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ABSTRACT:

The objective of this study is to explore the latent structure of the Q-CHAT-10 by applying latent class
analysis to a sample of toddlers residing in Saudi Arabia. Several model-fit indices were used to identify
the optimal number of classes, and entropy was employed to assess classification clarity (values > 0.80
indicating acceptable separation).

The results revealed the existence of three latent classes corresponding to low-risk, moderate-risk, and
high-risk subgroups. Class 1, the low-risk group, comprises 31% of the sample and is characterized by
low probabilities of autistic traits. Class 2, the largest subgroup (44%), represents the moderate-risk
group and displays moderate probabilities of autistic traits across all items. Class 3, accounting for 25%
of the sample, represents the high-risk group and is marked by consistently high probabilities of autistic
traits.

This study contributes to both health policy and clinical practice by identifying distinct autism risk
subgroups among toddlers. Classifying children into low-, moderate-, and high-risk groups facilitates
early, targeted interventions and more efficient allocation of healthcare resources, potentially reducing
long-term burdens on families and health systems.

Keywords: Autism Spectrum Disorder (ASD); Q-CHAT-10; Latent Class Analysis; Toddlers; Saudi
Arabia.

l. INTRODUCTION

Autism spectrum disorder (ASD), commonly referred to as autism, is a developmental
disability characterized by difficulties in social interaction and communication, along with
repetitive behaviors [1]. In 2021, an estimated 61.8 million individuals globally were affected
by autism, with a 95% confidence interval ranging from 52.1 to 72.7 million. The prevalence
was approximately 1 in 127 to 1 in 100 individuals. The age-standardized prevalence rate
was 788.3 per 100,000 people—1,064.7 per 100,000 among males and 508.1 per 100,000
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among females [2,3]. Children are among the vulnerable groups with global prevalence of
ASD among children is estimated at 0.51% while in Saudi Arabia, the prevalence is almost
three times higher, at 1.33% [4]. Autism can be diagnosed as early as 18 to 24 months of age.
Early diagnosis offers numerous benefits, including the opportunity for timely intervention,
which has been shown to significantly improve developmental outcomes, facilitates access
to appropriate support services, help reducing parental stress and increase the likelihood of
independence in adulthood [5-8].

Several tools are available for the early screening and diagnosis of ASD, among
which the Quantitative Checklist for Autism in Toddlers (Q-CHAT-10) is widely used [8—
10]. Despite its widespread use, the latent structure of the Q-CHAT-10 remains understudied,
particularly in non-English-speaking countries. The scoring practices often assume
unidimensionality and uniform interpretation of items, which may overlook culturally
specific response patterns or latent subgroups of children exhibiting similar symptoms. This
gap limits the tool’s diagnostic precision and hinders efforts to enhance its accuracy based
on local interpretations and contextual understanding.

Latent class analysis (LCA) is a person-centered is statistical methods that used to
identify unobserved subgroups, or latent classes [11-13]. In the context of Q-CHAT-10, LCA
offers valuable insights into the underlying heterogeneity in behavioral symptomatology
among toddlers. In contrast to variable-centered approaches that assume a homogeneous
population, LCA try to detect distinct response profiles that may reflect diverse behavioral
subtypes. Thus, analyzing Q-CHAT-10 data can enhance understanding of its dimensionality
and inform interpretation of screening outcomes.

Therefore, the objective of this study is to investigate the latent structure of the Q-
CHAT-10 using latent class analysis in a sample of toddlers residing in Saudi Arabia.
Specifically, the study aims to answer the following research question: What is the latent
class structure underlying responses to the Q-CHAT-10 among Saudi toddlers, and what are
the characteristics of the identified classes? This inquiry seeks to explore the number, nature,
and interpretability of the latent classes that emerge from the data.

The remainder of this article is structured as follows: Section 2 describes the
methodology, Section 3 presents the results of the LCA, and Section 4 concludes the study
and highlights its limitations.

1. METHODOLOGY

Quantitative Checklist for Autism in Toddlers — 10-item (Q-CHAT-10)

The Q-CHAT-10 (Quantitative Checklist for Autism in Toddlers — 10-item version)
(Figure 1) was developed by Claire Allison and colleagues at the Autism Research Centre,

University of Cambridge, in 2012 [9]. It is a shortened version of the original 25-item Q-
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CHAT, comprising the ten most discriminative items for screening autism in toddlers aged
18-24 months.
The scoring system is as follows:
e Foritems 1to 9, assign 1 point if the response falls within columns C, D, or E;
otherwise, assign 0 points.
e For item 10, assign 1 point if the response falls within columns A, B, or C;
otherwise, assign 0 points.

The total score is calculated by summing the points across all 10 items. A total score
of 3 or higher indicates an elevated likelihood of autism (not a diagnosis), and the child
should be referred for a diagnostic assessment.

Figure 1: Q-CHAT-10 items together with degree of severity of each item
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Latent Class Analysis

Latent class analysis (LCA) is a person-centered statistical method used to identify
subgroups within a population that share common characteristics. These subgroups are
referred to as latent classes [11-14]. To identify these latent classes, LCA analyzes
participants’ responses to categorical indicator variables. LCA equation model the
probability of observing a particular response based on underlying unobserved latent classes.
That is:
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where:

e K isthe number of indicator/observed variables

e ( isthe number of latent classes

® y.,..,YkiS avector of observed indicator variables.

Several model fit indices are commonly used in latent class analysis. Among the
most widely reported are the Akaike Information Criterion (AIC), the Bayesian Information
Criterion (BIC), Sample Size Adjusted Bayesian Information Criteria (SABIC), and entropy
with BIC and SABIC being the most reliable and reported indices compared to AIC [15].
Lower values of AIC and BIC indicate better model fit, while higher entropy values reflect
clearer classification, with an entropy value of 0.8 or above generally considered acceptable
[15].

Data and software

The study relies on publicly available data comprising 506 toddlers. The dataset is
anonymized, ensuring that individual participants cannot be identified (available at:
https://www.kaggle.com/datasets/asdpredictioninsaudi/asd-screening-data-for-toddlers-in-
saudi-arabia ). The sample size satisfies the recommended requirements for conducting latent
class analysis [16].

Jamovi version 2.6, a free and open-source software built on the R programming
language, was used to facilitate data analysis. It includes dedicated modules for conducting
latent class analysis [17-20].

1. RESULTS

Table 1 and Figure 2 depict the model fit and classification clarity measures for
latent class models with a varying number of classes ranging from one to five. All fit indices,
namely, AIC, BIC, SABIC, and CAIC, show a clear improvement as the number of classes
increases from one to three, with the three-class model attaining the lowest values across all
criteria. Beyond three classes, the fit indices begin to increase, suggesting that the three-class
model is the optimal solution. The elbow plot in Figure 1 visually supports these findings,
showing a noticeable decline in fit indices up to the three-class model, followed by a slight
increase. Regarding classification clarity, as measured by entropy, the two-class model
achieves the highest value (0.87), but the three-class model still demonstrates acceptable
classification precision (0.83). Considering both model fit indices and classification clarity,
the three-class model provides the most appropriate balance and appears to be the most
suitable solution.
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Table 1: Model Fit Indices and Measure of Classification Clarity for varying Latent
Class Solution

Number of Model Fit Indices Classification Clarity
Classes Index
AIC IC SABIC CAIC Entropy

1 6962 7004 6972 7014 -

2 5798 5891 5821 5913 0.87

3 5631 5775 5667 5809 0.83

4 5695 5889 5743 5935 0.85

5 5850 6095 5911 6153 0.82

Figure 2: Elbow Plot for Model Fit Indices for Latent Class Solutions with Varying
Numbers of Classes
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The latent class analysis identified three distinct classes of toddlers, each with its
corresponding population share. These classes represent low-risk, moderate-risk, and high-
risk subgroups, each with meaningful and interpretable profiles. Class 1, the low-risk group,
comprises 31% of the sample and is characterized by low probabilities of autistic traits across
all Q-CHAT-10 items, except for item A10, which shows a moderate probability. Class 2,
the largest group at 44%, represents the moderate-risk class, exhibiting moderate
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probabilities of autistic traits across all items. Class 3, accounting for 25% of the sample, is
the high-risk group, characterized by consistently high probabilities of autistic traits across
all items, with moderate probability for item A10 only. These findings highlight the statistical
heterogeneity in the presentation of autistic traits among toddlers and support the existence
of three clearly defined subgroups with varying levels of autism risk (Table 3, Figure 3).

Table 2: Detected classes

Class | Class Profile
Class
share
Class 1 310 Low-risk group characterized by low probabilities of autistic
® | traits across all items, with a moderate probability for item A10
Class 2 44% Moderate—.rlsk group with average probability of autistic traits
across all items.
Class 3 2506 ngh-rlsk group charact?rlzed by high probabl.ll.tles Of.aUtIS'[IC
traits across all items, with a moderate probability for item A10
Figure 3: Profile plot of the 3 classes
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IV. CONCLUSION

The objective of this study is to examine the latent structure of the Q-CHAT-10 using
latent class analysis in a sample of toddlers residing in Saudi Arabia. A total of 506 responses
were analyzed using Jamovi (version 2.6). Based on multiple model fit indices—namely,
AIC, BIC, SABIC, and CAIC—and the classification accuracy index (entropy), the three-
class model was identified as the best-fitting solution, with an entropy value of 0.83,
indicating good class separation.

The three derived classes reflect low-risk, moderate-risk, and high-risk subgroups.
Class 1, the low-risk group, accounts for 31% of the sample and displays low probabilities
of autistic traits across all Q-CHAT-10 items, except for item A10, which shows a moderate
probability. Class 2, the largest subgroup (44%), aligns with the moderate-risk group and
exhibits moderate probabilities of autistic traits across all items. Class 3, which makes up
25% of the sample, forms the high-risk group and is defined by uniformly high probabilities
of autistic traits across all items, with a moderate probability observed only for item A10.
These findings highlight the statistical variability in the manifestation of autistic traits among
toddlers and support the existence of three distinct subgroups with varying levels of autism
risk.

This study contributes to both health policy and clinical practice by identifying
distinct autism risk subgroups among toddlers. The classification into low-, moderate-, and
high-risk groups enables early targeted interventions and more efficient resource allocation,
potentially reducing long-term burdens on families and health systems. Methodologically,
the use of multiple model fit indices strengthens the robustness of the analysis. However, the
study is limited by its reliance on a single screening tool and a region-specific sample, which
may affect the generalizability of the findings.
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