fold), 69.74% versus

65.89% (10-fold), and 71.05% versus 65.79% (leave-one-out). These consistent

outcomes underscore the robustness of the HMLM framework in dysarthria as-

sessment. Furthermore, the findings highlight the model’s capacity to capture

subtle variations in speech patterns that are often challenging to detect, suggest-

ing that the hierarchical structure, by tailoring feature sets to each classification

level, is particularly effective in improving the detection of early signs and severity

of dysarthria.
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6.2.4.2 Significance and Value

This research introduces significant advancements in AI-based dysarthria assess-

ment by integrating conventional and DL approaches within a hierarchical model.

By optimizing feature extraction at each classification level, the HMLM provides

a more nuanced and precise analysis of speech patterns compared to traditional

methods. The study also introduces a structured dataset tailored for dysarthria

research, addressing a critical gap in available resources. This dataset, supports

the development of AI models capable of capturing a wide range of speech char-

acteristics, including subtle distinctions in acoustic parameters.

Beyond its technical contributions, this study holds practical implications for

clinical applications, particularly in telemedicine. By enabling remote monitor-

ing and diagnosis through simple voice recordings, the proposed framework offers

a scalable solution that reduces the need for in-person assessments. This is es-

pecially beneficial for individuals in underserved areas or those with limited ac-

cess to specialized care. Additionally, the system’s ability to evaluate dysarthria

in children with Neurodevelopmental Disorders opens new avenues for integra-

tion into therapeutic workflows. Providing objective, precise metrics for assessing

speech impairments could significantly enhance early detection, facilitate person-

alized therapy, and improve overall care outcomes. These advancements represent

a significant step toward more accessible, efficient, and patient-centered care for

individuals with speech impairments.

6.2.4.3 Limitations & Future Improvements

In this case, too, the primary limitation of the study is related to the dataset.

The relatively small sample size, compounded by the rarity of the condition and

the narrow range of severity scores (0–6), constrained the statistical variability and

generalizability of the findings. Nevertheless, the dataset represents a foundational

resource for future dysarthria research, offering a starting point for more extensive

investigations.

Analysis of the cross-validation results revealed misclassifications primarily due

to overlapping clinical scores across different classes, such as between healthy in-

dividuals and those with mild dysarthria or between mild and severe cases. This
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overlap highlights the inherent challenges in distinguishing subtle variations in

speech patterns, which are not always consistently captured by clinical scoring sys-

tems. These findings emphasize the need for larger and more diverse datasets to

improve classification accuracy and help identify more homogeneous phenotypes.

Future work should focus on expanding the dataset to include a broader spec-

trum of severity and more diverse speech profiles. Additionally, the development

of longitudinal datasets would enable exploration of dysarthria progression over

time, providing deeper insights into its developmental trajectories. Such efforts

could lead to the refinement of AI-based tools and their integration into broader

clinical workflows, enhancing the accuracy and accessibility of dysarthria assess-

ment and treatment strategies. The system’s applicability to NDD holds promise

for supporting clinicians in assessing speech impairments, improving therapeutic

decision-making, and optimizing outcomes for diverse patient populations.
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Conclusions

The results presented in the preceding chapters provide critical insights into the

multifaceted nature of NDD, shedding light on their manifestations and progres-

sion across various developmental domains. Leveraging a range of advanced AI

techniques, these findings unveil novel patterns within both typical and divergent

neurodevelopmental processes, thereby contributing to a deeper understanding of

these complex phenomena. From the early stages of this research, particular em-

phasis was placed on exploring the interplay between developmental domains to

comprehend the emergence and evolution of Neurodevelopmental Disorders. Cen-

tral to this investigation was the search for novel early behavioral biomarkers

capable of predicting atypical trajectories from the first weeks of life and exam-

ining how these deviations unfold throughout growth and across functional areas.

Such insights are essential for guiding timely and targeted interventions, partic-

ularly in light of the limitations of traditional approaches, which often overlook

the complexities of early development within the multimodal framework of the

neurodevelopmental cascade.

AI has emerged as a transformative tool in this context, offering unprecedented

sensitivity in detecting subtle behavioral and kinematic patterns. Its application

enables a more nuanced understanding of the dynamic connections between motor,

cognitive, and social processes, while simultaneously facilitating the development

of scalable, automated systems that enhance the accuracy and accessibility of early

diagnosis and developmental evaluation. By investigating how these domains inter-
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act and influence one another over time, this dissertation underscores the potential

of an integrated, AI-driven approach to uncover both early indicators and the cas-

cading effects characteristic of NDD. The findings presented advance theoretical

knowledge and offer practical implications for clinical practice, highlighting how

early detection through sophisticated computational models can guide intervention

strategies and improve long-term developmental outcomes.

This chapter synthesizes the main conclusions drawn from the research, em-

phasizing the significance of the observed patterns and their implications for un-

derstanding neurodevelopmental trajectories. Additionally, it outlines prospective

avenues for future work, aiming to build upon the progress achieved and further

explore the complex interactions underlying neurodevelopment, with a continued

focus on leveraging technological innovations to refine early identification and in-

tervention methodologies.

7.1 Summary of Contributions

Within the scope of this research project, we employed advanced AI methodologies

to enhance the early detection and understanding of neurodevelopmental delays

by identifying key behavioral biomarkers and distinguishing unique patterns in

neurodivergent children across multiple developmental domains. Grounded in the

“neurodevelopmental cascade” theory, our work aimed to optimize the evaluation

of early indicators, such as movements, gestures, speech, social interaction, vi-

sual attention, and emotional expression, to facilitate personalized diagnostics and

timely interventions. This integrative approach ensured that each domain, motor,

social, communicative, and cognitive, was analyzed within a unified framework,

emphasizing their interdependence and the collective impact on developmental

trajectories.

Spanning critical milestones from infancy to middle childhood, the project

employed a multimodal approach that is organized into the following chapters:
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7.1.1 Motor Development in Early Infancy: From Sponta-

neous Movements to Reaching Behaviors

Marker-less Analysis of Spontaneous Movements in Newborns

This part of the research introduces a novel, AI-based, marker-less approach for

automatically tracking newborns’ spontaneous movements from recorded videos,

spanning five distinct time points between 10 days and 24 weeks of age. Kine-

matic parameters extracted from these trajectories enabled the characterization

of GMs and the identification of motor delays in the lower limbs, in infants later

diagnosed with NDD. Notably, the most pronounced differences appeared at the

earliest assessment, shortly after birth, gradually diminishing over time but later

manifesting as delays in other developmental domains. These findings highlight

the need for methods that can detect early signs of abnormal behavior in infants,

allowing for timely and personalized interventions.

AI Analysis of Infants’ Hands Movements in Social Engagement and

Object-Reaching Tasks:

By the age of six months, our focus expanded to include the analysis of hands

movements during interactive tasks. We compared typically developing infants

with those who later exhibited language delays at 36 months. Our investigation

revealed significant differences in hands movement patterns during both social en-

gagement and object-reaching tasks. These differences were consistently identified

using both AI-based video tracking and kinematic sensor data. In particular, re-

sults demonstrated that variations in hands velocity, especially in rotational move-

ments, and differences in reaching times were crucial in distinguishing between the

two groups. These results illustrate how early motor abilities are intricately con-

nected to later communicative and cognitive outcomes, forming a cascade in which

early anomalies influence subsequent developmental challenges.

DL improved these analyses, creating a fully automated tool that works with

basic video devices like smartphones. This design has the potential to make early

screening easier in both clinical and home settings, allowing families and health-

care providers to monitor developmental progress. By providing a scalable, mobile-

friendly solution, this approach enables proactive care and early detection of devel-

opmental challenges. Using AI for marker-less movement analysis, this work offers
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practical tools to help caregivers identify developmental issues early and improve

outcomes for at-risk infants.

7.1.2 Emerging Communicative Skills in Toddlers: Ges-

tures, Gaze and Vocalizations in Naturalistic Inter-

actions

Early Multimodal Behavioral Cues in Autism: A Microanalytic Explo-

ration of Actions, Gestures and Speech during Naturalistic Parent-Child

Interactions:

In this chapter, we moved beyond single-domain analyses by adopting a multi-

modal approach to early autism characterization, examining a range of motor and

socio-communicative behaviors and their integration. Specifically, we employed

a microanalytic approach to examine naturalistic parent-child interactions, focus-

ing on the production and coordination of communicative gestures, with language

and gaze. Our findings indicate that autistic children exhibit fewer and less diverse

communicative behaviors compared to NT peers. In particular, ASC children show

limited use of pointing, reduced alternation between looking at objects and social

partners and more vocalizations than words. They also showed a preference for

object manipulation over functional play. In contrast, NT children demonstrated

greater use of declarative gestures, frequent gaze alternation, and behaviors in-

dicative of social interest and a desire to share experiences.

A Deep Learning Approach for Automatic Video Coding of Deictic

Gestures in Children with Autism:

To overcome the labor-intensive nature of manual coding, we developed an AI-

based system utilizing a transformer-based DL model. This system processes en-

tire video sequences holistically, thereby capturing the continuity of social interac-

tions and accurately distinguishing subtle differences in gesture production. The

approach provides a scalable tool for the automatic characterization of socially

relevant behaviors by recognizing four key deictic gestures—showing, requesting,

giving, and pointing—that are essential for understanding early social behaviors.

Built on a flexible Python-based system, it can easily analyze new video data

and train models for various applications in gesture recognition and neurodevelop-

190



CHAPTER 7. CONCLUSIONS

mental research. Moreover, its adaptability makes it suitable for both clinical and

home settings. Integrating this technology into a broader multimodal framework

provides scalable tools for identifying early markers of autism and related condi-

tions. Automating complex behavioral analyses further enhances early screening

efforts and helps develop personalized treatment protocols for each child.

7.1.3 Advancing Visual Attention to Social Cues in Preschool-

ers: Exploring Gaze Patterns Development

Decoding Social Attention in Preschoolers: A New Eye-Tracking Paradigm

with Markov Chain Analysis:

In this study, we applied CTMCs and PCA to examine gaze transitions between

social and nonsocial elements during interactive play tasks, such as dyadic social

interactions (SSRs) and object-based musical activities. Our analysis revealed that

neurotypical children display a clear preference for social stimuli, frequently alter-

nating their gaze between faces and social partners—especially during dyadic SSRs,

where motor imitation during songs emphasizes joint attention and shared engage-

ment. In contrast, children with ASC exhibit less gaze triangulation, more frequent

transitions among nonsocial elements (e.g., distractor objects and activity areas),

and a reduced tendency to reorient their gaze to faces after distractions. They

also engage in repetitive shifts between nonsocial AOIs, indicating different envi-

ronmental scanning strategies. These patterns suggest that gaze disengagement

is a critical marker of social attention challenges in autism, potentially reflecting

reduced social motivation, alternative attentional strategies, or coping mechanisms

for sensory overload. Moreover, the variability in gaze patterns within the ASC

group—as highlighted by PCA—underscores the need for flexible, individualized

interventions tailored to diverse sensory and attentional profiles.

7.1.4 Neurodivergent Trajectories in Middle Childhood:

Effects in Expressive Kinematics and Speech

Exploring Divergent Kinematics in Children with NDD across Social

and Non-Social Vitality Forms:
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This study examined how children with ASC and NT peers express different vi-

tality forms (VFs), the dynamic, affective qualities of actions, during motor tasks.

Participants were required to move a small bottle under both social (handing the

bottle to a receiver) and non-social (moving it to a designated point) conditions

while expressing neutral, gentle, or rude VFs. Our detailed kinematic analysis

revealed that although children with ASC can modulate their motor profiles to

express both gentle and rude VFs, key kinematic parameters such as mean ac-

celeration and maximum deceleration differ significantly from those observed in

neurotypical children. Moreover, the social context appeared to attenuate the

expression of negative VFs in children with ASC, with the extent of modulation

correlating with autism severity. These findings highlight the intricate relationship

between motor behavior and social communication skills.

Artificial Intelligence for Speech Assessment in Children: A Hierar-

chical Approach:

In our final study, we developed an AI-based hierarchical model (HMLM) for

the assessment of dysarthria using the standardized “PA-TA” speech test. The

model employs a two-stage classification process: first, it distinguishes healthy

individuals from those with dysarthria, and then it stratifies the severity of the

condition. By integrating conventional ML techniques with DL methods, leverag-

ing frequency-domain parameters and features extracted via CNNs, the HMLM

consistently outperformed flat multi-class models across various cross-validation

methods. This hierarchical approach is capable of capturing subtle variations in

speech patterns, providing an objective and scalable tool for dysarthria assessment

in children with NDD. Its ability to enable remote, non-invasive monitoring further

highlights its clinical value.

By integrating sensory, cognitive, and behavioral dimensions within a unified

framework, this research underscores the transformative role of AI in early neu-

rodevelopmental assessment. The findings presented not only enhance our under-

standing of NDD trajectories but also provide a robust foundation for data-driven,

personalized diagnostic and intervention strategies. Across the studies presented,

the cascading nature of neurodevelopmental processes becomes increasingly ev-

ident. Early deviations in motor skills and gestures are linked to later socio-
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communicative delays, while gaze behavior patterns offer crucial insights into at-

tentional allocation in social contexts. These interconnections highlight the need

for an integrated approach that captures the dynamic interplay between motor,

communicative, and attentional domains. By adopting this perspective, this dis-

sertation advances both theoretical knowledge and practical applications, paving

the way for more precise, multimodal early detection and intervention methodolo-

gies.

7.2 Future Work

Building upon the insights gained from this research and addressing its current

limitations, future studies should aim to develop a comprehensive multimodal

framework for evaluating child development. This framework should integrate

data across multiple domains—including motor skills, gesture production, gaze

behavior, and speech—to capture their interdependencies and cascading effects.

By doing so, it will provide a holistic and dynamic understanding of neurodevel-

opment, moving beyond isolated domain analyses toward an integrated perspective

on early risk markers and their longitudinal impact.

A critical step forward involves expanding and diversifying datasets to improve

the generalizability of AI-driven models across different populations, particularly

those with diverse genetic and environmental risk factors for NDD. Large-scale,

longitudinal studies will be essential to track developmental trajectories over time,

revealing how early deviations in motor, communicative, and attentional behaviors

evolve and interact throughout childhood. Such studies, although challenging due

to the need for extensive follow-up data, are crucial for refining predictive models

and enhancing early intervention strategies.

In motor tracking, the next challenge is to develop even more precise and ac-

cessible tools for detecting early motor anomalies. Future efforts should focus on

refining AI-driven movement analysis to improve sensitivity to subtle kinematic

variations and better characterize the interplay between early motor skills and later

cognitive and communicative development. Additionally, integrating multimodal

data—such as linking motor assessments with gaze behavior and social interac-

tion metrics—may provide a richer understanding of how early motor function
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contributes to broader developmental trajectories.

For gesture analysis, automating the recognition of key communicative ges-

tures in naturalistic settings remains a priority. While deep learning-based tools

have demonstrated promise, improving their accuracy and robustness requires ex-

panding training datasets, optimizing feature extraction pipelines, and developing

methods to handle class imbalances in rare but clinically significant behaviors. A

future research direction could involve integrating gesture recognition with real-

time eye-tracking and speech processing, allowing for a more complete characteri-

zation of multimodal communication in young children.

In the domain of gaze behavior, analyzing visual attention patterns across

diverse tasks and social contexts will yield richer insights into how attentional

strategies adapt across developmental stages. Future work should explore the

integration of gaze tracking with neural and physiological markers (e.g., EEG

or pupillometry) to better understand the underlying mechanisms driving social

attention differences in ASC. Additionally, real-time AI-based gaze analysis could

be leveraged for interactive, adaptive screening tools in both clinical and home

settings, enhancing early detection accessibility.

For speech analysis, advancing models capable of detecting early communica-

tive disturbances from unstructured audio and video data is a crucial next step.

Future research should focus on multi-source data fusion, combining speech pro-

cessing with motor and gesture analysis to refine diagnostic precision. Moreover,

developing lightweight, mobile-compatible AI tools will be essential for real-world

applications, ensuring that early screening can be seamlessly integrated into nat-

uralistic environments without requiring structured assessment protocols. Col-

laborations with clinicians and therapists will play a key role in aligning these

technological advancements with practical intervention needs.

By addressing these research priorities, future studies can bridge the gap be-

tween AI-driven developmental assessment and clinical applications, creating scal-

able, precise, and accessible tools for the early detection of neurodevelopmental

challenges. The ultimate goal is to develop an integrated, multimodal framework

that combines motor, social, and communicative data into a unified model, offering

a transformative approach to early screening and intervention. This paradigm shift

holds the potential to revolutionize the field of neurodevelopmental research, pro-
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viding data-driven, personalized, and adaptive solutions for improving outcomes

in neurodivergent children.
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Zampella, and R.T. Schultz. Predicting autism from head movement pat-

terns during naturalistic social interactions. Proc 7th Int Conf Med Health

Inform ICMHI, pages 55–60, 2023.

[126] Soumitra Samanta, Colin Bannard, Julian Pine, and The Language05 Team.

Can automated gesture recognition support the study of child language de-

velopment? In Department of Psychological Sciences, University of Liver-

pool, 2020.

[127] Varun P. Gopi, Bibin Francis, and Anju Thomas. Chapter 18 - early-stage

identification of autism in children using gesture monitoring based on artifi-

cial intelligence. In Kunal Pal, Bala Chakravarthy Neelapu, and J. Sivara-

man, editors, Advances in Artificial Intelligence, pages 491–522. Academic

Press, 2024.

[128] J. Hashemi, G. Dawson, and K.L.H. et al. Carpenter. Computer vision

analysis for quantification of autism risk behaviors. IEEE Transactions on

Affective Computing, 12(1):215–226, 2021.

[129] Alessia Silvia Ivani, Alice Giubergia, Laura Santos, Alice Geminiani, Silvia

Annunziata, Arianna Caglio, Ivana Olivieri, and Alessandra Pedrocchi. A

gesture recognition algorithm in a robot therapy for asd children. Biomedical

Signal Processing and Control, 74:103512, 2022.

[130] U.A. Siddiqui, F. Ullah, A. Iqbal, A. Khan, R. Ullah, S. Paracha, H. Shahzad,

and K.-S. Kwak. Wearable-sensors-based platform for gesture recognition of

autism spectrum disorder children using machine learning algorithms. Sen-

sors, 21(3319), 2021.

[131] Mayada Elsabbagh, Janice Fernandes, Sara Jane Webb, Geraldine Dawson,

Tony Charman, and Mark H. Johnson. Disengagement of visual attention in

infancy is associated with emerging autism in toddlerhood. Journal of Child

Psychology and Psychiatry, 54(11):1215–1224, 2013.

211



REFERENCES

[132] Sania Zahan, Zulqarnain Gilani, Ghulam Mubashar Hassan, and Ajmal

Mian. Human gesture and gait analysis for autism detection. arXiv preprint,

2304, 2023.

[133] Jing Li, Yihao Zhong, Junxia Han, Gaoxiang Ouyang, Xiaoli Li, and Honghai

Liu. Classifying asd children with lstm based on raw videos. Neurocomputing,

390:226–238, 2020.

[134] A. Vabalas, E. Gowen, E. Poliakoff, and A.J. Casson. Applying machine

learning to kinematic and eye movement features of a movement imitation

task to predict autism diagnosis. Scientific Reports, 10:8346, 2020.

[135] R. Asmetha Jeyarani and Radha Senthilkumar. Eye tracking biomarkers for

autism spectrum disorder detection using machine learning and deep learning

techniques: Review. Research in Autism Spectrum Disorders, 108:102228,

2023.

[136] Tania Akter, Satu Md, Imran Khan Md, Mohammad Ali, Shahadat Uddin,

Pietro Lio, Julian Quinn, and Mohammad Ali Moni. Machine learning model

to predict autism investigating eye-tracking dataset. IEEE Access, 9:383–

387, 2021.

[137] Ruohan Zhang, Akanksha Saran, Bo Liu, Yifeng Zhu, Sihang Guo, Scott

Niekum, Dana Ballard, and Mary Hayhoe. Human gaze assisted artificial

intelligence: A review. Proceedings of the Twenty-Ninth International Joint

Conference on Artificial Intelligence, pages 4951–4958, 2020.

[138] Z.A.T. Ahmed, E. Albalawi, T.H.H. Aldhyani, M.E. Jadhav, P. Janrao, and

M.R.M. Obeidat. Applying eye tracking with deep learning techniques for

early-stage detection of autism spectrum disorders. Data, 8:168, 2023.

[139] Noah J. Sasson and Jed T. Elison. Eye tracking young children with autism.

J. Vis. Exp., 61:e3675, 2012.

[140] J. Kang, X. Han, J. Song, Z. Niu, and X. Li. The identification of children

with autism spectrum disorder by svm approach on eeg and eye-tracking

data. Comput Biol Med, 120:103722, 2020.

212



REFERENCES

[141] Ranjeet Vasant Bidwe, Sashikala Mishra, Simi Kamini Bajaj, and Ketan

Kotecha. Attention-focused eye gaze analysis to predict autistic traits us-

ing transfer learning. International Journal of Computational Intelligence

Systems, 2024.

[142] N. Stuart, A. Whitehouse, R. Palermo, E. Bothe, and N. Badcock. Eye

gaze in autism spectrum disorder: A review of neural evidence for the eye

avoidance hypothesis. J Autism Dev Disord, 53(5):1884–1905, 2023.

[143] K. W. Cho et al. Gaze-wasserstein: a quantitative screening approach to

autism spectrum disorders. In 2016 IEEE Wireless Health (WH), pages 1–8,

2016.

[144] Sahar Moradizeyveh, Mehnaz Tabassum, Sidong Liu, Robert Ahadizad New-

port, Amin Beheshti, and Antonio Di Ieva. When eye-tracking meets machine

learning: A systematic review on applications in medical image analysis.

arXiv, 2403.07834, 2024.

[145] A. Bhardwaj, M. Sharma, S. Kumar, S. Sharma, and P. C. Sharma. Trans-

forming pediatric speech and language disorder diagnosis and therapy: The

evolving role of artificial intelligence. Health Sciences Review, 12:100188,

2024.

[146] H. Gonzalez Villasanti, L. M. Justice, L. J. Chaparro-Moreno, T. J. Lin,

and K. Purtell. Automatized analysis of children’s exposure to child-

directed speech in preschool settings: Validation and application. PLOS

One, 15(11):e0242511, 2020.

[147] Y. Sharma and B. K. Singh. Prediction of specific language impairment

in children using speech linear predictive coding coefficients. In 2020 First

International Conference on Power, Control and Computing Technologies

(ICPC2T), pages 305–310, 2020.

[148] R. Gale, J. Dolata, E. Prud’hommeaux, J. van Santen, and M. Asgari. Au-

tomatic assessment of language ability in children with and without typical

development. In Annual International Conference of the IEEE Engineering

in Medicine and Biology Society (EMBC), pages 6111–6114, 2020.

213



REFERENCES

[149] A. Pahwa. A machine learning approach for identification & diagnosing fea-

tures of neurodevelopmental disorders using speech and spoken sentences.

In 2016 International Conference on Computing, Communication and Au-

tomation (ICCCA), 2016.

[150] K. Radha, D. V. Rao, K. V. K. Sai, R. T. Krishna, and A. Muneera. Detect-

ing autism spectrum disorder from raw speech in children using stft layered

cnn model. In 2024 International Conference on Green Energy, Computing

and Sustainable Technology (GECOST), pages 437–441, 2024.

[151] Z. Wang, J. Liu, K. He, Q. Xu, X. Xu, and H. Liu. Screening early chil-

dren with autism spectrum disorder via response-to-name protocol. IEEE

Transactions on Industrial Informatics, 17(1):587–595, 2021.

[152] Mohana Sree Venkata Sai Krishna Narala. A comparative study for autism

spectrum disorder using efficientnet, resnet50. In 2023 International Con-

ference on Computational Intelligence, Networks and Security (ICCINS),

December 2023.
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Appendix A

Supplementary Information

A.1 Supplementary Information for Section 3.1

Table A.1: Comprehensive Dataset Overview providing details on the videos avail-
able for each participant, along with their corresponding labels.

Subject 10 days 6 weeks 12 weeks 18 weeks 24 weeks Label

LO0002 X X NDD

LO0015 X X NDD

RM0001 X X X X X NDD

RM0002 X X X X NDD

RM0003 X X X NDD

RM0006 X X X X X NDD

RM0007 X X X X X NT

RM0008 X X X X NDD

RM0011 X X X NT

RM0012 X NT

RM0013 X X X X NT

RM0014 X X X X NT

RM0018 X X X X X Drop-out

RM0019 X X Drop-out

RM0020 X X X X X NT

RM0021 X No Label

RM0022 X X X X NT

RM0023 X X NDD

RM0024 X X X NDD

RM0025 X X X X NT

RM0028 X X X NT

RM0029 X X X NDD

Continued on next page...
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Table A.1: (Continued)

Subject 10 days 6 weeks 12 weeks 18 weeks 24 weeks Label

RM0030 X X X X NT

RM0031 X NDD

RM0032 X X X X NT

RM0033 X NDD

RM0034 X X NDD

RM0036 X X X NT

RM0037 X X X X NT

RM0038 X X X X X NT

RM0040 X X X X NDD

RM0041 X X X NT

RM0042 X X X NDD

RM0043 X NDD

RM0044 X X X NT

RM0048 X X Drop-out

RM0050 X NT

RM0054 X X NT

RM0055 X Drop-out

RM0057 X NT

RM0059 X X X NDD

RM0066 X NDD

RM0069 X X X NT

RM0073 X X X X NT

RM0074 X X X NT

RM0075 X X X X X NT

RM0077 X NT

RM0078 X X X NT

RM0079 X X X NT

RM0080 X X X NT

RM0083 X X X Drop-out

RM0086 X X X NT

RM0087 X X X NT

RM0088 X X X No Label

RM0091 X X X X X NDD

RM0092 X X X X NT

RM0094 X NT

RM0095 X NT

RM0096 X X X X X No Label

RM0097 X X NDD

RM0101 X X X X No Label

RM0102 X X X X NT

RM0103 X X X NDD

RM0104 X X X X NDD

RM0105 X X X X No Label

RM0107 X X X X NDD

RM0108 X X X No Label

Continued on next page...
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Table A.1: (Continued)

Subject 10 days 6 weeks 12 weeks 18 weeks 24 weeks Label

RM0113 X X No Label

RM0114 X X X NDD

RM0115 X X X No Label

RM0119 X NDD

RM0121 X X X NDD

RM0122 X X X X X NDD

RM0125 X X X X X NDD
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A.2 Supplementary Information for Section 3.2

Timepoint (months) Group N Mean SE Median SD Minimum Maximum Statistics p Median Difference Effect size

2.5 Language delay 6 0.404 0.0876 0.333 0.2145 0.2269 0.746 37.0 0.718 -0.0341 0.119

No symptoms 14 0.430 0.0441 0.462 0.1649 0.1861 0.714

3 Language delay 6 0.429 0.0625 0.422 0.1532 0.1832 0.611 33.0 0.639 -0.0569 0.154

No symptoms 13 0.475 0.0495 0.495 0.1783 0.2079 0.867

3.5 Language delay 7 0.449 0.0711 0.356 0.1882 0.2051 0.735 32.0 0.596 -0.0844 0.169

No symptoms 11 0.522 0.0602 0.543 0.1997 0.2486 0.832

4 Language delay 8 0.431 0.0690 0.395 0.1952 0.2146 0.735 70.0 0.935 0.0142 0.0278

No symptoms 18 0.413 0.0421 0.414 0.1788 0.1645 0.782

4.5 Language delay 8 0.466 0.0657 0.501 0.1858 0.0875 0.720 61.0 0.567 0.0877 0.153

No symptoms 18 0.441 0.0601 0.361 0.2551 0.1504 0.943

5 Language delay 7 0.398 0.0316 0.425 0.0836 0.2864 0.521 30.0 0.123 0.0738 0.429

No symptoms 15 0.329 0.0221 0.319 0.0858 0.1971 0.502

5.5 Language delay 7 0.440 0.0484 0.435 0.1280 0.2882 0.645 37.0 0.930 0.00542 0.0390

No symptoms 11 0.440 0.0686 0.456 0.2276 0.1759 0.858

6 Language delay 5 0.268 0.0190 0.257 0.0426 0.2234 0.339 2.00 0.006 -0.180 0.900

No symptoms 8 0.462 0.0523 0.455 0.1479 0.3022 0.748

Table A.2: Descriptive statistics of Median Velocity of Hands (1/s) for each time-
point and for both groups, extracted using AI during SM trials and results of the
Mann-Whitney U test comparing the two groups.

Timepoint (months) Group N Mean SE Median SD Minimum Maximum Statistics p Median Difference Effect size

2.5 Language delay 4 1.132 0.782 0.362 1.564 0.3255 3.48 16.0 0.635 -0.0496 0.200

No symptoms 10 1.078 0.268 0.842 0.846 0.0935 2.56

3 Language delay 6 0.808 0.214 0.811 0.525 0.2574 1.58 22.0 0.607 -0.0125 0.185

No symptoms 9 0.928 0.166 0.852 0.497 0.3152 1.65

3.5 Language delay 6 0.825 0.125 0.900 0.305 0.3812 1.19 20.0 0.456 0.0330 0.259

No symptoms 9 0.660 0.113 0.663 0.339 0.0377 1.15

4 Language delay 8 0.934 0.315 0.669 0.892 0.0517 2.67 38.0 0.657 -0.0170 0.136

No symptoms 11 1.053 0.229 0.951 0.760 0.1175 2.22

4.5 Language delay 4 0.886 0.476 0.691 0.952 0.1037 2.06 23.0 0.953 -0.0077 0.0417

No symptoms 12 0.736 0.202 0.304 0.700 0.0891 1.89

5 Language delay 8 0.556 0.154 0.544 0.435 0.1173 1.21 39.0 0.717 -0.00758 0.114

No symptoms 11 0.717 0.194 0.514 0.643 0.0764 1.97

5.5 Language delay 7 0.722 0.215 0.467 0.568 0.0816 1.53 33.0 0.887 -0.00804 0.0571

No symptoms 10 0.701 0.126 0.641 0.398 0.2434 1.55

6 Language delay 6 0.391 0.162 0.293 0.398 0.0858 1.15 5.00 0.041 -0.0791 0.722

No symptoms 6 0.852 0.136 0.733 0.334 0.5772 1.48

Table A.3: Descriptive statistics of Median Angular Velocity of Hands (rad/s) for
each timepoint and for both groups, extracted using APDM during SM trials and
results of the Mann-Whitney U test comparing the two groups.
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A.3 Supplementary Information for Section 4.1

ASC NT U p-value

(N = 17) (N = 15)

Demographics

Sex (M/F) 10/7 7/8 - 0.491

Age (months) 28.6 (4.8) 22.1 (5.8) 42.50 0.0008**

GMDS-ER Performance AE 24 (8.5) - - -

PVBa

Exp-LQ 62.5 (18.9) 95.6 (20.1) 11.50 0.0207*

Rec-LQ 73.3 (15.2) 102.5 (15.5) 10.50 0.0146*

AGQ 62.3 (7.10) 95.8 (14.9) 0 0.0001**

VABS-II standard scoreb

ABC 68 (14.9) 103 (9.59) 5 <0.0001***

Communication 72.23 (11.39) 106 (15.6) 3 <0.0001***

Daily living skills 72.54 (10.68) 100 (10.27) 1.500 <0.0001***

Socialization 69.45 (7) 94.4 (7.34) 2.500 <0.0001***

Motor 83.27 (11.37) 104.3 (10.17) 15.50 0.0002**

ADOS-2c

SA 14.59 (3.91) - - -

RRB 2.23 (1.95) - - -

CSS 6 (1.54) - - -

GMDS-ER DQ scored

General 71.46 (12.16) - - -

Hearing and Language 47.41 (19.09) - - -

Personal Social 70.41 (14.92) - - -

Performance 84 (20.04) - - -

Eye-hand Coordination 71.94 (10.88) - - -

Locomotor 83.52 (18.67) - - -

Table A.4: Demographic and clinical information of the ASC and NT groups.
Measures report mean (SD) values. Abbreviations: PVB, Primo Vocabolario del
Bambino; Exp-LQ, expressive vocabulary quotient; Rec-LQ, receptive vocabulary
quotient; AGQ, Actions and Gestures Quotient; VABS-II, Vineland Adaptive Be-
havior Scales II Ed.; ABC, Adaptive Behavior Composite; ADOS-2, Autism Di-
agnostic Observation Schedule-2; SA, Social Affect; RRB, Restricted Repetitive
Behaviors; CSS, Calibrated Symptom Severity score; GMDS-ER, Griffiths Mental
Development Scales-Extended Revised; DQ, Developmental Quotient; AE, Age
Equivalent. aNumber of subjects ADOS-2 = 17; bNumber of subjects GMDS =
17; cNumber of subjects PVB (ASC=10; NT=15); dNumber of subjects VABS-II
(ASC=11; NT=15). Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’.
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Assessment Measures The following assessment measures were administered to

both ASC and NT children by experienced and trained clinical psychologists of the

CNR-IRIB research team.

The Vineland Adaptive Behavior Scales, Second Edition (VABS-II). The

VABS-II [316] is a psychometrically validated instrument administered via semi-structured

parent interview to measure a child’s adaptive behavior in daily life in four domains:

communication, daily living skills, locomotor, and socialization. Additionally, VABS-II

also allows for a final standardized adaptive behavior composite score (ABC).

Primo Vocabolario del Bambino (PVB). The PVB [317] is the Italian adap-

tation of the MacArthur-Bates Communicative Development Inventory, Second Edition

(MB-CDI) [318]. The questionnaire is aimed at parents to assess verbal and non-verbal

communication in children aged 8–36 months. Specifically, it gathers information on

early communicative and linguistic development, starting from the first non-verbal cues,

through expansion of vocabulary, the emergence of grammar, and the first combinations

of words. Two sections, ‘gestures and words’ and ‘words and phrases’, are administered

for children aged 8–24 months and 18–36 months respectively. Appropriate sections were

administered based on the age range in the NT group and the verbal developmental age

in the ASC group.

Inclusion and exclusion criteria Inclusion criteria in the ASC group were the

following: (a) autism diagnosis according to the DSM-5 [2], within a multidisciplinary

team and supported by the ADOS-2 [319], (b) Italian as the main language spoken at

home. Exclusion criteria were the following: (a) any other identifiable genetic condition

associated with autism (e.g., Fragile X syndrome, Cornelia de Lange syndrome, Tuberous

Sclerosis Complex, Rett syndrome, Angelman syndrome, Prader-Willi syndrome), (b)

epileptic encephalopathy with onset in infancy, and (c) significant sensory or motor

impairment (e.g., vision or hearing impairment, CP).

Inclusion criteria for NT children included: (a) typical neurodevelopmental mile-

stones for their age, as determined by parental reports, (b) typical language and social

development appropriate for their age, confirmed by average scores on the communi-

cation and social domains of the Vineland Adaptive Behavior Scales, Second Edition

(VABS-II) [316], (c) no significant medical conditions that could impact NT develop-

ment, (d) Italian as the main language spoken at home. Exclusion criteria: (a) family

history of autism, (b) psychomotor and language delay, (c) prematurity and low birth

weight, (d) early infantile epileptic encephalopathy, (e) significant sensory or motor im-
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pairment (e.g., hearing and vision deficits, CP).

Behavioral coding scheme: variables description All behaviors exhibited by

the children were categorized into one of the following categories:

1. Actions were classified into one of the following categories:

(a) Manipulation: Generic manipulations and explorations of the object en-

compass activities involving a non-specific motor scheme, such as mouthing,

rotating, shaking, banging, or turning an object. This category also includes

tactile exploration, like touching or scraping to examine surface characteris-

tics, particularly when objects have grooves or diverse textures. Visual-only

exploration is considered only in explicit cases where the child picks up an

object and deliberately moves his head to view it from different angles.

(b) Motor actions: include the following subcategories:

i. Index-touch action: This category involves motor patterns requiring

the use of the index finger to interact with an object. Examples include

pressing a pop-up with the index finger, touching a doll’s foot with the

index finger for exploration, or popping soap bubbles with the index

finger.

ii. Reaching: This behavior is characterized by an attempt to stretch or

extend their arm toward an object of interest, held by the partner, with

associated trunk, arm, and hand tension directed forward. Following

Thelen et al. [320], an arm movement will be coded as a reach if: (a) an

object is located in the infant’s reachable space; (b) the infant looks at

the object before reaching; and (c) one or two hands contact the object

(i.e., successful grasp is not required).

iii. Receiving action: The child accepts an object that the adult is ex-

plicitly offering.

(c) Transitive actions: This category encompasses all actions with objects, in-

cluding using a concrete object appropriately (e.g., bringing a miniature cup

to the mouth, stacking circles) and inventive use, where the child substitutes

one object for another (e.g., bringing a wooden cube to the mouth, using a

fork as a comb).

2. Gestures were classified into one of the following categories:
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(a) Showing: A gesture is defined as showing when one holds up an object in

the partner’s line of sight.

(b) Giving: A gesture is defined as giving when one gives an object to their

partner.

(c) Pointing: A gesture is defined as pointing when there is a clear extension of

the arm, hand, and index finger directed toward a specific object, location,

or event.

(d) Conventional-interactive: Are arbitrarily related to their meanings, cul-

turally defined, and used for the purpose of regulating interaction (e.g., nod-

ding one’s head for “yes,” shaking one’s head for “no,” shaking one’s extended

hand for “more” or “less,” or moving both hands back and forth with one’s

palms toward a partner for “wait”).

(e) Instrumental: These gestures are used to involve the partner in the action,

utilizing the partner’s body as a tool to achieve an immediate goal, aiming to

prompt the partner to take immediate action (e.g., the child takes his or her

mother’s hand and brings it closer to the desired object, or the child takes

his mother’s hand and places it on the door to indicate the desire to go out).

3. Alternate gaze: Child’s gaze behavior is specifically analyzed when it is accom-

panied by a gesture. The classification of gaze behavior as “alternate” occurs in

two scenarios: firstly, when the child’s gaze alternates between the focus object

(i.e., the object referred to by the gesture), the partner’s face, and the focus object

itself, or vice versa; secondly, when the child’s gaze shifts from the focus object to

the partner’s face, or vice versa.

4. Pragmatic functions: Each gesture produced by the child has been systemati-

cally coded to align with its corresponding pragmatic function.

(a) Requesting function: Is assigned when the child employs a gesture to

make a specific request, such as pointing to an object to indicate a desire for

his mother to give it to him.

(b) Declarative function: Is assigned when the purpose of the gesture is to

express shared interest in an object or event with someone, such as the child

pointing to an object to convey his enthusiasm to an adult.
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5. Speech acts: Vowel utterances were classified into the following three main cat-

egories: vocalizations, words, and phrases:

(a) Vocalizations: Vocalizations encompassed vowel strings (e.g., “eeaa”), redu-

plicated babble (e.g., “gaga”), and variegated babble (e.g., “bama”), while

non-vowel sounds like laughter, crying, and vegetative noises (e.g., sneezing,

coughing, breathing) are not coded.

(b) Words: Include verbal productions referring to a specific referent on multiple

occasions or in different contexts, phonetically similar to the adult model.

This category encompasses actual Italian words (e.g., “ball,” “cow,” “yes,”

“no”), consistent sound patterns used by a child for a specific object or

event (e.g., using “pa” to refer to a ball), articles, onomatopoeic sounds

systematically used for specific referents (e.g., “woof,” “meow,” “choo choo”),

and evaluative sounds (e.g., “wow!”, “hey!”, “uh-oh!”).

(c) Phrases: Phrases consist of the sequential combination of two or more in-

dividual intelligible words in verbal productions.
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A.4 Supplementary Information for Section 5.1

Video Stimulus NT (out of 30) ASC (out of 23)

Xylophone 29 22

Drums 29 23

Witches 30 20

Sheriff 29 21

Table A.5: Number of no omitted trials for each video.

Median

Equilibrium

Probabil-

ity in NT

group

Adult

Activ-

ity

Adult

Face

Child

Activ-

ity

Child

Face

Object

Left

Object

Right

Sheriff 0.02582 0.17288 0.04068 0.54664 4.69e-4 0.00000

Witches 0.12615 0.41577 0.06360 0.11043 0.00561 0.00000

Drums 0.25877 0.17135 0.23481 0.08380 0.00000 0.00000

Xylophone 0.29490 0.11327 0.32166 0.09395 0.00811 0.00000

Table A.6: Median equilibrium probabilities across AOIs for NT gaze patterns in
the four trials.

Table A.7: Distribution of equilibrium probabilities across AOIs for NT gaze pat-
terns in the four trials.

Trial Kruskal-Wallis Dwass-Steel-Critchlow-Fligner

χ2 gdl p ε2 Comparison W p

Sheriff 150 7 <.001 0.648 Child Face – Adult Activity 8.192 <.001

Child Face – Adult Face 6.257 <.001

Child Face – Child Activity 7.555 <.001

Child Face – Object Left -8.915 <.001

Continued on next page...
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Table A.7: (Continued)

Trial Kruskal-Wallis Dwass-Steel-Critchlow-Fligner

χ2 gdl p ε2 Comparison W p

Child Face – Object Right -9.362 <.001

Witches 165 7 <.001 0.689 Adult Face – Adult Activity 6.921 <.001

Adult Face – Child Activity -8.656 <.001

Adult Face – Child Face -8.196 <.001

Adult Face – Object Left -9.425 <.001

Adult Face – Object Right -9.517 <.001

Drums 171 7 <.001 0.739 Adult Activity – Adult Face -5.773 0.001

Adult Activity – Child Activity -1.792 0.911

Adult Activity – Child Face -8.478 <.001

Adult Activity – Object Left -9.389 <.001

Adult Activity – Object Right -9.389 <.001

Child Activity – Adult Face 4.190 0.061

Child Activity – Child Face -7.445 <.001

Child Activity – Object Left -9.389 <.001

Child Activity – Object Right -9.344 <.001

Xylophone 179 7 <.001 0.773 Adult Activity – Adult Face -8.368 <.001

Adult Activity – Child Activity 1.001 0.997

Adult Activity – Child Face -8.830 <.001

Adult Activity – Object Left -9.279 <.001

Adult Activity – Object Right -9.443 <.001

Child Activity – Adult Face 8.478 <.001

Child Activity – Child Face -8.742 <.001

Child Activity – Object Left -9.279 <.001

Child Activity – Object Right -9.443 <.001

Table A.8: Categorization of transition features for both trial groups and corre-
sponding color-coding in the PCA plot.

Sensory Social

Routine Tri-

als (Sheriff -

Witches)

Transition Propensity Musical Ac-

tivities Trials

(Drums - Xylo-

phone)

Transition Propensity

Between Adult Face - Child Face Between Adult Activity - Child Activity

Child Face - Adult Face Child Activity - Adult Activity

From Adult Face Adult Face - Adult Activity From Adult Ac-

tivity

Adult Activity - Adult Face

Adult Face - Child Activity Adult Activity - Child Face

Adult Face - Object Left Adult Activity - Object Left

Adult Face - Object Right Adult Activity - Object Right

Continued on next page...
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Table A.8: (Continued)

Sensory Social

Routine Tri-

als (Sheriff -

Witches)

Transition Propensity Musical Ac-

tivities Trials

(Drums - Xylo-

phone)

Transition Propensity

From Child Face Child Face - Adult Activity From Child Ac-

tivity

Child Activity - Adult Face

Child Face - Child Activity Child Activity - Child Face

Child Face - Object Left Child Activity - Object Left

Child Face - Object Right Child Activity - Object Right

To Adult Face Adult Activity - Adult Face To Adult Activ-

ity

Adult Face - Adult Activity

Child Activity - Adult Face Child Face - Adult Activity

Object Left - Adult Face Object Left - Adult Activity

Object Right - Adult Face Object Right - Adult Activity

To Child Face Adult Activity - Child Face To Child Activ-

ity

Adult Face - Child Activity

Child Activity - Child Face Child Face - Child Activity

Object Left - Child Face Object Left - Child Activity

Object Right - Child Face Object Right - Child Activity
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A.5 Supplementary Information for Section 6.1

Table A.9: Mean and standard deviation of 13 kinematic features for NT and ASC
children during Phase 1 and Phase 2, under both social and non-social conditions
with gentle and rude VFs.

NT children ASC children

Gentle Rude Gentle Rude

PHASE 1

Mean velocity Non social 100.4 (17.9) 136.8 (28.1) 89.2 (27.1) 138.1 (45.9)

Social 105.5 (19.9) 143.1 (34.5) 94.9 (25.7) 129.9 (32.7)

Max velocity Non social 106.8 (20.7) 134.1 (31.3) 96.3 (26.6) 123.5 (33.2)

Social 104.2 (17.9) 133.9 (28.4) 93.6 (25.6) 125.4 (26.7)

Time max veloc-

ity

Non social 114.6 (35.4) 112.6 (34.9) 105.2 (36.6) 112.6 (34.9)

Social 97.6 (33.1) 94.2 (19.9) 113.2 (33.1) 94.2 (38.7)

Mean accelera-

tion

Non social 109.5 (25.5) 162.2 (64.5) 88.9 (25.7) 138.4 (50.2)

Social 106.3 (26.7) 163.1 (45.4) 91.5 (26.7) 132.9 (36.2)

Max accelera-

tion

Non social 114.8 (51.7) 153.4 (95.7) 96.8 (23.9) 120.3 (35.1)

Social 112.1 (33.2) 139.7 (37.4) 93.4 (28.8) 119.3 (30.4)

Time max accel-

eration

Non social 155.7 (91.6) 163.5 (116.9) 136.5 (84.4) 125.8 (73.8)

Social 136.8 (126.4) 171.5 (165.2) 110.4 (53.1) 122.3 (50.7)

Max decelera-

tion

Non social 108.9 (54.9) 227.4 (149.9) 111.9 (69.9) 231.4 (154.5)

Social 122.4 (65.2) 312.9 (177.6) 104.3 (48.7) 192.8 (121.1)

Time max decel-

eration

Non social 106.1 (36.1) 76.3 (29.8) 112.4 (49.9) 75.9 (34.9)

Social 100.9 (32.2) 68.4 (25.3) 120.4 (42.7) 92.3 (63.8)

Max opening Non social 102.9 (8.7) 109.9 (7.9) 97.5 (15.1) 102.1 (18.9)

Social 101.1 (9.3) 108.4 (9.8) 99.3 (12.4) 104.2 (13.9)

Time max open-

ing

Non social 100.6 (17.7) 83.3 (14.9) 110.5 (35.3) 96.4 (36.5)

Social 97.7 (19.2) 80.6 (15.8) 97.7 (24.8) 97.3 (23.6)

Movement time Non social 103.6 (14.5) 83.3 (12.7) 112.7 (26.8) 86.4 (33.9)

Social 97.3 (14.4) 79.4 (12.5) 105.4 (17.5) 88.9 (28.9)

PHASE 2

Mean velocity Non social 91.7 (20.7) 169.9 (50.4) 93.2 (40.2) 172.6 (63.2)

Social 95.9 (29.4) 227.0 (146.1) 86.5 (18.7) 155.6 (58.4)

Max velocity Non social 100.5 (24.0) 176.6 (59.9) 95.8 (31.2) 173.7 (60.7)

Social 97.6 (21.8) 327.1 (349.1) 92.6 (21.9) 229.0 (275.3)
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Table A.9: (Continued)

NT children ASC children

Gentle Rude Gentle Rude

Time max veloc-

ity

Non social 102.7 (52.4) 116.3 (99.5) 102.1 (33.2) 145.4 (151.4)

Social 86.5 (35.1) 98.3 (53.9) 95.4 (33.5) 154.7 (196.7)

Mean accelera-

tion

Non social 106.8 (38.9) 286.2 (128.7) 89.6 (31.9) 195.3 (80.3)

Social 102.6 (30.4) 566.4 (755.9) 95.8 (22.9) 207.5 (130.2)

Max accelera-

tion

Non social 115.6 (53.9) 273.1 (168.9) 94.3 (28.4) 163.5 (61.1)

Social 109.1 (33.4) 892.9

(1364.9)

93.1 (24.8) 293.9 (561.7)

Time max accel-

eration

Non social 126.8 (61.9) 144.5 (92.1) 244.9 (666.3) 675.9

(2058.8)

Social 288.2 (809.7) 262.9 (608.6) 124.7 (97.1) 508.7

(1742.9)

Max decelera-

tion

Non social 103.2 (83.1) 293.2 (192.9) 95.7 (79.3) 221.4 (107.7)

Social 133.1 (107.3) 410.1 (426.1) 115.8 (2.1) 195.3 (154.9)

Max displace-

ment along X

Non social 100.3 (15.9) 110.4 (25.8) 97.2 (19.3) 115.7 (22.4)

Social 103.6 (18.7) 120.8 (27.1) 95.4 (17.8) 113.5 (25.6)

Max displace-

ment along Y

Non social 98.7 (13.7) 105.2 (21.3) 93.4 (20.9) 102.7 (18.5)

Social 96.5 (12.8) 108.9 (23.2) 90.2 (19.5) 105.8 (20.7)

Table A.10: Main and interaction effect: mean(sd), significant F and p value for
NT and ASC children during the Reaching and Moving Phases.

Parameter Condition NT ASC F and p values

Reaching Phase

Mean velocity Gentle 102.9 (18.9) 92.1 (26.4) Vitality: F(1,41) =

80.92, p < 0.001

Rude 139.9 (31.3) 134.1 (39.3) Group*Vitality*Context:

F(1,41) = 3.81, p =

0.06

Non social 118.6 (23.1) 113.6 (36.5)

Social 124.3 (27.2) 112.4 (29.2)

Max velocity Gentle 105.2 (19.3) 94.9 (26.1) Vitality: F(1,41) =

66.84, p < 0.001

Rude 134.1 (29.9) 124.5 (29.9) Group: F(1,41) = 3.35,

p = 0.07
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Table A.10: (Continued)

Parameter Condition NT ASC F and p values

Non social 120.2 (26.1) 109.9 (29.9)

Social 119.1 (23.2) 109.6 (26.2)

Time max veloc-

ity

Gentle 106.1 (34.3) 109.2 (34.5) Context*Group:

F(1,41) = 6.13, p <

0.02

Rude 103.4 (27.4) 116.6 (37.2)

Non social 113.6 (35.1) 107.4 (36.1)

Social 95.9 (26.5) 118.4 (35.5)

Mean accelera-

tion

Gentle 101.7 (26.1) 90.6 (26.2) Group: F(1,41) = 7.94,

p < 0.01

Rude 162.6 (54.9) 135.7 (43.2) Vitality: F(1,41) =

86.09, p < 0.001

Non social 135.9 (45.1) 113.7 (37.9)

Social 134.7 (36.1) 112.2 (31.5)

Max accelera-

tion

Gentle 113.4 (42.4) 95.1 (26.3) Group: F(1,41) = 8.19,

p < 0.01

Rude 146.5 (66.5) 119.8 (32.8) Vitality: F(1,41) =

20.25, p < 0.01

Non social 134.1 (73.7) 108.5 (29.5)

Social 125.9 (35.3) 106.3 (29.6)

Time max accel-

eration

Gentle 146.3 (108.9) 123.4 (68.8)

Rude 167.5 (141.1) 124.1 (62.2)

Non social 159.6 (104.3) 131.2 (79.1)

Social 154.2 (145.8) 116.3 (51.9)

Max decelera-

tion

Gentle 115.7 (60.1) 108.1 (59.3) Vitality: F(1,41) =

21.53, p < 0.01

Rude 270.1 (163.8) 212.1 (137.8) Context*Group:

F(1,41) = 4.46, p <

0.04

Non social 168.1 (102.4) 171.6 (112.2) Group*Vitality*Context:

F(1,41) = 5.81 p <

0.02

Social 217.6 (121.4) 148.6 (84.9)

Time max decel-

eration

Gentle 103.5 (34.4) 116.4 (46.3) Vitality: F(1,41) =

5.08, p < 0.01

Rude 72.4 (27.5) 84.1 (49.4)

Non social 91.2 (32.9) 94.2 (42.4)

Social 84.7 (28.7) 106.4 (53.3)

Max opening Gentle 102.1 (8.9) 98.4 (13.7) Group: F(1,41) = 7.11,

p < 0.01
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Table A.10: (Continued)

Parameter Condition NT ASC F and p values

Rude 109.2 (8.8) 103.1 (16.4) Vitality: F(1,41) =

12.24, p < 0.01

Non social 106.5 (8.3) 99.8 (16.9)

Social 104.7 (9.5) 101.7 (13.2)

Time max open-

ing

Gentle 99.2 (18.4) 116.6 (30.1)

Rude 82.1 (15.4) 96.8 (30.1)

Non social 92.1 (16.3) 103.5 (35.9)

Social 89.2 (17.5) 105.1 (24.2)

Movement time Gentle 100.5 (14.5) 109.1 (22.1)

Rude 81.4 (12.6) 87.7 (31.4)

Non social 93.4 (13.6) 99.6 (30.3)

Social 88.4 (13.5) 97.2 (23.2)

Moving Phase

Mean velocity Gentle 94.4 (25.1) 89.9 (29.5) Vitality: F(1,40) =

59.76, p < 0.001

Rude 198.4 (98.2) 164.1 (60.8) Context*Group:

F(1,40) = 7.61, p <

0.01

Non social 130.8 (35.5) 132.9 (51.7) Group*Vitality*Context:

F(1,40) = 6.59, p <

0.01

Social 161.9 (87.7) 121.1 (38.5)

Max velocity Gentle 99.1 (22.9) 94.2 (26.5) Vitality: F(1,40) =

24.69, p < 0.001

Rude 251.8 (204.4) 201.4 (168.1) Context: F(1,40) =

4.64, p < 0.03

Non social 138.6 (41.9) 134.7 (45.9)

Social 212.2 (185.4) 160.8 (148.6)

Time max veloc-

ity

Gentle 94.6 (43.7) 98.7 (33.4) Group: F(1,40) = 6.21,

p < 0.02

Rude 107.3 (76.7) 150.1 (174.0) Vitality: F(1,40) =

21.89, p < 0.001

Non social 109.5 (76.0) 123.7 (92.3)

Social 92.4 (44.4) 125.1 (115.1)

Mean accelera-

tion

Gentle 104.7 (34.7) 87.7 (27.4) Group: F(1,40) = 6.21,

p < 0.02

Rude 426.3 (442.3) 201.4 (105.3) Vitality: F(1,40) =

21.89, p < 0.001

Non social 196.5 (83.8) 142.5 (56.1) Vitality*Group:

F(1,40) = 4.66, p

< 0.03
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Table A.10: (Continued)

Parameter Condition NT ASC F and p values

Social 334.5 (393.3) 146.7 (76.6)

Max accelera-

tion

Gentle 112.4 (43.6) 93.7 (26.6) Vitality: F(1,40) =

13.23, p < 0.001

Rude 582.9 (766.9) 228.7 (311.4) Context: F(1,40) =

5.76, p < 0.02

Non social 194.3 (111.4) 128.9 (44.7) Group: F(1,40) = 4.66,

p < 0.003

Social 500.9 (699.2) 193.5 (293.2) Vitality*Group:

F(1,40) = 3.74, p

= 0.06

Context*Vitality:

F(1,40) = 6.09, p <

0.02

Max decelera-

tion

Gentle 118.1 (95.2) 105.8 (85.7) Group: F(1,40) = 3.76,

p = 0.06

Rude 351.6 (309.5) 208.3 (131.4) Vitality: F(1,40) =

37.17, p < 0.001

Non social 198.2 (138.0) 158.5 (93.5) Vitality*Group:

F(1,40) = 4.96, p

< 0.03

Social 271.5 (266.7) 155.6 (123.6)

Time max decel-

eration

Gentle 110.1 (65.7) 134.7 (47.4) Vitality: F(1,40) =

5.08, p < 0.01

Rude 80.9 (64.6) 126.1 (107.4) Context*Vitality:

F(1,40) = 3.58, p =

0.06

Non social 95.6 (52.4) 120.7 (50.6)

Social 95.4 (77.9) 139.9 (104.3)

Max displace-

ment along X

Gentle 102.7 (32.1) 123.3 (77.8) Vitality: F(1,40) =

14.69, p < 0.001

Rude 169.7 (142.9) 183.2 (122.8) Group*Vitality*Context:

F(1,40) = 5.85, p <

0.02

Non social 116.7 (55.6) 156.8 (111.5)

Social 155.7 (119.5) 149.7 (89.1)

Max displace-

ment along Y

Gentle 96.3 (16.7) 102.9 (38.7) Vitality: F(1,40) =

27.67, p < 0.001

Rude 121.5 (34.4) 134.7 (53.3) Context*Vitality:

F(1,40) = 5.32, p <

0.03

Non social 106.8 (19.2) 122.5 (57.9)
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Table A.10: (Continued)

Parameter Condition NT ASC F and p values

Social 111.1 (31.9) 115.1 (34.1)
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A.6 Supplementary Information for Section 6.2

Table A.11: Comparison between clinical assessment (target) and hierarchical
model (predicted) for each subject.

CLINICAL ASSESSMENT (TARGET) HIERARCHICAL MODEL (PREDICTED)

Presence of

ATAXIA

Speech

Disturbance

Severity

Speech

Disturbance

Score

Presence of

ATAXIA

Speech

Disturbance

Severity

Patient High 2 Patient High

Patient Low 1 Patient High

Patient High 2 Patient High

Patient High 2 Patient High

Patient Low 1 Patient Low

Patient Low 1 Patient Low

Patient Low 1 Patient High

Patient Low 1 Patient Low

Healthy Low 0 Healthy Low

Patient Low 1 Patient Low

Patient Low 1 Patient High

Patient Low 0 Patient Low

Patient Low 1 Patient Low

Healthy Low 0 Healthy Low

Patient Low 1 Patient High

Patient Low 1 Patient Low

Patient High 2 Patient High

Patient High 2 Patient High

Patient High 2 Patient High

Healthy Low 0 Patient Low

Healthy Low 0 Healthy Low

Healthy Low 0 Healthy Low

Patient Low 0 Patient Low

Patient Low 0 Patient Low

Patient Low 1 Healthy Low

Patient Low 1 Patient Low

Patient High 2 Patient High

Patient High 2 Patient High

Patient High 3 Patient High

Patient High 3 Patient High

Healthy Low 0 Healthy Low

Patient Low 0 Healthy Low

Patient Low 1 Patient Low

Patient High 2 Patient High

Patient High 2 Patient Low

Patient High 2 Patient High
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Table A.11: (Continued)

CLINICAL ASSESSMENT (TARGET) HIERARCHICAL MODEL (PREDICTED)

Presence of

ATAXIA

Speech

Disturbance

Severity

Speech

Disturbance

Score

Presence of

ATAXIA

Speech

Disturbance

Severity

Patient High 2 Patient High

Healthy Low 0 Healthy Low

Patient Low 1 Patient Low

Patient Low 1 Patient Low

Patient Low 1 Patient Low

Patient Low 1 Patient Low

Patient Low 1 Patient High

Patient High 2 Patient High

Patient High 3 Patient Low

Patient Low 1 Patient High

Healthy Low 0 Patient Low

Healthy Low 0 Healthy Low

Patient High 2 Patient High

Patient High 2 Patient High

Patient High 2 Patient Low

Patient High 2 Patient High

Healthy Low 0 Healthy Low

Patient High 2 Patient High

Healthy Low 0 Healthy Low

Patient High 2 Patient High

Patient High 2 Patient High

Patient Low 1 Patient Low

Patient Low 1 Patient Low

Patient High 3 Patient High

Healthy Low 0 Healthy Low

Patient High 2 Healthy Low

Patient Low 1 Patient Low

Healthy Low 0 Patient Low

Healthy Low 0 Patient Low

Patient Low 1 Patient High

Patient Low 1 Patient High

Healthy Low 0 Patient Low

Patient Low 1 Patient Low

Patient Low 1 Patient Low

Healthy Low 0 Patient Low

Patient Low 1 Patient High

Healthy Low 0 Healthy Low

Patient Low 1 Patient High

Healthy Low 0 Healthy Low

Patient Low 1 Patient Low
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