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Abstract 
While conventional ASD risk assessments rely on later-emerging behavioral features, early 
vocal preferences offer infant-available predictive markers. Therefore, multimodal measures 
integrating behavioral features with vocal preference may enhance autistic risk prediction 
accuracy. This study developed machine learning models to identify high autistic risk infants 
using multimodal measures, including gaze duration of sound contrasts (speech vs. non-vocal; 
speech vs. monkey calls) and learning/motor scores. Analysis of 9/12 month infant data (56 
high-risk, 82 low-risk) showed SVM performed best after optimization (71.43% accuracy, 
AUC=0.46). Average model feature importance analysis identified that key predictors are 9-
month human-over-monkey preference, 9-month speech-over-nonspeech preference, and 12-
month receptive language percentiles. Findings demonstrate that gaze-based speech preference 
assessment addresses critical limitations of traditional behavioral markers, and when integrated 
with predictive modeling, opens new pathways for significant advances in early autism risk 
detection. 
 
Keywords: Machine learning, Early autistic risk identification, Multimodal behaviors, Speech 
preference 
 
  



42 
 

Introduction 
 
Autism Spectrum Disorder (ASD) is a neurodevelopmental disorder characterized by persistent 
deficits in verbal/non-verbal communication, impaired social reciprocity, and 
restricted/repetitive behavioral patterns (American Psychiatric Association, 2013). Symptom 
severity and functional impact demonstrate pronounced individual heterogeneity across all 
racial, ethnic, and socioeconomic groups (Alsharif et al., 2024). Crucially, attenuated 
behavioral manifestations in specific subpopulations (notably females) frequently evade timely 
clinical recognition compared to more overt presentations (e.g., in males), resulting in 
significant diagnostic delays (Solomon et al., 2012). This discrepancy occurs despite equivalent 
core social-communication impairments, thereby creating intervention access disparities that 
compound functional challenges throughout the lifespan. Consequently, early identification 
remains a clinical imperative, as evidence-based interventions initiated during critical 
developmental windows substantially improve long-term adaptive outcomes. Beyond autistic 
children themselves, their infant siblings, who face substantially elevated autism risk (≈19% 
diagnosis rate by age 3 versus ≈1.5% in the general population) (Ozonoff et al., 2011), likewise 
warrant careful monitoring from infancy. 
 
Current approaches to early autism diagnosis primarily rely on identifying behavioral markers 
emerging in toddlerhood (Hyman et al., 2020). However, certain infant signals, such as speech 
sound bias, may offer earlier indicators of autism risk. This is critical because infants must 
distinguish meaningful speech from background noise to acquire communication skills 
(Liberman & Whalen, 2000; Pinker & Jackendoff, 2005; Sorcinelli et al., 2019) and support 
their language and social development (Vouloumanos & Werker, 2007; Werker & Curtin, 
2005). Typically developing (TD) newborns exhibit a natural bias towards speech over many 
other sounds, a preference believed to underpin essential learning processes (Kuhl, 1988; 
Vouloumanos & Werker, 2007). Crucially, speech processing ability in infancy consistently 
predicts later language and social skills (Cristia et al., 2014), including joint attention (Roberts 
et al., 2013). While autistic children often lack typical speech preferences, the degree of speech 
bias they do exhibit nevertheless predicts receptive language ability (Paul et al., 2007) and 
sensitivity to syllable changes (Kuhl et al., 2005). Furthermore, infant preferences for speech 
over non-biological non-speech sounds show differential predictive value for later 
developmental outcomes among siblings of autistic children (Curtin & Vouloumanos, 2013; 
Vouloumanos & Curtin, 2014).  
 
Eye tracking, a non-invasive measurement technique, offers enhanced precision in detecting 
atypical visual patterns in infants later diagnosed with autism (Papagiannopoulou et al., 2014). 
Substantial evidence links autism to aberrant eye-tracking behaviors (Senju & Johnson, 2009). 
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In infant siblings of autistic children, measuring gaze duration toward different auditory stimuli 
complements traditional behavioral assessments in predicting subsequent linguistic 
development, social communication skills, and autism-related behaviors (Sorcinelli et al., 
2019). Furthermore, eye tracking can be effectively combined with measures of speech bias, 
as gaze patterns directly reveal subtle variations in young children’s auditory attention.  
Building on the potential of combining speech preference and gaze behaviors for early 
detection, machine learning offers a promising approach to further enhance autism risk 
identification. By providing an unbiased and reproducible secondary assessment (Sasson & 
Elison, 2012; Yaneva et al., 2020), machine learning can integrate these multimodal signals 
with other observational behaviors. Therefore, this study investigates whether machine 
learning algorithms and gaze patterns reflecting speech preference can effectively facilitate 
traditional behavioral features in distinguishing infant siblings of autistic children from siblings 
of TD children. This distinction is based on combined measures of: (1) established behavioral 
and language assessments (Autism Observation Scale for Infants, AOSI; MacArthur-Bates 
Communicative Development Inventories, CDI; Mullen Scales of Early Learning, MSEL), and 
(2) gaze patterns reflecting auditory preferences during exposure to speech, non-biological 
non-speech sounds, and monkey calls. 
 
Our predictor framework capitalizes on complementary developmental windows to capture 
emergent risk trajectories. At 9 months, auditory processing features, including gazing 
responses to speech and non-speech stimuli, reveal pre-symptomatic tuning atypicality, while 
concurrent behavioral observations contextualize risk before language onset. By 12 months, 
standardized language assessments quantify emerging communicative deficits alongside 
behavioral features that track consolidating autism characteristics as diagnostic profiles. This 
staged multimodal design aligns with established neurodevelopmental cascades, wherein early 
auditory anomalies precede observable symptoms, which subsequently manifest as measurable 
social-communication and language delays (Sorcinelli et al., 2019). Given the study’s feature 
dimensionality and sample size, we posit that 1) models robust to limited data will optimally 
leverage these temporally stratified inputs; 2) 9-month speech processing metrics, particularly 
auditory preference for speech, will predict autistic risk comparable to conventional linguistic 
and behavioral markers.  
 
Methods  
Dataset 
 
The dataset was obtained from a public repository (Sorcinelli et al., 2018) containing eye-
tracking measures from 9-month-old infants during exposure to speech, non-biological non-
speech sounds, and monkey calls. Participants included siblings of autistic children (SIBS-A; 
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27 male, 29 female) and siblings of TD children (SIBS-TD; 38 male, 44 female). The 
participants without group or gender information were excluded. Missing values in gaze 
duration measures were addressed through median imputation. 
 
Auditory stimuli comprised monkey calls, monosyllabic nonsense speech words (‘lif’, ‘neem’; 
6 tokens each) spoken by a female native English speaker (pitch: 197-350 Hz; duration: 525-
1155 ms), and acoustically matched non-speech analogues (Vouloumanos et al., 2001; 
Vouloumanos & Werker, 2004). These analogues were time-varying sinusoidal waves 
replicating the fundamental frequency and first three formants, preserving the duration, pitch 
contour, amplitude envelope, relative formant amplitude, and relative intensity of the speech 
tokens. Crucially, non-speech analogues differed in lacking natural voice quality and biological 
realism and utilizing four independent sound sources versus the single vocal tract source of 
speech. Infants were tested using an infant-controlled preferential looking procedure in a 
sound-attenuated room (sound level: 60 ± 5 dB). Seated on a parent’s lap 89 cm from a monitor, 
infants initiated trials by fixating a central stimulus (Cooper & Aslin, 1990; Vouloumanos & 
Werker, 2004). Looking time to the screen, provided by the dataset publisher, was coded offline 
frame-by-frame (30 fps) by observers being blind to trial type; reliability was high (ICC = .98, 
p < .001, based on 20% double-coding). Supplementary measures included the AOSI (9/12 
months) (Bryson et al., 2008), MB-CDI (12 months) (Fenson et al., 1993), and MSEL (12 
months) (Mullen, 1995). 
 
Machine Learning Models 
 
A predictive modeling framework was developed to classify autism risk groups (SIBS-TD 
versus SIBS-A) using behavioral features measured during infancy. The analytical approach 
incorporated systematic data preprocessing and multiple classification algorithms. Missing 
values were addressed through k-nearest neighbors imputation (k=5), followed by robust 
scaling to minimize outlier effects. Class imbalance was systematically managed through 
differential weighting and synthetic minority oversampling during cross-validation. Five 
classification algorithms were implemented: 1) XGBoost with asymmetric error weighting 
(Chen & Guestrin, 2016), 2) LightGBM with gradient-based sampling (Ke et al., 2017), 3) 
Random Forest with balanced class weighting (Breiman, 2001), 4) Support Vector Machine 
with radial basis kernel (Chang & Lin, 2011), and 5) Multilayer Perceptron with early stopping 
regularization (Rumelhart et al., 1986). 
 
Model development employed stratified 3-fold cross-validation with hyperparameter 
optimization through grid search. Balanced accuracy, defined as the mean of sensitivity and 
specificity, served as the primary model selection criterion. The support vector machine 
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emerged as the optimal classifier based on test set AUC performance. The three top-performing 
classifiers were subsequently integrated into a stacked ensemble using logistic regression as a 
meta-classifier, validated through 5-fold cross-validation. 
 
Performance evaluation encompassed accuracy, AUC, and F1 scores. Model interpretation 
included feature importance assessment through Gini impurity decomposition for compatible 
tree-based algorithms (XGBoost, LightGBM, and Random Forest). Aggregate importance 
scores were computed by averaging across these models, providing insights into key behavioral 
predictors. Classification thresholds were optimized via F1-score maximization for the optimal 
classifier. Diagnostic visualizations included receiver operating characteristic curves, 
precision-recall plots, and confusion matrices. The computational implementation utilized 
Python with scikit-learn (v1.0), XGBoost (v1.5), and LightGBM (v3.3) libraries. 
 
Results  
 
The machine learning models were evaluated on an independent test set representing 15% of 
the overall cohort (n=138). Among the evaluated approaches, the Support Vector Machine 
(SVM) demonstrated superior classification accuracy at 71.43%, substantially outperforming 
alternative methods (Table 1).  
 

Table 1. Summary of models’ outputs 
 

 Accuracy AUC F1 
XGBoost 38.10% 0.38 0.32 
LightGBM 38.10% 0.32 0.32 
Random Forest 47.62% 0.40 0.42 
SVM 71.43% 0.46 0.63 
Multilayer Perceptron 57.14% 0.64 0.40 
Ensemble 42.86% 0.42 0.40 

 
The SVM maintained robust performance across both risk groups, correctly classifying the 
majority of cases despite the complexity of predicting developmental outcomes from infant 
multi-modal features. The SVM also achieved the highest F1-score (0.63), indicating balanced 
precision and recall in identifying both risk groups (Figure 1). 
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Figure 1: Confusion matrix of the SVM model. 
 
Notably, the Multilayer Perceptron model showed the highest AUC (0.639), suggesting better 
risk probabilities. However, this apparent advantage did not translate to practical clinical utility, 
as evidenced by its lower accuracy (57.14%) and substantially reduced F1-score (0.40). This 
performance pattern indicates potential calibration issues where probability estimates didn’t 
consistently correspond to correct classifications. The ensemble approach, while theoretically 
promising, failed to outperform the best individual classifier in this application. 
 
Figure 2 presents the average feature importance derived from three tree-based models 
(XGBoost, LightGBM, and RandomForest) that support intrinsic importance metrics. The 
hierarchical ranking reveals the preference for Human speech over monkey calls at 9-month-
old as the most influential predictor, demonstrating substantially higher importance than other 
features. This is closely followed by the preference for Human speech over non-speech calls at 
9-month-old and the receptive language percentile of MSEL at 12-month-old, indicating that 
speech preference measures and receptive language abilities constitute critical predictive 
signals for autism risk classification. 
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Figure 2: Average feature importance of the three tree-based models (‘09/12’ for the age in 
months; ‘Avr’ for average looking time during speech trials; ‘Perc’ for Percentile; ‘total’ for 

total scores of 18 items in AOSI, indicating severity; ‘marker’ for total number of AOSI 
items scored between 1 and 3, indicating the breadth of symptom expression; ‘Pref’ for 

preference, i.e., looking time difference between different trials). 
 
Mid-range importance features include some auditory processing metrics (average looking 
time during Sine and speech trials at 9 months old), Expressive language ability (CDI Says 
percentile at 12 months old), and autism observational scores (severity of symptoms at 9 
months old and breadth of symptoms at 12 months old). Notably, other early auditory responses 
(average looking time during Human and Monkey trials at 9 months old) showed moderate 
predictive value. The symptom breadth at 9 months and symptom severity at 12 months showed 
lower importance. 
 
Discussion  
 
This study investigated the utility of machine learning algorithms in differentiating infant 
siblings of autistic children from siblings of typically developing children using integrated 
behavioral assessments and gaze-based auditory preference measures. Five classification 
models were evaluated: XGBoost, LightGBM, Random Forest, Support Vector Machine, and 
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Multilayer Perceptron. The Support Vector Machine achieved superior classification 
performance and the highest F1-score. Feature importance analysis across tree-based models 
identified the preference for human speech over monkey calls at 9 months as the most 
influential predictor. This was closely followed by the preference for speech over non-speech 
sounds at 9 months and receptive language abilities at 12 months. Moderately important 
predictors included expressive language skills at 12 months, some auditory processing metrics, 
autism observational total score at 9 months, and autism observational marker at 12 months. 
Autism observational marker at 9 months and autism observational total score at 12 months 
demonstrated relatively lower predictive importance. 
 
Performance of Machine Learning Models 
 
Among the evaluated models, the SVM model demonstrated superior performance across key 
clinical metrics, achieving the highest accuracy and F1-score in differentiating SIBS-A and 
SIBS-TD infants. The performance divergence between SVM and other models stems from 
core algorithmic differences that become particularly consequential in autism risk prediction.  
While the Multilayer Perceptron showed marginally better ranking capability, its substantially 
lower accuracy and F1-score reveal fundamental limitations in converting risk stratification 
into actionable classifications. This calibration gap reflects neural networks’ requirement for 
larger samples to translate probabilistic sophistication into reliable decisions (Alwosheel et al., 
2018), whereas SVM’s structural risk minimization provides stronger generalization for small-
sample, low-dimensional data, where its training complexity remains manageable due to 
limited observations (Yu et al., 2003). These differences are exacerbated in simple binary 
autism risk prediction, where feature scarcity and limited samples amplify SVM’s suitability. 
This performance pattern aligns with established machine learning principles, where complex 
models often underperform some simpler alternatives in data-constrained scenarios like our 
infant sibling cohort (Alarifi et al., 2023). 
 
In infant autism sibling screening, the narrow window for effective interventions (Vivanti et 
al., 2019) highlights the need to prioritize reliable classification over marginal improvements 
in ranking metrics. False negatives carry irreversible consequences, making sensitivity-
optimized accuracy a non-negotiable priority. Simultaneously, F1-score balances this 
sensitivity against precision, reducing false positives that strain clinical resources and cause 
familial distress. While AUC measures probabilistic ranking quality, its clinical limitations are 
mitigated by clinician-led secondary assessments. SVM serves as a potentially operational 
decision-support tool, identifying infants warranting comprehensive evaluation while 
acknowledging its probabilistic nature. This framework stresses actionable performance 
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(accuracy/F1) over theoretical ranking sophistication (AUC), as timely identification with 
managed false positives aligns with the ethical imperative of preventing missed interventions. 
 
Speech preference as a predictive feature of autistic risk 
 
Feature importance analysis confirmed the importance of speech processing, identifying 9-
month auditory speech preference over monkey calls as the strongest predictor, followed by 9-
month speech-nonspeech differentiation and 12-month receptive language. These results 
suggest that speech preference can be a reliable predictor for early autistic risk prediction, like 
other linguistic or behavioral symptoms. Preferences for speech early in infancy may play an 
important role in setting typical linguistic and social communicative development, particularly 
for infants with autistic siblings, who are themselves at higher risk for later being diagnosed 
with autism, developing language or other developmental delays, or showing subclinical 
features of autistic characteristics of the broader autism phenotype (Ozonoff et al., 2014).  
 
The moderately weighted predictors, including 12-month expressive language ability, autism 
behavioral scores, and absolute looking time to auditory stimuli at 9 months, demonstrate 
relatively limited standalone value in predicting autistic risk. While isolated gaze duration 
measures provide some utility by indexing undifferentiated attention to auditory stimuli, they 
lack diagnostic specificity for autistic risk prediction, primarily due to their inability to capture 
infants’ discriminative processing of socially meaningful sounds. In contrast, speech 
preference, measured through preferential attention to human speech versus nonspeech sounds 
or monkey calls, provides superior predictive power because it directly indexes early 
consciousness of the social auditory system (Vouloumanos & Curtin, 2014). When infants 
consistently favor speech over nonspeech/monkey calls, it reflects specialization for useful 
vocalizations (Vouloumanos & Werker, 2004), which in turn facilitates richer language 
exposure and responsive caregiving interactions (Warlaumont et al., 2014). Thus, while 
conventional measures offer reliable insights, speech-over-nonspeech and human-over-
monkey preference provide new evidence for early autistic risk.  
 
The symptom breadth at 9 months and symptom severity at 12 months showed lower 
importance in our predictive model. This finding should not be interpreted as diminishing the 
established clinical value of these behavioral measures, which remain essential diagnostic 
indicators across numerous studies (Hosozawa et al., 2020; Hyman et al., 2020). Rather, their 
reduced weighting reflects inherent developmental constraints: at 9 months, infants’ limited 
behavioral repertoire constrains comprehensive symptom breadth assessment, while at 12 
months, symptom severity measures capture phenotypes still undergoing dynamic 
consolidation. This is precisely where auditory preference measures offer critical 
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complementary value. Speech-nonspeech and human-monkey contrast paradigms objectively 
quantify subtle attentional biases through gaze patterns toward socially meaningful sounds 
(Sorcinelli et al., 2019), circumventing reliance on overt infant behaviors that may be transient 
or situation-dependent. By detecting early neurodevelopmental signals months before robust 
behavioral symptoms stabilize, speech preference provides a unique window into emerging 
social communication tendency. Thus, while behavioral measures maintain their diagnostic 
significance, speech preference metrics enhance predictive sensitivity during this 
developmental period by capturing foundational responses that precede observable symptoms. 
 
Limitation  
 
This study’s identification of machine learning’s potential and speech preference as an early 
predictor advances autism risk detection, yet has several limitations. First, findings derived 
exclusively from the small and low-dimensional sample limit generalizability to screening 
contexts. Second, our cross-sectional assessment captures a single developmental snapshot, 
which cannot characterize dynamic risk trajectories across infancy. Third, though multimodal 
feature integration demonstrated superior predictive validity over single-modality approaches, 
the probabilistic risk estimates remain adjunctive to, not replacements for, comprehensive 
clinical evaluation. Future validation should increase the sample size, include more features, 
and develop interpretable interfaces that translate feature importance into clinical workflows.  
 
Conclusion  
 
This study demonstrates that infants’ preference for human speech, measured through their 
gaze patterns when hearing speech versus other sounds, serves as a powerful early predictor of 
autism risk. Machine learning analysis confirmed that this speech preference outperformed 
traditional developmental measures in identifying infants with higher autistic risk. While later 
language skills and behavioral observations provided valuable insights, the simple act of 
observing whether infants consistently favored listening to people over other sounds proved 
most revealing. This discovery highlights how fundamental auditory social attention is to early 
development, and how its measurement creates new opportunities to identify infants needing 
support, long before clear behavioral symptoms emerge. Combining machine learning with 
speech preference measurements opens new pathways for significant advances in early autism 
risk detection. 
 
Data statement 
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