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Language impairment is a common comorbidity in children with autism spectrum disorder (ASD), and language
proficiency assessment is a primary method for identifying such impairments. However, traditional assessment
tools are often subjective and inefficient, while existing computer-assisted methods are limited by a narrow fo-
cus and insufficient use of natural language samples. To address these issues, this study proposes a framework
for assessing children’s language abilities based on large language models (LLMs). We first preprocess the natu-
ral language samples from children and design multiple assessment dimensions and workflows. To enhance the
stability of the assessment, we introduce a multi-expert voting mechanism and perform a comparative analy-
sis of various large language models’ performance. The experimental results demonstrate a strong correlation
between the framework’s assessment results and the Mullen Scales of Early Learning (MSEL) verbal developmen-
tal quotients, with a Pearson correlation coefficient of 0.8 (p < 0.001). Furthermore, the results show that the
multi-dimensional evaluation can accurately differentiate between ASD and typically developing (TD) children,
achieving a classification accuracy of 0.98. These findings suggest that the proposed framework has significant
potential for improving the accuracy of ASD identification.

1. Introduction

Language disorder refers to a condition where a child’s language
comprehension and expression are significantly below the language
level of their peers (Liu, 2019). This disorder is prevalent among chil-
dren with autism spectrum disorder (ASD) and is the primary reason for
the initial medical consultation in over 80 % of children with ASD (Wen-
qian, 2018). Research indicates that 25-35% of individuals with ASD
exhibit minimal speech production, and even individuals with ASD who
have basic verbal communication skills often exhibit syntactic deficits
(Boucher, 2012; Rose et al., 2016). These abnormal features of language
disorders provide important clues for the screening and diagnosis of chil-
dren with ASD. Therefore, early detection of language disorders creates
favorable conditions for early identification and intervention for chil-
dren with ASD.

Language proficiency assessment plays a key role as one of the main
methods to detect language disorders. Traditional language proficiency
assessments rely on clinical assessment scales, questionnaires, and struc-
tured interviews. Whereas these methods provide direct assessments of
language ability, the process relies on professional analysis, which can
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be both subjective and time-consuming. In recent years, to enhance the
objectivity and efficiency of language proficiency assessment, numerous
researchers have begun exploring innovative approaches that incorpo-
rate machine learning techniques. For example, the LENA (Language En-
vironment Analysis) system (Gilkerson & Richards, 2008) analyzes chil-
dren’s vocal behaviors using automatic speech processing technologies
and is widely used to quantify both language input and output. Other
approaches include online multimedia language assessment systems (Li
et al., 2025), automated classification methods for language ability that
combine automatic speech recognition with neural networks (Gretter
etal., 2019), and end-to-end frameworks for scoring expressive language
(Gale et al., 2020). In recent years, large language models (LLMs) have
emerged as transformative technologies in the assessment of children’s
language and developmental abilities, demonstrating promising poten-
tial. Existing studies have employed LLMs to predict children’s language
development stages (Feng et al., 2024) and to assess multidimensional
abilities such as cognition, social interaction, and emotional develop-
ment (Yang et al., 2025), highlighting the broad applicability of LLMs
in this domain. Despite the progress made in automating language as-
sessments, several challenges persist: (1) most current approaches rely
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on structured tasks, which often fail to accurately reflect children’s lan-
guage abilities in naturalistic settings; and (2) comprehensive evalua-
tions of broader language skills—including comprehension, expression,
communication, and other areas—remain insufficient.

To address these issues, this study proposes an LLM-based frame-
work for assessing language abilities in children with ASD. First, we use
speaker identification and automatic speech recognition (ASR) technolo-
gies to transcribe audio from child-parent conversations into natural lan-
guage text. Based on existing research, assessment tools, and diagnostic
standards, we design four language evaluation dimensions. A standard-
ized workflow is established to ensure consistency and efficiency, and
we create a dedicated prompt to guide the evaluation process with large
language models. Next, to enhance accuracy and stability, we introduce
a multi-expert voting mechanism. We experimentally compare the per-
formance of different LLMs. A correlation analysis between the model’s
results and the Mullen Scales of Early Learning (MSEL) Verbal Develop-
mental Quotients (VDQ) shows a strong positive correlation. Addition-
ally, we use the eXtreme Gradient Boosting (XGBoost) classifier to verify
how well the multidimensional evaluation distinguishes children with
ASD from typically developing (TD) children. The results demonstrate
high classification accuracy. The primary contributions of this study are
summarized as follows:

* We propose a framework for assessing the language abilities of chil-
dren with ASD based on LLMs. This framework enables multidimen-
sional evaluation through the analysis of natural language samples,
improving efficiency and reducing subjectivity.

e We design four language assessment dimensions that cover key as-
pects of language development in children with ASD. Addition-
ally, we establish a standardized workflow and create high-quality
prompts to to guide LLMs in the evaluation.

e To enhance the stability of the assessment, we introduce a multi-
expert voting mechanism to mitigate bias in individual evaluation
results. Moreover, by comparing multiple LLMs, we demonstrate a
high correlation between the framework’s evaluation results and the
MSEL. Combined with an XGBoost classification model, the frame-
work accurately distinguishes between children with ASD and TD,
further validating its effectiveness.

The remainder of the paper is organized as follows: Section 2 re-
views the related work. Section 3 details the proposed framework.
Section 4 presents the experimentation on multi-dimensional language
proficiency assessment. Section 5 reports the experimentation on child
classification. Finally, Section 6 provides the discussion and conclusion.

2. Related work
2.1. Traditional language assessment methods

Traditional language ability assessments typically rely on clinical as-
sessment scales, questionnaires, and structured interviews. The MSEL
(Mullen et al., 1995) is one of the standardized tools commonly used
to assess children’s language and cognitive development. It is suitable
for children from birth to 68 months of age and covers multiple devel-
opmental domains, including receptive and expressive language. Each
domain includes graded descriptions: NA, very low, below average, av-
erage, above average, and very high. In this study, the MSEL Verbal De-
velopmental Quotient is used as a core reference standard to validate the
effectiveness of the intelligent language assessment approach. In addi-
tion to the MSEL, other commonly used tools for assessing children’s lan-
guage development include: the Early Language Milestone Scale (ELMS)
(Coplan, 2005), the Peabody Picture Vocabulary Test (PPVT) (Dunn &
Dunn, 2019), the Clinical Evaluation of Language Fundamentals (CELF)
(Wiig et al., 2013), the Chinese Communicative Development Invento-
ries (CCDI) (Tardif & Fletcher, 2008), and the Language Development
Survey (LDS) (Rescorla, 1989). Among them, the ELMS is designed for
infants and toddlers aged O to 36 months, assessing auditory receptive,
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visual language, and auditory expressive abilities. The PPVT evaluates
receptive vocabulary skills for individuals aged 2.5 years and older. The
CELF is applicable to children across different age groups and is designed
to provide a comprehensive assessment of their development in multiple
dimensions, including language comprehension, expression, and prag-
matics. The CCDI are parent-report tools designed to assess language
comprehension, expression, and nonverbal communication in infants
aged 8 to 30 months, while the LDS relies on parent reports to assess vo-
cabulary and early language development in young children. Although
these tools are widely used and valuable for assessing children’s lan-
guage development, they often rely on trained professionals for admin-
istration, which introduces challenges such as high subjectivity and low
efficiency.

2.2. Intelligent language assessment methods

To overcome the limitations of traditional assessment methods, re-
searchers have begun exploring intelligent approaches to language eval-
uation. The LENA records children’s natural language using wearable
devices and employs automatic speech recognition and signal processing
techniques to extract key indicators such as adult word count, child vo-
calization frequency, and conversational turns. Studies have shown that
these LENA-derived metrics are moderately and consistently correlated
with children’s language development levels (Nadwodny et al., 2025;
Wang et al., 2020). Furthermore, by leveraging phoneme modeling and
age-based regression methods, LENA can reasonably accurately predict
expressive language abilities (Richards et al., 2017), providing effective
support for language screening and intervention monitoring. However,
LENA primarily focuses on quantitative aspects of the language environ-
ment and has limited capacity to assess complex language abilities. To
address this, Lin et al. developed an online multimedia language assess-
ment system encompassing six types of language tasks under auditory
and visual stimuli (Lin et al., 2013). The results demonstrated good psy-
chometric properties, including both reliability and validity. Gretter et
al. combined multilingual speech recognition with feedforward neural
networks to construct an automated language proficiency classification
system, which offers high efficiency and strong scalability (Gretter et al.,
2019). Gale et al. proposed an end-to-end framework that integrates
adaptive ASR with machine learning to automatically score expressive
language (Gale et al., 2020). More recently, Nnamoko et al. applied the
Word2Vec model to automatically score the vocabulary subtest of the
WASI-II, highlighting the potential of word embedding techniques in the
automation of language assessment (Nnamoko et al., 2024).

In recent years, the application of LLMs in medical sciences has ex-
panded rapidly, with research across multiple disciplines confirming
their value (Ayers et al., 2023; Caruccio et al., 2024; Kraljevic et al.,
2022; Ouyang et al., 2024; Yeo et al., 2023). In the field of child lan-
guage and developmental assessment, exploration of LLM applications
has also gradually commenced. Feng et al. applied LLMs to conver-
sational analysis of children with autism, demonstrating good perfor-
mance in predicting language developmental stages and providing new
insights for clinical auxiliary diagnosis (Feng et al., 2024). Li et al. vali-
dated the potential of LLMs in early screening of childhood language dis-
orders and pronunciation error identification based on phoneme-level
automatic scoring and feedback (Li et al., 2025). A recent study (2025)
indicates that utilizing LLMs to analyze children’s self-reported experi-
ences during free play scenarios can effectively assess their multidimen-
sional capabilities in cognitive, motor, social, and emotional domains,
highlighting the broad application value of LLMs in child developmental
assessment (Yang et al., 2025). Nevertheless, existing studies have yet to
systematically evaluate the multidimensional language abilities of chil-
dren with ASD. To address this gap, this study proposes an LLM-based as-
sessment framework specifically designed for children with ASD, aiming
to more comprehensively identify the characteristics of their language
impairments and to further explore the potential of LLMs in supporting
the identification and intervention of language disorders.
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Fig. 1. The framework for language proficiency assessment. The left side illustrates the dataset, preprocessing, and other modules involved in constructing the
prompt, including role-playing, evaluation dimensions, and workflow. The central part presents the specific prompts that are designed as part of our evaluation
framework, while the right side showcases various large language models (LLMs) and the multi-expert voting mechanism.

3. Method

This chapter provides a detailed explanation of the evaluation frame-
work(as shown in Fig. 1) and its key steps in this study. First, an in-
depth analysis of the dataset and its preprocessing methods is pre-
sented(see Section 3.1). Next, the specific content of the prompts de-
signed for this study is introduced, along with complete examples (see
Section 3.2). Finally, the chapter elaborates on the various LLMs em-
ployed and the multi-expert voting mechanism utilized in this research
(see Section 3.3).

3.1. Dataset and preprocessing

3.1.1. The dataset

This study was reviewed and approved by the Human Research
Protection Committee of East China Normal University (HR706-2022).
Prior to the commencement of the study, we obtained written in-
formed consent from all children’s parents. The consent form detailed
the study’s objectives, procedures, and data security measures, ensuring
parents were fully informed before agreeing to participate. A total of 79
Mandarin-speaking Chinese children, aged 2 to 6 years, participated in
the study, including 29 children with TD, 21 children with developmen-
tal disorder(DD), and 29 children with ASD. All children are profession-
ally diagnosed by developmental-behavioral pediatricians. Children in
the ASD group receive positive results on both the Childhood Autism
Rating Scale (CARS) (Schopler et al., 2010) and the Autism Behavior
Checklist (ABC) (DA, 1978). Children in both the DD and TD groups
show negative results on the CARS and ABC assessments. The TD group
demonstrates age-appropriate developmental outcomes without any in-
dicators of developmental delay or ASD. Additionally, professionals ad-
minister the MSEL to all three groups. The demographic information
and clinical symptom indicators of participants are presented in Table 1.
To further analyze between-group differences in MSEL VDQ, Table 2 is
added. Since Table 1 reveals unequal variances in MSEL VDQ across

Table 1

Participants’ Demographic and Symptom Variables Across Groups. VDQ: Ver-
bal Developmental Quotient, ADOS-2: Autism Diagnostic Observation Sched-
ule Second Edition, SA: social affect, RRB: restricted or repetitive behavior, M:
mean, SD: standard deviation, CV: Coefficient of Variation.

Group Measure M + SD Variance cv
TD (n =29) MSEL (VDQ) 108.12 + 12.58 158.17 0.12
DD (n=21) MSEL (VDQ) 50.96 +22.58 510.01 0.44
MSEL (VDQ) 35.31 +£20.97 439.62 0.59
ABC 5276 +24.95 - -
CARS 30.55 + 6.65 - -
ASD (= =29) ADOS-2 (SA) 16,17 +3.32 - -
ADOS-2 (RRB) 321 +181 - -
ADOS-2 (SA+RRB) 19.38 +3.85 - -

Table 2

Group Comparisons of MSEL VDQ Using Welch’s ANOVA.
F indicates the magnitude of group differences; p reflects
statistical significance (p < 0.05 is typically considered sig-
nificant); * denotes effect size, representing the proportion
of total variance explained by group membership.

Comparison F D n

ASD vs DD vs TD 146.05 <0.001 0.75
ASD vs DD 5.94 <0.05 0.11
ASD vs TD 248.28 <0.001 0.82
DD vs TD 104.90 <0.001 0.72

the three groups of children, Welch’s ANOVA is employed in Table 2 to
ensure accurate between-group difference analysis.

To assess children’s language abilities in naturalistic settings, we
record 79 parent-child dyads during 15 min free play sessions in a lab-
oratory environment. The total duration of these recordings is approxi-
mately 1185 min. To facilitate natural interactions during these sessions,
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we provide age-appropriate toys for the children, such as small toy cars,
cooking sets, bubbles, picture books, balls, and crayons. In our analy-
sis of these audio recordings, we focus on minutes 3 through 13. This
selection is made to avoid periods where the child may be silent at the
beginning or fatigued towards the end. To ensure the integrity of the
dialogues, we adopt a flexible strategy: if key conversations cross the
boundaries of this time period, we adjust the starting and ending points
of the analysis accordingly.

3.1.2. Dialogue preprocessing

Given that LLMs can efficiently process and generate diverse textual
content, data preprocessing is required before evaluation. As shown in
Fig. 1(®, we use the open-source speech recognition model Paraformer-
large (Gao et al., 2022) to transcribe the recorded audio, generating
corresponding text and timestamps. Additionally, speech segments from
both the child and the parent are extracted from the audio as samples.
The speaker identification model ERes2Net (Chen et al., 2023a) is then
used to determine the speaker for each segment, enabling accurate sep-
aration of the child’s and parent’s speech.

Since children’s speech is still in the developmental stage and of-
ten exhibits unique phonetic characteristics, the accuracy of automatic
transcription is generally low. Frequent transcription errors may affect
the accuracy of language ability assessments based on LLMs. To address
this issue, we enlisted two experts to manually calibrate the automat-
ically transcribed text to ensure its accuracy. Finally, to protect user
privacy, we have implemented strict anonymization measures for sen-
sitive information about children and parents, including their names,
home addresses, and phone numbers.

3.2. Prompt design for child language assessment

The prompt design employs Markdown formatting to establish clear
hierarchical relationships that enhance model comprehension (OpenAl,
2025). To facilitate systematic reasoning, we implement the Chain-of-
Thought (CoT) paradigm, which guides the model through step-by-step
analytical processes (Wei et al., 2022). Additionally, we incorporate
a role-playing mechanism that enables the LLM to act as an expert in
assessing children’s language abilities (Chen et al., 2024; Tseng et al.,
2024; Tu et al., 2024; White et al., 2023). The system outputs results in
JSON format to streamline automated parsing and subsequent process-
ing. The implementation details of these components are elaborated in
the subsequent sections.

3.2.1. Role-playing

Research has shown that assigning specific roles to LLMs can signifi-
cantly enhance their understanding of specialized domains (Kong et al.,
2024; Shanahan et al., 2023; Shao et al., 2023; Tseng et al., 2024; Wu
et al., 2024). In this study, to improve the application of LLMs in ana-
lyzing children’s conversational content, we have defined a specific role
for the model. As illustrated in Fig. 1), we position the model as an
expert in the field of child language development. This expert special-
izes in evaluating children’s language abilities by analyzing parent-child
dialogues in free play scenarios.

3.2.2. Assessment dimensions

As shown in Fig. 1), this study assesses language abilities across
four core dimensions: language comprehension, vocabulary compe-
tence, logical expression, and communication skills. These dimensions
were developed through a comprehensive process involving systematic
literature review, expert consultation, and multi-round collaborative
discussions among all authors. The corresponding author is a profes-
sor of speech-hearing rehabilitation science, the first author is a doc-
toral student in intelligent education, the second author is a postdoc-
toral researcher in speech and hearing rehabilitation science, and the
third author is an associate professor in computer science and technol-
ogy. Table 3 presents the specific scope of each dimension as finalized
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through this collaborative process. The following provides a detailed
explanation of the theoretical foundations and practical basis for each
assessment dimension.

Language comprehension: Children with ASD experience significant
difficulties in language comprehension, primarily characterized by chal-
lenges in understanding semantics, deviating from the conversation
topic, and improper use of pronouns (Liu, 2019; Zhou et al., 2023). Re-
search indicates that these children typically understand language at a
literal level, struggling to grasp deeper meanings from context (Happé
& Frith, 2006). For instance, they often have difficulty with abstract
concepts or rhetorical devices, such as metaphors (Su & Naigles, 2020).
Additionally, children with ASD frequently provide off-topic answers,
misunderstanding the intent of the question or straying from the con-
versation (Geurts & Embrechts, 2008). They also commonly struggle
with distinguishing and using pronouns (e.g., ‘you,’ ‘I,’ ‘he,’ etc.) (Gerns-
bacher et al., 2016). The Diagnostic and Statistical Manual of Mental
Disorders (DSM-5) notes that language deficits in individuals with ASD
can range from a complete lack of language to significant impairments
in understanding complex semantics and syntax.

Vocabulary competence: This dimension aims to assess the ability
of children with ASD to understand, acquire, and use vocabulary. Re-
search has shown that children with ASD often exhibit language stereo-
typy, such as the repetitive use of the same words or phrases and im-
itation of parental speech (Shield et al., 2017). In terms of vocabu-
lary acquisition, Wang Bijun et al. found that children with ASD pos-
sess a significantly smaller total vocabulary compared to children with
TD. They also show marked deficits in the use of verbs, adjectives,
and function words (e.g., pronouns and prepositions). Moreover, chil-
dren with ASD tend to repeatedly use high-frequency words, indicating
limited lexical diversity (Wang et al., 2017). Additionally, the DSM-5
notes that individuals with ASD often display stereotyped or repetitive
speech patterns, including imitative language and idiosyncratic phrases.
Based on these research findings and diagnostic criteria, we have devel-
oped a vocabulary assessment dimension specifically for children with
ASD.

Logical expression: This dimension focuses on assessing the expres-
sion abilities of children with ASD. Comparative studies of language
abilities between children with ASD and TD peers have consistently
demonstrated that children with ASD show marked deficits in syntactic
expression and language organization (Yi et al., 2020). These difficul-
ties are often reflected in the use of contextually inappropriate vocabu-
lary, overly simplistic or incorrect grammatical structures, and disorga-
nized or illogical information flow (Boucher, 2012; Eigsti et al., 2007;
Geurts & Embrechts, 2008). The CELF includes subtests related to com-
plex syntax and logical expression, which serve as important references
for the development of evaluation criteria in this dimension. Drawing
on these findings, this dimension primarily targets language organiza-
tion and narrative skills, with an emphasis on identifying syntactic im-
pairments and difficulties in coherent expression among children with
ASD.

Communication skills: The DSM-5 diagnostic criteria for ASD state
that individuals with ASD have significant deficits in social interactions,
such as an inability to engage in normal conversations, a reduced inter-
est in sharing, or a lack of response to social interactions. The Autism Di-
agnostic Interview-Revised (ADI-R) (Rutter et al., 2003) evaluates chil-
dren’s communication skills through a structured interview with par-
ents, providing important reference for assessment dimension design.
Research has found that children with ASD often struggle with initiating
conversations, responding appropriately, taking turns, repairing, and
terminating conversations based on the context (MA et al., 2019; Zhao
et al., 2021). Based on these research findings and clinical tools, this as-
sessment focuses on key aspects of language use in social interactions, in-
cluding communicative initiation, conversational turn-taking, and prag-
matic functioning, aiming to comprehensively capture the unique pat-
terns and potential obstacles in social communication for children with
ASD.



S. Qin et al.

Table 3
Assessment dimensions and scopes.
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Assessment dimensions Scope of assessment

Language Comprehension

« Whether there are semantic comprehension difficulties (e.g., difficulty understanding literal meanings, grasping contextual

meanings, comprehending abstract concepts, or interpreting figurative language and other rhetorical devices);
» Whether irrelevant or off-topic responses occur (e.g., topic deviation, misinterpretation of questions);
« Whether there is difficulty in differentiating personal pronouns (e.g., confusion in the use of ‘you,” ‘I, and ‘he/she.’)

Vocabulary Competence

» Whether the individual has mastered and can use common or comprehensible vocabulary;

« Whether there is repetitive use of the same words, phrases, or short sentences;
« Whether there are multiple occurrences of repeating parents’ utterances;
» Whether novel or invented words or phrases are used in expression.

Logical Expression

« Whether there is disordered use of words (e.g., uttering statements irrelevant to the current context);

« Whether difficulties in information organization are present (e.g., lack of coherence between sentences, overly simplistic
grammar, errors in grammatical structure, lack of logical consistency and coherence in expression).

Communication Skills

« Whether the individual can initiate, respond to, take turns in, and terminate conversations;

« Whether communication difficulties are present (e.g., poor ability to introduce and maintain topics, inability to communicate

effectively in specific contexts);
« Whether instances of soliloquy occur;
« Whether there is frequent topic switching;

» Whether a tendency to focus solely on topics of personal interest occurs.

(4 N
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# # # Dialogue Content

Adult: It looks like a paintbrush.
Child: Is it for my brother to ......?

# # Workflow
Step | ===p Step 2 mmmp Step 3 mmmp Step 4

Please follow the [## Workflow] and carefully execute each

N /

Fig. 2. Prompt example.

3.2.3. Workflow

To ensure that LLMs effectively assess the language abilities of chil-
dren with ASD, the key focus is on designing a structured workflow to
guide the evaluation process. Based on LLM role-playing, assessment di-
mensions, children’s information, and parent-child dialogue content, we
develop a workflow that mainly includes the following steps.

e Step 1: Understanding Assessment Dimensions. The LLM thoroughly
analyzes and comprehends the four core assessment dimensions and
their respective evaluation criteria.

e Step 2: Establishing Evaluation Standards. Based on the understand-
ing gained in Step 1, the LLM incorporates children’s information,
such as gender and age, to determine tailored evaluation standards
for each dimension.

e Step 3: Conducting Dimensional Analysis. Using the evaluation stan-
dards defined in Step 2, the LLM analyzes the dialogue content be-

tween the child and their parent. It assigns a reasonable grade for
the child’s language development in each dimension and provides
detailed reasoning for the assigned grades.

o Step 4: Aggregating Results. The LLM consolidates the assessment
results into a JSON format, using the assessment dimensions as keys
and the corresponding grades as values.

The complete prompt, using an example of a child with TD, is shown
in Fig. 2.

3.3. LLMs assessment

3.3.1. LLMs

This study selects LLMs based on the following criteria: support for
fine-tuning, open-source status, support for Chinese tasks, and com-
mercial availability. Based on these standards, the models selected in-
clude ChatGPT (OpenAl, 2024a), Qwen (Yang et al., 2024), DeepSeek
(DeepSeek-Al, 2024), ChatGLM (GLM et al., 2024), Yi (L. et al., 2024),
ERNIE, and Doubao. Additionally, considering application costs, we
also compared versions of some models with different parameter sizes.
Table 4 lists the models used in this study along with their key char-
acteristics, including model name, parameter size, open-source status,
etc. For models with undisclosed parameter sizes, a“-” is used in the
table.

3.3.2. Multi-expert voting mechanism

We employ the multi-expert voting mechanism (as illustrated on the
right side of Fig. 1) to enhance the accuracy and robustness of evaluating
children’s language abilities. Each large language model functions as an
expert, independently assessing the performance of children’s language
samples. The final evaluation result for each child is derived through
the weighted aggregation of scores from multiple experts. Specifically,
let the outputs from the experts be y;, ys, ..., y,, with corresponding
weights w;, w,, ..., w,. The final output is computed as the weighted
average of these scores:

n
Yfinal = Z wj -y (@)

i=1

Here, y; represents the prediction result of the i-th expert, w; repre-
sents the weight of the i-th expert, n is the number of experts, 3 w; = 1,
and yg,. is the final voting result. In this study, we assume that each
expert has the same weight.
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Table 4
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Characteristics of the LLMs used in this study. The symbol “-” indicates that this particular information has not been disclosed.

Model Model sizes Hyperpa-rameter tuning Open source Support for Chinese tasks Commer-cial availability
(Y/N) (Y/N) (Y/N) (Y/N)
GPT40 - N N Y Y
Doubao-Pro-32k - Y N Y Y
ERNIE-Speed-8K - Y N Y Y
ERNIE-Lite-8K - Y N Y Y
DeepSeek-V2-Chat 236B Y Y Y Y
Qwen2-72B-Instruct 72B Y Y Y Y
Qwen2-57B-A14B-Instruct 57B Y Y Y Y
Yi-1.5-34B-Chat 34B Y Y Y Y
GLM-4-9B-Chat 9B Y Y Y Y

4. Experimentation on multi-dimensional language proficiency
assessment

This section primarily introduces the children’s language profi-
ciency assessment experiment. It first provides a detailed description
of the experimental setup (see Section 4.1) and evaluation metrics (see
Section 4.2). Then, it presents an in-depth analysis of the performance
of different LLMs in understanding and following instructions, as well as
analyzing dialogue content, to gain a better understanding of the mod-
els’ performance in the evaluation task (see Section 4.3). Furthermore,
a correlation analysis between the model evaluation results and MSEL
verbal developmental quotients is conducted to further validate the ef-
fectiveness of this study (see Section 4.4).

4.1. Experimental setup

In the experiment, we focus on and adjust three parameters rop_p,
temperature, and number of experts. top_p and temperature are commonly
used parameters in text generation tasks to control the randomness and
diversity of model outputs. Specifically, the top_p (typically ranging from
0 to 1) controls the size of the candidate set considered when selecting
the next token. Formally, it can be represented as follows:

k
Phipa) = arg max <z pi> @
i=1

Among them, p; denotes the probability of each candidate outcome,
Zf.‘:] p; < top_p, and top_p represents the selected probability threshold.
The temperature regulates the degree of randomness in the model’s
prediction of the next token. Formally, it can be represented as

follows:
exp < log(f;fw, ) )

Pw;|T) = ———F 2~ 3)
0g(P()))
% e"p( 7 )

Where P(w;) is the original probability of the word w;, and T is the
temperature. The function exp(-) denotes the exponential function, and
log is the logarithm. The symbols w; and w; represent the current word
being considered and all possible candidate words, respectively.

The number of experts is a parameter that we introduce in the multi-
expert voting mechanism (see Section 3.3.2 for details). To investigate
the impact of these three parameters on the stability of the results, we
conduct five comparative experiments on each model. Fig. 3 illustrates
the trend in these models’ results as the parameters change.

Each subfigure in Fig. 3 represents the results of one model. The hor-
izontal axis indicates the number of experts participating in the evalua-
tion, whereas the vertical axis reflects the standard deviation of five as-
sessments, quantifying the dispersion of scores. Fig. 3(a)-(f) display the
evaluation results for Qwen2-72B-Instruct, Qwen2-57B-A14B-Instruct,
Yi-1.5-34B-Chat, ERNIE-Speed-8K, ERNIE-Lite-8K, and GLM-4-9B-Chat,
respectively. Each graph contains 15 lines, each representing a unique
combination of top_p (values: 0.5, 0.75, 1.0) and temperature (values:
0.1, 0.3, 0.5, 0.75, 1.0) parameters for that model. Fig. 3(g)-(i) present

the evaluation results for GPT40, Doubao-Pro-32k, and DeepSeek-V2-
Chat, respectively. GPT4o and Doubao-Pro-32k are closed-source mod-
els with high costs associated with using their official APIs, whereas
DeepSeek-V2-Chat requires substantial computational resources that ex-
ceed our deployment capabilities. Consequently, for these three models,
this study only tests the trend of model stability with varying numbers
of experts under the fixed settings of rop_p=1.0 and temperature=1.0.

The results reveal a significant impact of expert count on assessment
stability. Across all models, with fixed top_p and temperature, the stan-
dard deviation demonstrates a decreasing trend as the number of experts
increases. As shown in Fig. 3(g), the GPT40 model, with rop_p set to
1.0 and temperature to 1.0, shows a remarkable 60 % reduction in stan-
dard deviation from approximately 7.3 with one expert to 3.0 with six
experts. This nonlinear downward trend is consistent across all mod-
els, with the most pronounced decrease observed when increasing the
number of experts from one to four. For example, as shown in Fig. 3(c),
the Yi-1.5-34B-Chat model, under the same parameter settings, also
demonstrates this trend, with its standard deviation decreasing from
approximately 9.7 with one expert to about 4.9 with four experts, af-
ter which the rate of decline slows significantly. These findings indicate
that while increasing the number of experts substantially enhances as-
sessment stability, there is a diminishing marginal effect.

The rop_p and temperature settings have equally significant effects on
stability. As shown in Fig. 3(a), taking the Qwen2-72B-Instruct model as
an example, when top-p is set to 0.5 and temperature to 0.1, the standard
deviation for evaluations by six experts is approximately 2.2, whereas it
increases to about 3.3 when top-p is 1.0 and temperature is 1.0. Under the
same conditions, ERNIE-Speed-8K’s standard deviation increases from
about 1.8 to about 5.8. This tendency is also prevalent in other models.
This phenomenon suggests that lower top_p and temperature values tend
to produce more stable assessment results.

As shown in Fig. 3, comparing the results of the four open-source
models (Qwen2-72B-Instruct, Qwen2-57B-A14B-Instruct, Yi-1.5-34B-
Chat, and GLM-4-9B-Chat) reveals that Qwen2-72B-Instruct exhibits the
most stable performance. Even with parameter settings of top_p=1.0 and
temperature=1.0, its standard deviation in the 6-expert assessment is
only about 3.3. In contrast, under the same conditions, the standard de-
viations of other models are as follows: Qwen2-57B-A14B-Instruct has
a standard deviation of about 5.8, Yi-1.5-34B-Chat’s standard deviation
is approximately 4.1, and GLM-4-9B-Chat reaches approximately 5.2.

In order to quantify the stability of the assessment, we set a stabil-
ity threshold based on the scoring mechanism of the model assessment
(see Section 4.2 for details). Considering that the minimum score differ-
ence between different language proficiency levels is 3.75, we define a
standard deviation of less than 3.75 as an acceptable level of stability.
The application of this threshold helps us to objectively judge the reli-
ability of the assessment results under different model and parameter
settings. Based on the set standard deviation threshold, we identify the
models and their parameter settings that satisfy the stability require-
ment. Specifically, Qwen2-72B-Instruct meets the stability requirement
for all parameter combinations when the number of experts is four or
more. Other models, such as ERNIE-Speed-8K, satisfy the requirement
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Fig. 3. Performance trends of nine LLMs under different evaluation conditions. The horizontal axis shows the number of experts participating in the evaluation, and
the vertical axis represents the standard deviation across five assessments. Fig. 3(a)—(f) each contain 15 curves, with each curve representing a unique combination of
top_p values (0.5, 0.75, 1.0), denoted as Topp, and temperature settings (0.1, 0.3, 0.5, 0.75, 1.0), denoted as T. Fig. 3(g)-(i) show only one curve per graph, illustrating

the results under fixed parameters of Topp=1.0 and T=1.0.

only at lower rop_p and temperature values and with more experts. It is
worth noting that although the standard deviation of DeepSeek-V2-Chat
decreases as the number of experts increases, it never reaches the preset
threshold of acceptability within the tested range, and thus its evalua-
tion results are not used in the subsequent experiments in this paper.

4.2. Evaluation metrics

To quantify the results of the LLMs assessment, a numerical map-
ping method is developed in this study. The method is based on four es-
tablished assessment dimensions and five proficiency levels, converting
level assessments into numerical representations. Considering children’s
language development, we set the range of the total score for the LLMs
language ability assessment to 0-150, which aligns with the observation
that the MSEL VDQ of children typically do not exceed 150. Based on
the maximum total score of 150, we employ the following method to
distribute scores across dimensions and levels: First, the total score is
equally distributed among the four assessment dimensions, with a max-
imum score of 37.5 for each dimension. Second, within each dimension,

we use arithmetic progression to assign scores to the five levels as fol-
lows: excellent (37.5), good (30), fair (22.5), poor (15), and very poor
(7.5). The design of these five levels references the graded descriptions
of language comprehension and language expression from the MSEL and
is validated through expert review to ensure the scientific rigor and ap-
plicability of the scoring criteria.

The workflow of the framework proposed in this paper is clearly
defined in Section 3.2.3. However, through the analysis of the experi-
mental results, we find significant differences among various LLMs in
terms of performance and adherence to instructions. Some models do
not strictly adhere to our predetermined format in returning evaluation
grades. Through statistical analysis, we identify three special cases and
formulate corresponding treatment strategies:

* Ratings Between Two adjacent Grades: Certain LLMs, following the
prompt instructions, provide ratings such as “poor to fair,” “fair to
average,” “average to good,” or “good to excellent.” For these eval-
uations spanning two grades, we assign a score equal to the mean of

the two grade values.
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e Unevaluable Instances: In some cases, LLMs follow the prompt but
responded with “unable to evaluate.” For these instances, we assign
a score of 0.

¢ Responses Irrelevant to the Task: In some instances, LLMs completely
disregard the prompt instructions, providing content entirely unre-
lated to the task. In these cases, we implement a more stringent pro-
tocol: we repeat the request five times. If the model consistently fails
to execute the instructions, we exclude that sample from subsequent
evaluation tasks for all models.

To validate the effectiveness of our language assessment framework,
we conduct a correlation analysis comparing the model evaluation re-
sults with the MSEL verbal developmental quotients. We calculate the
Pearson correlation coefficient (r) and the corresponding p-value to
quantify the degree of association between these two sets of results and
its statistical significance. The Pearson correlation coefficient measures
the strength and direction of the linear relationship between two vari-
ables, with values ranging from -1 to 1. An r value close to 1 indicates
a strong positive linear relationship, whereas an r value close to -1 indi-
cates a strong negative linear relationship. An r value around 0 suggests
no linear correlation. The p-value assesses the statistical significance of
the observed correlation, with a p-value less than 0.05 typically consid-
ered statistically significant.

4.3. The analysis of evaluation results

This section explores the specific performance of LLMs in the lan-
guage assessment task. To guide LLMs in dialogue analysis and result
generation, we clearly outline key information within the prompt, such
as evaluation dimensions, scope, and workflow. However, despite pro-
viding detailed instructions, we observe significant performance differ-
ences across models in executing this task. These differences mainly
appear in two areas: 1) understanding and following instructions; 2)
analysis of dialogue content.

4.3.1. Understanding and following instructions

A comprehensive analysis of the output results from LLMs re-
veals significant disparities in their ability to understand instructions.
Specifically, Doubao-Pro-32k, ERNIE-Speed-8K, ERNIE-Lite-8K, GLM-4-
9B-Chat, Yi-1.5-34B-Chat, and Qwen2-57B-A14B-Instruct show varying
limitations in comprehending the provided prompt. The prompt encom-
passes multiple evaluation dimensions and detailed assessment scope,
requiring the LLMs to conduct reasoned analysis and generate eval-
uation results based on a thorough understanding of these elements.
However, these models demonstrate deficiencies in grasping critical in-
formation. For instance, in understanding the evaluation dimension of
vocabulary competence, models such as ERNIE-Speed-8K, ERNIE-Lite-
8K, GLM-4-9B-Chat, Yi-1.5-34B-Chat, and Qwen2-57B-A14B-Instruct er-
roneously interpret repeated phrase usage, echoing the parent’s words,
or word fabrication as indicators of stronger language skills. This misin-
terpretation persists despite the prompt explicitly annotating these be-
haviors as indicative of limited linguistic ability. Doubao-Pro-32k oc-
casionally exhibits similar misunderstandings in understanding instruc-
tions. In contrast, GPT40 and Qwen2-72B-Instruct demonstrate a better
comprehension of the prompt.

In terms of following instructions, ERNIE-Speed-8K and ERNIE-Lite-
8K show notable deficiencies. The prompt explicitly requires the final
output to include JSON-formatted rating results; however, these mod-
els frequently produce ambiguous cross-level evaluations (e.g., “average
to good”) or inaccurate assessment outcomes. They occasionally fail to
generate the requisite JSON-formatted rating results. Aside from these
models, all others perform well in following instructions.

4.3.2. Analysis of dialogue content
In the natural language samples utilized in this study, some chil-
dren’s linguistic output is relatively limited, presenting a significant
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challenge to the analytical capabilities of LLMs. When evaluating these
children’s language abilities, models such as Qwen2-57B-A14B-Instruct,
ERNIE-Speed-8K, ERNIE-Lite-8K, GLM-4-9B-Chat, and Yi-1.5-34B-Chat
exhibit varying degrees of limitations, often providing overly optimistic
assessments (Figs. A.1-A.4 present a set of comparative examples of
assessment results for children with ASD who fit the above-described
situations). For instance, in cases where children only occasionally
produce vocalizations such as “hmm,” “ah,” or “oh” during communi-
cation, these models assume that the children understand the parent’s
instructions and questions. In terms of logical expression, these mod-
els even assess the children’s expressions as having a certain degree of
coherence. Additionally, in assessing vocabulary competence, the mod-
els mistakenly conclude that the children have acquired a basic level of
action-related vocabulary and words related to daily objects. In contrast,
GPT40, Qwen2-72B-Instruct, and Doubao-Pro-32k demonstrate superior
objectivity and accuracy in their analyses. Concerning language com-
prehension, these models accurately acknowledge that while the child
responds to parental queries, the responses are extremely limited and
simple. They also recognize that for more complex statements, the child
may not respond due to comprehension difficulties. In terms of logical
expression, these models accurately highlight the child’s simple expres-
sions, the lack of inter-sentential coherence, and insufficient information
organization skills. These findings underscore the significant disparities
in the capabilities of various LLMs when analyzing complex language
samples, particularly those involving limited linguistic output from chil-
dren.

To further objectively analyze the models’ evaluation capabilities,
this study designs and implements a quantitative comparative analy-
sis based on expert annotations. We invite a postdoctoral researcher
specializing in speech and hearing rehabilitation sciences, a doctoral
student with pediatric practice qualifications, and a doctoral student
focusing on special education research for children with autism to inde-
pendently annotate the language samples from all 79 children. Through
discussion, consensus is reached to establish expert reference results as
the comparative benchmark. Subsequently, we compare each model’s
evaluation outputs on the same samples against these reference results
on a dimension-by-dimension basis, calculating the rating deviations for
each evaluation dimension. The relevant statistical results and analysis
are provided in Appendix B.

4.4. The analysis of relevance results

Fig. 4 illustrates the correlation analysis between the results of the
multiple LLMs assessment and the MSEL verbal development quotients.
The horizontal axis represents the standard deviation, whereas the ver-
tical axis shows the Pearson correlation coefficient’s r-value. All models’
parameter settings meet the stability requirements (standard deviation
< 3.75).

The results demonstrate a clear hierarchical trend in the correlation
between the assessment outcomes of different models and the MSEL ver-
bal development quotients. GPT40, Qwen2-72B-Instruct, and Doubao-
Pro-32k demonstrate exceptional performance, with their Pearson cor-
relation coefficients predominantly distribute in the range of 0.7 to 0.8
(p < 0.001), exhibiting significant positive correlations with MSEL re-
sults. Notably, the GPT40 model stands out with a remarkable corre-
lation coefficient of 0.8 (p < 0.001), indicating the strongest positive
correlation. This is closely followed by the open-source model Qwen2-
72B-Instruct, achieving a correlation coefficient of 0.74 (p < 0.001),
which also demonstrates a strong positive correlation. These strong
positive correlations not only highlight the exceptional performance of
GPT40 and Qwen2-72B-Instruct in understanding instructions, follow-
ing directives, and analyzing dialogue content, but also validate the ef-
fectiveness of the assessment framework we designed.

In contrast, the performance of ERNIE-Speed-8K, ERNIE-Lite-8K,
GLM-4-9B-Chat, and Yi-1.5-34B-Chat models are comparatively infe-
rior. These models exhibit stronger variability in their correlations,
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Fig. 4. Relationship between LLMs assessment results and MSEL verbal devel-
opment quotients: Pearson correlation analysis. The horizontal axis represents
the standard deviation, whereas the vertical axis shows the Pearson correlation
coefficient’s r-value. The results of different models are represented by different
colors.

primarily distribute within the range of 0.1 to 0.5 (p<0.001), demon-
strating weaker correlations. These results are closely related to the
models’ limitations in understanding instructions, following directives,
and analyzing dialogue content.

By comparing the results of Qwen2-72B-Instruct with Qwen2-57B-
Al4B-Instruct, we observe significant performance differences between
models within the same series. Specifically, Qwen2-72B-Instruct demon-
strates notably superior performance compared to Qwen2-57B-A14B-
Instruct. The results are consistent with our previous observation of
the excellent performance of Qwen2-72B-Instruct in analyzing conver-
sations. In Table 5, we have listed the key information for each model
at its peak correlation performance, including parameter settings, cor-
relation results, and their corresponding significance levels.

5. Experimentation on child classification

This section primarily presents the experiment on classifying chil-
dren based on multidimensional language proficiency assessment re-
sults. First, the experimental setup used in the study is described in de-
tail (see Section 5.1). Next, the evaluation metrics for the classification
experiments are introduced (see Section 5.2). Finally, both three-class
and two-class classification experiments are conducted on children with
ASD, TD, and DD (see Section 5.3), followed by a comparative analy-
sis of the potential application of multidimensional language ability in
identifying children with ASD.

5.1. Experimental setup

Correlation analyses show a significant positive correlation between
the model assessment results and the MSEL verbal development quo-

Table 5
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tients, validating the feasibility of our assessment framework. To further
test the ability of this language assessment framework to discriminate
between different categories of children, we use the language assess-
ment results of the LLMs as features to categorize the children. The
experimental features consist of numerical scores for each assessment
dimension, along with the overall score, as produced by the LLMs’ lan-
guage ability evaluations. For this purpose, we employ the eXtreme Gra-
dient Boosting (XGBoost) classifier. In the classification experiments,
we use the assessment results of three models (GPT40, Doubao-Pro-32k,
and Qwen2-72B-Instruct) that have a correlation coefficient of 0.7 or
higher with the MSEL measure. We optimize the XGBoost classifier us-
ing a grid search to find the optimal combination of parameters. The
optimal parameter settings are detailed in Table 6. Among these param-
eters, Colsample_Bytree represents the proportion of features used by
each tree. Learning_Rate is the learning rate, which controls the step
size of each iteration. Max_Depth defines the maximum depth of each
tree, while N_Estimators indicates the total number of decision trees in
the model. Additionally, Subsample specifies the proportion of observa-
tions used to train each tree.

5.2. Evaluation metrics

In this experiment, we use the cross-validation method to evaluate
the model’s performance. Given the limited sample size, we choose the
Leave-One-Out cross-validation strategy. Specifically, in each iteration,
a single subject is used as the test set, whereas the remaining subjects
form the training set. We employ a comprehensive set of evaluation
metrics to assess model performance, including Accuracy, Precision, Re-
call, Macro-F1, the Receiver Operating Characteristic (ROC) curve, and
the Area Under the Curve (AUC). Accuracy reflects the proportion of
correctly classified children. Precision measures the proportion of pre-
dicted positive samples that are actually positive. Recall (also known
as Sensitivity), which is equivalent to the true positive rate, indicates
the proportion of actual positive samples that are correctly predicted
as positive. Macro-F1 is the unweighted average of F1-scores across all
classes, where the Fl-score is the harmonic mean of precision and re-
call. Additionally, the ROC curve visualizes the classifier’s performance
by plotting the True Positive Rate (TPR) against the False Positive Rate
(FPR) at different thresholds, whereas the AUC quantifies the area un-
der the ROC curve, offering a comprehensive measure of the classifier’s
discriminative ability. These key metrics are calculated as shown in (4)
through (7).

TP+TN

Accuracy = . 4
TP+ FP+TN+ FN

Precision = L (5)
TP+ FP

Recall = L 6)

TP+ FN
n
2 - Precision; - Recall;

Macro-F1 = l ZFII., where F1, = — ! i @

n = Precision; + Recall;

Where TP (True Positives) and TN (True Negatives) denote the num-
ber of correctly predicted positive and negative samples, respectively.

The optimal parameters and results of each model. In the r column, the underlined and bold results indicate
a correlation greater than 0.7, demonstrating a significant strong positive correlation.

Model Top_p Temperat-ure Number of experts r P

GPT40 1.0 1.0 6 0.80 <0.001
Doubao-Pro-32k 1.0 1.0 6 0.73 <0.001
Qwen2-72B-Instruct 0.75 0.1 6 074 <0.001
Qwen2-57B-A14B-Instruct 0.5 0.1 6 0.09 <0.001
ERNIE-Speed-8K 0.75 0.1 6 0.66 <0.001
ERNIE-Lite-8K 0.75 1.0 6 0.63 <0.001
GLM-4-9B-Chat 0.5 0.1 6 0.50 <0.001
Yi-1.5-34B-Chat 0.5 0.75 6 0.43 <0.001
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Table 6
Parameter settings of the XGBoost classifier in the child classification experiment.
Model Task Colsample_Bytre Learning Rate Max_Depth N_Estimators Subsample
ASD vs DD vs TD 0.6 0.05 5 20 0.6
ASD vs TD 0.6 0.01 3 10 1.0
GPT40 DD vs TD 0.6 0.01 3 10 0.6
ASD vs DD 0.6 0.01 5 10 0.6
ASD vs DD vs TD 0.6 0.01 5 10 0.6
ASD vs TD 0.8 0.1 3 50 1.0
Doubao-Pro- 32k DD vs TD 0.8 0.01 5 20 1.0
ASD vs DD 0.6 0.1 5 20 0.6
ASD vs DD vs TD 1.0 0.01 5 50 0.6
ASD vs TD 0.6 0.05 5 50 1.0
Qwen2-72B- Instruct DD vs TD 0.6 0.1 5 50 0.6
ASD vs DD 0.6 0.01 7 10 0.8
Table 7 Table 10

Three-class classification results for children with ASD, DD and TD using the
XGBoost model. Bold and underlined values represent the best performance.

Binary classification of children with ASD and DD using the XGBoost model.
Bold and underlined values indicate the highest performance.

Model Accuracy Macro-F1 Precision Recall Model Accuracy  Macro-F1 Precision Recall

ASD DD TD ASD DD TD ASD DD ASD DD
GPT40 0.75 0.73 0.73 0.7 078 0.59 0.67 0.97 GPT40 0.78 0.77 0.8 0.75 0.83 0.71
Doubao-Pro-32k 0.72 0.67 0.73 0.86 0.69 0.83 0.29 0.93 Doubao-Pro-32k 0.82 0.79 076 1 1 0.57
Qwen2-72B-Instruct  0.82 0.80 0.76 0.86 0.87 0.9 0.57 0.93 Qwen2-72B-Instruct ~ 0.84 0.83 0.82 088 093 071

Table 8
Binary classification of children with ASD and TD using the XGBoost model.
Bold and underlined values indicate the highest performance.

Model Accuracy  Macro-F1 Precision Recall

ASD TD ASD TD
GPT4o0 0.91 0.92 096 088 086 0097
Doubao-Pro-32k 0.98 0.98 1 097 097 1
Qwen2-72B-Instruct  0.98 0.98 097 1 1 0.97

Table 9
Binary classification of children with DD and TD using the XGBoost model.
Bold and underlined values indicate the highest performance.

Model Accuracy Macro-F1 Precision Recall

DD TD DD TD
GPT4o0 0.94 0.94 0.95 093 0.9 0.97
Doubao-Pro-32k 0.92 0.92 0.95 0.9 0.86 0.97
Qwen2-72B-Instruct 0.96 0.96 0.95 0.97 0.95 0.97

FP (False Positives) denotes the number of negative samples incorrectly
categorized as positive, and FN (False Negatives) denotes the number
of positive samples incorrectly categorized as negative. n denotes the
total number of classes. F1; is the F1 score for the i-th class, defined
as the harmonic mean of precision and recall. Precision; represents the
precision of the i-th class, and Recall; denotes the recall of the i-th class.

5.3. The analysis of classification results

Table 7 presents the cross-validation results for XGBoost in the three-
class classification task, while Tables 8-10 present the results for the
binary classification task. The features used in the experiments are the
numerical scores for each dimension of the LLMs’ language ability as-
sessment, as well as the total scores. Figs. 5 and 6 depict the ROC curves
for the three-class classification and binary classification tasks, respec-
tively.

5.3.1. Classification of ASD, DD, and TD
As shown in Table 7, although the accuracies when using the as-
sessment results of the different models as features for classification are
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different, they all exceed 0.70. Among them, the classification accuracy
based on the assessment results of the Qwen2-72B-Instruct is the high-
est, at 0.82. More importantly, considering the imbalanced nature of
the dataset (ASD =29, DD =21, TD = 29), the Macro-F1 scores provide a
more reliable evaluation metric. Qwen2-72B-Instruct also achieves the
highest Macro-F1 score of 0.80, confirming its superior performance.
This indicates that the three groups of children display distinct language
abilities during free-play scenarios.

Based on Qwen2-72B-Instruct’s assessment results, the classification
precision and recall are the highest in most cases. Specifically, the pre-
cision (0.76) and recall (0.9) for children with ASD are higher than
those achieved by the other two models. For children with DD and TD,
GPT4o0’s assessment results yield the best recall (DD recall: 0.67; TD re-
call: 0.97). As shown in the ‘Recall’ column, the recall for children with
ASD and DD varies significantly across the three experiments, whereas
the recall for children with TD remains relatively stable. Fig. 5 presents
the ROC curves and AUC values for the classification tasks of ‘ASD vs
not ASD,’ ‘DD vs not DD,’ and ‘TD vs not TD’. Among these, the overall
AUC for the ‘TD vs not TD’ classification is the highest (all exceeding
0.95). These results indicate a significant difference in language abili-
ties between children with ASD or DD and children with TD. It is easiest
to distinguish between children with TD and those with developmental
differences based on multidimensional language assessment results.

5.3.2. Classification of ASD and TD

Our proposed multidimensional language abilities demonstrate sig-
nificant effectiveness in distinguishing between ASD and TD. Table 8
presents the accuracy, Macro-F1, recall, and precision for the ASD and
TD classification. The results show that the classification accuracy for
ASD and TD exceeds 0.9 when using the assessment outcomes from
Doubao-Pro-32k, GPT4o0, and Qwen2-72B-Instruct models as features.
Among these, the classifications based on Doubao-Pro-32k and Qwen2-
72B-Instruct assessment results perform the best, with both accuracies
and Macro-F1 scores reaching 0.98. Doubao-Pro-32k achieves perfect
precision (1.0) for ASD and perfect recall (1.0) for TD, while Qwen2-
72B-Instruct achieves perfect precision (1.0) for TD and perfect re-
call (1.0) for ASD. Fig. 6(a) presents the ROC curves for ‘ASD vs TD,’
with all curves exhibiting a steep upward trend, indicating high true
positive rates and low false positive rates. This further confirms the
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Fig. 6. ROC curves for ASD versus TD, DD versus TD, and ASD versus DD, based on three separate binary classifications.

significant differences in multidimensional language abilities between
children with ASD and TD. These language ability features may offer
valuable support for the diagnosis of ASD.

5.3.3. Classification of DD and TD

Table 9 presents the classification results of XGBoost based on lan-
guage assessments from different models for distinguishing between
children with DD and TD. The results show that all three models achieve
high performance, with Macro-F1 scores ranging from 0.92 to 0.96.
Given the slight class imbalance in the dataset (DD=21, TD=29),
Macro-F1 provides a more reliable evaluation metric than accuracy
alone. Among these, Qwen2-72B-Instruct performs the best, with an ac-
curacy of 0.96, a Macro-F1 score of 0.96, precision (DD = 0.95, TD =
0.97), and recall (DD = 0.95, TD = 0.97). Notably, the classification
results for ‘DD vs TD’ are similar to those for ‘ASD vs TD’, though slightly
lower. In Fig. 6, the ROC curves for the ‘DD vs TD’ classification task all
exhibit steep upward trends, with AUC values exceeding 0.9, indicating
that the model achieves high accuracy in distinguishing between chil-
dren with DD and typically developing children. Compared to the ‘ASD
vs DD’ task, this classification task shows steeper curves and superior
performance, indicating that the linguistic feature differences between
children with DD and typically developing children are more significant
than those between children with ASD and children with DD.

5.3.4. Classification of ASD and DD

Compared to the classification tasks of ‘ASD vs TD’ and ‘DD vs TD’,
the classification of ‘ASD vs DD’ shows relatively poorer performance.
Table 10 indicates that the highest accuracy for this classification task is
0.84, achieved by Qwen2-72B-Instruct with a corresponding Macro-F1
score of 0.83. In terms of recall, the recall rate for children with DD is
significantly lower than that for children with ASD. Specifically, when
using the assessment results from Doubao-Pro-32k, the recall rate for
children with DD is only 0.57. In Fig. 6, the ROC curve for ‘ASD vs DD’
is closer to the bottom-right corner compared to the ‘ASD vs TD’ and ‘DD
vs TD’ curves, indicating relatively weaker classification performance.
These results are largely consistent with the group differences revealed
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by Welch’s ANOVA test results in Table 2. Table 2 compares the perfor-
mance of three groups of children on MSEL VDQ, showing that ‘ASD vs
TD’ and ‘DD vs TD’ yielded F-values of 248.28 (p <0.001) and 104.90
(p<0.001), respectively, demonstrating highly significant differences.
The corresponding effect sizes (32) were 0.82 and 0.72, respectively,
both exceeding 0.14, indicating large effects and substantial between-
group differences. In contrast, the ASD vs DD comparison showed an
F-value of 5.94 (p<0.05), indicating a significant difference, but with
an effect size (5%) of only 0.11, falling between 0.06 and 0.14, repre-
senting a medium effect and suggesting more limited between-group
differences compared to the other comparisons. This finding provides
important explanatory evidence for the relatively lower discriminative
performance of ‘ASD vs DD’ in the classification experiments, suggesting
that ASD and DD children exhibit greater similarities in language abili-
ties compared to TD children, making discrimination between these two
clinical groups more challenging.

6. Discussion and conclusion

This section first examines the role of natural language sam-
ples in assessing children’s language abilities. It then introduces
the advantages and potential of LLMs, explores the adaptability of
the proposed assessment framework, and outlines future research
directions.

Natural language samples more closely reflect children’s actual lan-
guage performance. Compared to standardized tests, natural language
samples can more accurately capture children’s language abilities and
developmental levels during natural interactions. These samples pro-
vide multidimensional insights into language development, such as lan-
guage comprehension, expressive ability, syntactic complexity, and lex-
ical diversity. Using natural language samples to assess the language
abilities of children with autism offers multiple advantages. Firstly, this
approach is more convenient, enabling data collection in natural set-
tings, which minimizes the need for their cooperation. Secondly, nat-
ural language samples are also suitable for younger children who are
unable to independently complete assessments, thereby avoiding dif-
ficulties they may encounter in standardized testing. Additionally, by
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directly analyzing children’s conversational performance, this method
mitigates potential subjective bias from parental evaluations, provid-
ing a more natural and objective means of assessing children’s language
development.

LLMs have demonstrated significant potential in the medical field.
A 2023 study (Kung et al., 2023) showed that ChatGPT, without spe-
cialized training, was able to pass or come close to passing the United
States Medical Licensing Examination (USMLE). In recent years, with
advancements in technology, the capabilities of LLMs have grown sig-
nificantly stronger (OpenAl, 2024b), and an increasing number of stud-
ies have confirmed their value in medical applications (Benoit, 2023;
Chen et al., 2023b; Singhal et al., 2023; Xue et al., 2023; Yang et al.,
2022). This highlights the extensive medical knowledge LLMs possess
and their potential to support medical education. Therefore, LLMs can
leverage their accumulated medical knowledge and language compre-
hension skills to provide robust support in analyzing and evaluating
children’s language capabilities. However, the application of LLMs in
pediatric language assessment raises several critical ethical considera-
tions that must be addressed. First, obtaining informed consent from
children’s guardians is essential, and studies must undergo appropri-
ate institutional review board approval. Additionally, strict data de-
identification protocols must be implemented to remove all personally
identifiable information, ensuring compliance with data privacy regu-
lations. When utilizing LLM APIs, researchers must verify whether data
collection for model optimization can be disabled, or obtain explicit as-
surance from providers that user data will not be used for model training
or storage. It is imperative to emphasize that Al-powered tools should
serve solely as supplementary assessment instruments. Results gener-
ated by LLMs must be integrated with professional clinical expertise
and comprehensive evaluation to mitigate risks associated with over-
dependence on automated systems. As technology advances, the costs
of training and deploying LLMs are decreasing. In this study, we tested
various open-source and proprietary LLMs, offering users a comprehen-
sive comparison. Users can make more informed decisions based on their
needs and budgets, considering factors such as performance, cost, and
privacy.

Our assessment framework demonstrates promising potential for
general applicability. Although the subjects involved in this study
are Mandarin-speaking children, the framework may have the poten-
tial to be extended for use with children from other linguistic back-
grounds. Theoretically, by adjusting the assessment dimensions, we
could optimize for the specific features of different languages in terms
of grammar, vocabulary, and pragmatics. Furthermore, the applica-
tion of this framework may not be limited to children with ASD.
With appropriate modifications, we hypothesize that the framework
has the potential to be extended to children with other types of lan-
guage disorders. Additionally, the flexibility of this framework sug-
gests that it may not only be applicable to natural language samples
from parent-child free play but could also be expanded to language
data in other contexts. However, these potential applications and ex-
tensions require further empirical research for validation. Future stud-
ies could explore these possibilities to determine the actual applica-
bility of the framework across different languages, disorder types, and
contexts.

Overall, this study proposes a more natural, objective, and intel-
ligent approach to assessing the language abilities of children with
autism. Building on this foundation, future research could proceed
in several directions: integrating multimodal large language mod-
els that incorporate speech and behavioral features to improve as-
sessment accuracy; expanding the scope of data collection to in-
clude more diverse linguistic and cultural contexts to enhance the
model’s generalizability; systematically investigating the effects of
different prompt variations on assessment outcomes to improve
methodological robustness; and incorporating longitudinal data collec-
tion mechanisms to enable dynamic tracking of children’s language
development.
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Appendix A. Examples of language proficiency assessment results

Appendix B. Quantitative comparison of bias characteristics in
language ability assessment models

Fig. B.1(a)-(d) present the distribution of rating deviations between
each model’s assessments and expert annotations across four language
evaluation dimensions. Fig. B.2 further displays the evaluation devia-
tions for the overall language proficiency dimension. The horizontal axis
represents the rating deviation of model evaluations relative to expert
evaluations, ranging from -4 to 4 based on the five-point rating scale
employed in this study; the vertical axis indicates the percentage of sam-
ples corresponding to each deviation value, reflecting the distribution
of models across different deviation levels.

The results reveal significant differences in model performance on
language evaluation tasks. GPT40 demonstrates the highest consistency
across all evaluation dimensions (the four sub-dimensions and over-
all language proficiency), achieving perfect match rates (Deviation = 0)
ranging from 62 % to 71 %. Specifically, in the language comprehension
dimension (as illustrated in Fig. B.1(a)), GPT4o attains the highest per-
fect match rate of 71 % among all evaluated models. Moreover, GPT4o0
maintains coverage rates of 96 %-100 % for deviations within one rating
level (|Deviation| < 1) across all evaluation dimensions, demonstrating
evaluation performance significantly superior to that of other models.

In contrast, Qwen2-57B-A14B exhibits an overestimation tendency,
with mean deviations ranging from +0.65 to + 0.9, the highest among
all models. The deviation reaches its peak of + 0.9 in the language com-
prehension dimension, and this model is the only one to produce de-
viations spanning four rating levels, with positive deviation samples
accounting for 53 %-63% of all cases. These characteristics result in
perfect match rates of merely 25% to 34 %, less than half of GPT40’s
performance. Furthermore, its coverage rate for deviations within one
level (|Deviation| < 1) ranges from only 70 % to 79 %, the lowest among
all evaluated models.

Doubao-Pro-32k is the only model that demonstrates negative de-
viations across all dimensions, with mean deviations ranging from
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HH#
### Step 1:
L5 PR RE S+

1. ** Language Comprehension**
- ARV LW S IBRRE ), @RI, ERSCGE, MRMEAIL
A AENT,  EEE R AT AP SRR A . 5l T 1o e AR AR 3] 43 B A
- This dimension assesses children's ability to comprehend language, including literal
meanings, contextual meanings, abstract concepts, and metaphors. It focuses on
identifying difficulties in semantic comprehension, giving irrelevant responses, and
distinguishing personal pronouns.
3. RISy
Logical Expression**

- AR R L Rk AR SR B PERR AR, ORI IR AL A B
PR X 10
- This dimension evaluates children's ability to express their thoughts clearly and
logically, emphasizing issues such as disorganized word usage and difficulties in
structuring information.

o SRR # PR L] P A 2R

Comprehend the content presented under the section [# # Assessment Dimensions]

2. # Gl AR AR I+

2. ** Vocabulary Competence**

- A WO LB G B R e A, XEREWILAZ. ER
R, A FA IR B A

- This dimension reflects children's ability to use vocabulary with richness,
appropriateness, and creativity. It examines whether their vocabulary is limited, whether
they frequently repeat the same words, mimic parental speech, or invent new words.

4. FHE AT RE S

4A **Communication Skills**
%2k BE VAl LELE N 3% T B R B PRI

E’JHEJ], DAB 5 5 B R Y R L

- This dimension assesses children's initiative and coherence in conversations, including

O, AR, DI, R, AL

their ability to initiate, respond to, alternate, and terminate conversations, as well as to
maintain topic relevance and focus.

#H# B BT ) R, 4

1. **E 5 AR AE S+

1. **Language Comprehension**

- o7 A ARERE Ay TRT B0 T R ORI R SR, 5 AR 1 B LU S b A

- Children should be able to understand both simple literal and contextual meanings, and
they should also attempt to interpret basic metaphors and abstract concepts.

- WA RAEBART RO, AR RS PRE .

- Irrelevant responses are very rare, and personal pronouns are usually distinguished
accurately.

3. FH AR AR Iy

3. **Logical Expression**

- B AES A F IR IS, (5 RHLBCN M.

- Children should be able to express opinions and tell stories in a generally coherent
manner, with relatively clear organization of information.

- BRI, EA A B A E T

- Occasional grammatical errors are acceptable, but there should be basic logic and
coherence in their expression.

i H AR LEEA R ZERE B PRl A e

### Step 2: Based on the understanding from [Step 1], provide the assessment standards for children of this age in each dimension.

2. AR RE T

2. **Vocabulary Competence**

- A —ERTIC A, R s il Rk,

- Children should have a certain vocabulary size and be able to use a rich and appropriate

range of words for expressiou

;jg%jd\%ﬁi S, EFRKITEE ARSI A it
PG,

- There may occasionally be repetition of words, phrases, or the content of the parent's

speech. Novel or invented words are used infrequently.

4. A HE S+

4. **Communication Skills**

- I RES LB A A E R, A — R I L XE R RE ST

- Children should be able to actively initiate and respond to conversations, with some
ability to alternate turns and appropriately end conversations.

- BERHES I T A bR, A EE B, AESRAF YRR

- They should be able to communicate effectively based on context, rarely talk to
themselves, and generally maintain topic relevance.

HHH#E=

B B A LB R ITE N AT TG, 45 A B & g0

## # Step 3: Analyze the child-parent conversation and provide a reasonable language proficiency assessment.

1 B SR AR

1. **Language Comprehension**

- BT REBLR A 2 IR B, ANX T AR RSB R B E L)
- The child can understand parents' questions and respond, such as discussing durian's
taste or pretending to eat.
;H?%E%ﬁ%ﬁﬁ%ﬂ]ﬁf@ﬂ@, WA AR X R B H, AR —4)”
- The child's responses are mostly on-topic, such as explaining to the parent, "This is a
toy," or "T'll cut it for you."

- B WA BRI IR ¥ 1R

- There is no obvious issue with pronoun confusion.

- W R

- Rating: Good

3. R BRI

3. **Logical Expression**
- B AERAR . WARTE . DOBURSEERTTEXT AT, Al P A DI AR
A RIAEH,

- The child demonstrates relatively clear logic when describing activities such as cooking,

eating, and playing with blocks, for example, describing tasks like cutting bananas and
making rose tea during play.

- BT R EAE AT RK, A BRI, (LRI .

- The child is able to express themselves fairly coherently, with a few grammatical errors,

but overall, the communication is clear.
- REF
- Rating: Good

2. AR AR e
2. **Vocabulary Competence™*
- BT —ERILE, BREHMRE, PR, B,
- The child has a decent vocabulary and can use words such as "durian," "toy," and "crab
roe.'

??1‘7'55 SO KRR BG, WEg, XORAEOR R, BRI AR
- The child occasionally repeats the parent's phrases, such as "Mom, this doesn't need to
be put down," but overall, the vocabulary is relatively rich.
- BB 0 7 i 3
- The child does not frequently use neologisms or invented words.
- W R
- Rating: Good
4 AL AR S
4. **Communication Skills**
-BrRESS SN, RNEK, HREFRAERIEE.
- The child actively engages in conversations, responds to the parent, and is able to
initiate and shift topics.

- BT RS H A A T R R R T, kRIS IR, A AW,
- The child is able to maintain the coherence of the conversation during interactions, such
as continuing to talk about cooking or fresh food.
- BA HE SRS RS IS, HRRRBE R KT,
- There is no self-talk or frequent topic switching, and the child is able to follow the
parent's lead.
- WYL

- Rating: Excellent

\_

## # SEDUD (PP AL AR R PP A A5 ATSONAR UL ROl R

# # # Step 4: Summarize the evaluation results using the assessment dimensions and levels in JSON format.

*json

{

I HEARAE T R

"Language Comprehension": "Good",
"I AR R
"Vocabulary Competence": "Good",
BRI R,

"Logical Expression": "Good",
AT "

"Communication Skills": "Excellent"

Fig. A.1. GPT4o Assessment Results Example: 61-month-old TD Child.
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2 SR R AT I
## # Step 1: Comprehend the content presented under the section [# # Assessment Dimensions]
T IR RE Sy 2. %% LR RE Sy
** Language Comprehension** 2. Vocabulary Competence®*
8 ST LB FRARE = RO TR EERIMERARE . IR 5 10 Y0 R L SR P o ORI R - YR RE S LB AR G S R AR, Rt Tl RV R RN AN A )
SRS ARABTEFIL. Jesh, %48 LER 7 REIEN [ 25 AT 4 BEA BAh, BEEILERBRXTEEZKMNE, S AR,

- This dimension focuses on whether children have mastered and use a diverse

- This dimension focuses on the depth and accuracy of children's language comprehension, vocabulary, avoiding repetition of words and phrases. It also assesses whether children
including literal and contextual meanings, abstract concepts, and rhetorical devices. It also repeat their parents' words or use newly coined terms.

assesses children's ability to correctly answer questions and distinguish personal pronouns..

3. PR IR AR T 4. R AZ L AE T+

3. **Logical Expression** 4. **Communication Skills**

- YRR TR LEE R RS S AR R SUE . PR B AR AR I - RYEE SR LEEAEAE th B S AN R EE . TR 4 T 0 8l e b ] ot
FITFRBER, DARFIRIIE VR k. W ARRFRIEESGE AR TT . DABGERSE B A S

- This dimension focuses on whether children can organize language coherently and - This dimension focuses on children's initiative and interactivity in conversation. It
logically. It assesses grammatical accuracy, sentence cohesion, and the overall coherence includes the ability to initiate or respond to dialogue, maintain and switch topics, and
and logic of their expression. avoid talking to themselves or frequently changing topics.

#H# T R— ] WHMR, 28 AR LR R L IT A A e

### Step 2:  Based on the understanding from [Step 1], provide the assessment standards for children of this age in each dimension.

1. *E S EARAE S 2. Rl AR

1. **Language Comprehension** 2. **Vocabulary Competence™*

- BB R 45 R LR SO RS, AR (A B AR A LU - SR RECEH S E AL, AR EEAR AL A A .

- Can understand most literal and contextual meanings, as well as basic abstract concepts - Master and effectively use a wide range of common vocabulary, with little to no
and metaphors. repetition of the same words or phrases.

- BEVEGG I 25 A, U R, MR AN O — AR AFR AR - REWEE LK, AMEH RS RIS .

- Can answer questions accurately, stay on topic, and correctly use and distinguish - Do not frequently repeat the parent's words and avoid using invented vocabulary or
general personal pronouns. phrases.

3B ELRIRRE T 4. R RE S+

3. **Logical Expression** 4. **Communication Skills**

- A R, AR, -BEEEN AR, BN, R, LIRXE.

- The use of vocabulary is precise and clear. - Can initiate, respond, alternate, and terminate conversations.

SRR, BRI TR, - WER NG, AEERIRIAE. RAOEF EE.

- The sentences are coherent, and the grammatical structure is complete. - Communication is smooth, with no noticeable difficulties. Self-talk is infrequent.
- R BAGIR, FikAAZEE. - S H A S L

- The information is well-organized, and the expression is logical. - The child typically does not frequently switch topics.

it S = B LRI RO TG WA T T ER, 45t S = SR Al

# # # Step 3: Analyze the child-parent conversation and provide a reasonable language proficiency assessment.

L # i AR AE )+ 2. AR AR

L. anguage Comprehension™** 2. **Vocabulary Competence™*

-FEXSIE S, B EMCECREER L, ARSI, E R RENE S TR R LR EE R, R

PRGN - The child repeatedly responds with "hmm," and their vocabulary usage is relatively

- In the conversation, the child responds with "hmm" frequently, without giving limited.

irrelevant answers or actively expressing an understanding of complex topics - BFREENE RS, RERICAIER. MEEEFKIEIENIS.

- BRE KA R ARR R (A T, MmaEsmis™) | HRENRE - The child did not exhibit the use of novel or invented words, nor did they repeat the
MG AR AR AR B B, TEIPA AR AR TS parent's words.

- The child understands specific instructions (e.g., "draw with your right hand," "insert it LA SR R —, EAR R B W, KRB ERERLE
into the empty space"), but does not express abstract understanding. Pronouns are REES .

infrequent, making it hard to assess pronoun differentiation ability. Comprehensive analysis: The child's vocabulary usage is quite limited, mainly

GEMT: ST RIS PRE A IR SRR NS, (HLZ 1 sh B TR IRk i responding with "hmm," without showing a rich vocabulary

1, B AR AR S A W %
Comprehensive analysis: The child can understand basic instructions and - Rating: Poor

conversational content, but lacks the ability to proactively express complex ideas,
indicating a deficiency in abstract understanding.

- — 4.+ e

- Rating: Fair 4. **Communication Skills**

3. B EERIR R T - B AR, ERNTERS, A WA A B —

3. **Logical Expression** - The child initiates and responds to conversation infrequently, demonstrating a certain
- B TES IR, KA BB B, R AR RO A B R AL level of passivity and lack of variety in communication.

2 - RMBUEERIEE, B F BRSO A SRR L.

- The child’s language reproduction is minimal, with most responses being the single - There is no ﬁ‘eﬂuent topic switching, self-talk, or sole focus on personal topics.

word "hmm," making it difficult to effectively assess sentence coherence and information GEMM: BFEERL B FRXHE, EEKE. REXHEME 2, RERIE
organization. 5| FIEERIRE S .

M TR FESHERD, WALESHT. Comprehensive analysis: The child primarily responds with "hmm," has poor ability to
Comprehensive analysis: Due to the child's limited language output, a comprehensive initiate or take turns in conversation, and does not demonstrate the ability to actively
analysis is difficult to conduct. guide the topic.

S R - R %

- Rafing: Fair - Rating: Poor

### SEDUE TARAE R G T Al 255 AYSONAR 2L BT A 45 2R
# # # Step 4: Summarize the evaluation results using the assessment dimensions and levels in JSON format.
“json

{

EE AR,
"Language Comprehension": "Fair",
"EHCAR A "2,
"Vocabulary Competence": "Poor",
"BHEAERE "

"Logical Expression": "Fair",
"VHTEAZ L RE S

"Communication Skills": "Poor"

& J

Fig. A.2. GPT4o Assessment Results Example: 66-month-old ASD Child.
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a 45— FARLH # A N\
### Step 1: Comprehend the content presented under the section [# # Assessment Dimensions]

L AR RE 2. %% LA R R S+

1. ** Language (‘ompreh’ensm W53 2. #* Vocabulary Competence™*

SRR LR AR IR . LR, MAERERTE. e, L s A

- Semantic Comprehension Difficulties: Whether children have difficulty understanding

- Vocabulary: Whether children are able to use rich vocabulary.

literal meanings, contextual meanings, abstract concepts, or rhetorical devices. oo (i B K iF 1 2 HL SR E AT Ry AT LA A

‘ b A p SR b - WEMZKEE: LR AR G, e, 2ReN
R U AR R EHRKHE, ’ B
- Irrelevant responses: Do children frequently deviate from the topic or misunderstand

8 - Repetitive use of words and parental speech: Whether children frequently use the same
questions. words, phrases, or short sentences, and whether they often repeat their parents' words.

NFRACTIA PR LR AR A, T (bmSti, e e
- Personal pronoun confusion: Whether children have difficulty distinguishing between SHRFRAREAIL: LERE WA AR,

- Use of novel or made-up vocabulary: Whether children use words that are inappropriate
pronouns such as 'you," ', and 'he/she'.

for the context.
o e A 4, 55 T RE ek
3. B e
o pce Bxpression” SRR, W B, KL LRSS S
- 5 o 5 N N, = 3§ N AN N IO N B e ST,
_ELEYE . IS SR =y 4T E

Lﬂlu‘(%auiﬂi LAt lﬁ%ﬁm*ufm T - Initiating, responding, turn-taking, and ending conversations: Whether children can
- Confused word usage: Whether children say words that are unrelated to the . - , >
B effectively participate in conversations.

iy M . ; . - VBRI JLHER A HEDAS | i SRR 2 bR, R AH H H HIE.
=g =R pan| . = = y ) B

1;-EVE—/\|I]1’E . J.L%mégél.tﬁk'ﬂé]g% ﬁﬂﬁm,&” . . - "Communication difficulties: Whether children have trouble guiding topics or
- Difficulty organizing information: Whether children's expression lacks logic and . .
coherence communicating according to context, and whether they often talk to themselves.

) - WAL JLER TSI, R R TR

- Topics: Whether children frequently change topics, and whether they only focus on topics
that interest them.

#EHE T BT (0] B, 4 AR LB AP AR

### Step 2: Based on the understanding from [Step 1], provide the assessment standards for children of this age in each dimension.

1. s = PR AL )1 2. LR R

1. **Language Comprehension** 2. **Vocabulary Competence**

- RPN AR SR T, Bt BRI, BRIE W I ARRAR I, - REGEBHIANL, RAOEMTA . RS, ROEZ KR, A
- Can understand abstract concepts and rhetorical devices, rarely gives irrelevant B F BRI AL

- Can use rich vocabulary, rarely repeats words, phrases, or short sentences, seldom

responses, and can correctly use personal pronouns.
repeats parents' words, and does not use novel or made-up vocabulary.

3. BERIRAE Iy 4. AR L fiE ST

3. **Logical Expression** 4. ommunication Skills**

- R IEN 2, Rk AN SR T -REEBI AR, BN, . KBNS, SRIRIEESTHEATA RS, BROHEFA
- Can use words appropriately, with good logical and coherent expression. W, BB AES, RERTEARN R,

- Can actively initiate, respond, turn-take, and end conversations, able to communicate
effectively according to context, rarely engages in self-talk, seldom frequently changes
topics, and can focus on different topics.

#it# B = GG LRI X G A AT AT B, 40 th S BIE & SRl

#4## Step 3: Analyze the child-parent conversation and provide a reasonable language proficiency assessment.

L R fE S+ 2. * AL R R
1. **Language Comprehension** 2. **Vocabulary Competence**
- LEREEMR AR KIS S, dmistd . WA RB RS, B HRIE - JLERMEAE R, mRE N, L N
LR PRI X - Children can use rich vocabulary, such as 'tornado,' 'one,' and 'little feet.'
- Children can understand parents' instructions, such as 'insert it' and 'draw a tornado,’ - JLEE A AR A R RIAE . AR e, A ER A KIS
without showing obvious semantic comprehension difficulties. - Children do not frequently use the same words, phrases, or short sentences, nor do they
- JLBERB TR ] B 2K I, A fRAEFR A AT, B B AR AT R 1 0 repeat their parents' words.
- Children can correctly respond to parents' questions, such as 'What are you looking at?', - JLEEIBEA i F -5 2 A 3709
without giving irrelevant responses. - Children do not use novel or made-up vocabulary.
- JLEERRIER A AFRAGE, W did—ik, FE—K.
- Children can correctly use personal pronouns, such as 'One for mommy, one for baby.' 4 RGeS+
e A 4. **Communication Skills**
3G SJLERE AR, B, . AIEXHE, R, nrsmE R,
3. xl;oglcal l:f]zressmn”'“ o - Children can actively initiate, respond, turn-take, and end conversations, such as
- ghjlidﬁﬁﬁm lﬂlg‘fﬁé':li, ﬁﬂ“ﬁ&%ﬂ”\ ((T))%'; o and o responses like 'mm-hmm' and 'hey.'
- Children can use words appropriately, such as 'tornado' and 'one. B - L BRI E R T A O, D L R BB R K18 5
L RIAZEEME TR, WD IR P A AR I ST - Children can communicate effectively according to context, such as being able to
- Children's expression shows good logic and coherence, such as being able to follow understand parents' guidance during puzzle activities.
parents' guidance during puzzle activities. LERDEAE EE, WA ERIEE, AR R,
- Children rarely engage in self-talk, do not frequently change topics, and can focus on
different topics.
## # SEIAG  TPAL 4 BE R ST AL 45 5 DATSONAE AL RTAl 25 21
# # # Step 4: Summarize the evaluation results using the assessment dimensions and levels in JSON format.
json

{

IR PRRE ) T,

"Language Comprehension": "Excellent",
AL ERRE " M,

"Vocabulary Competence": "Excellent",
"REERIKRED " S,

"Logical Expression": "Excellent",
"VAIBACHLRES) " T

"Communication Skills": "Excellent"
S -

Fig. A.3. Qwen2-57B-A14B-Instruct Assessment Results Example: 66-month-old ASD Child.
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-

1L SR S

1. ** Language Comprehension**

- XyE L R AAAE PG SCEME, (a0 MEDAP#ETE R L. _ERC. hgdtS
PARAETEFI5E4E A ARRT, AFRAGR A M %,

- Examining whether children exhibit difficulties in understanding semantics, including
challenges in comprehending literal meanings, contextual nuances, abstract concepts, and
rhetorical devices; giving irrelevant responses to questions, or improper use of personal
pronouns.

3.+ Ik 1

3. **Logical Expression**

- R LEAEE FRA B, R L IURALGIAE, RARGIER, 15
RAIERS.

- Examining the logicality of children's language expression, including whether they
misuse words, whether their expressions are coherent, and whether their grammar is
accurate.

# o # SR BRI # AR A

### Step 1: Comprehend the content presented under the section [# # Assessment Dimensions]

2. AR AR T

2. ** Vocabulary Competence**

- REILEMEICE R, REEMAMEREE, 2ELRELRZREEE, 2
8 G 1 B B Rk

- Examining children’s lexical richness, including whether they repeatedly use the same
words, frequently repeat their parents” speech, or use invented words or phrases for
expression.

4. FWEARAE S+

4. **Communication Skills**

- R LACR RS LA AR, I, R, ARXTE; R ATE R S SE AR
FRERERRE AN R T SER A ME, 28 A F A SO s 5%,

- Examining whether children are able to actively initiate, respond to, take turns in, and
terminate conversations; whether communication difficulties result from a lack of ability
to guide or sustain topics; and whether they engage in self-talk or frequently change
topics.

L+ B RE Sy +*

1. **Language Comprehension**

- N RERRARE A AR R R B, REIEAR IR ARA SR S R B L.

- Children should be able to understand basic vocabulary and simple sentences, as well as
correctly comprehend simple forms of abstract concepts.

- X AT B LU RUE T VR R AW BARAE T, AR IR G B AR IE A

- Children should have a basic understanding of simple metaphors and rhetorical devices,
and use personal pronouns correctly.

3. P RRRIR R

3. **Logical Expression**

- BEEAHE TR B DR

- Children should be able to express their thoughts coherently.

- TR A BB AR ME T

- Children should use relatively simple but mostly accurate grammatical structures.

- AR AN FAB AN TE B T DU RIS B

- Grammatical errors and incoherent expressions should not occur frequently.

#H# T T [P W, g IRAR IR LB E RN AERE R PPA bR

### Step 2: Based on the understanding from [Step 1], provide the assessment standards for children of this age in each dimension.

2. A AR RE )

- RARFENHE AL, SREEZKNEEAABIESEINS, HAMTTHE.
- Children should have a relatively rich vocabulary of common words. Occasional
repetition of their parents' speech is normal, but it should not happen too frequently.

A A RG22 R Y W S P AT S N A B Bl <N ETN

- Children should be able to use common vocabulary and phrases correctly, with few
instances of invented words.

4 FRUIE AR ST+

4. **Communication Skills**

- REES R, WIN. FRXTIE.

- Children should be able to actively initiate, respond to, and take turns in conversation.
- BRI B PR TR A Y — B

- Children should be able to maintain topic consistency effectively.

- /R B H B RO R 5 R R L

- Occasional self-talk or topic switching should not disrupt the overall interaction.

1.+ E R AE S+

1. **Language Comprehension**

- ZF BRI M W/ N E SRR A S, (A I E TR XS b
RITERRIEIM LT X (MR KZUARREHE F WAz, T A%
FFULATPARZ) .

- The child can understand questions from the parent about a baby and a crab, but
sometimes fixates on the concept of "eating" and struggles to fully understand the
changes in context (e.g., despite repeated reminders that the baby cannot eat because they
have no teeth, the child continues to insist that they can eat).

- AFRACIR AR IR, /N ERZBRT, NEFEIFL.

- The use of personal pronouns is generally correct, such as in the sentence "The baby is
full, and the baby is happy."

- —

- Rating: Fair

3 SRR S

3. **Logical Expression**

- BT A RIEAESRIBER, A iz ka4 G ar A

- The child sometimes exhibits incoherent and disjointed expressions, such as jumping
from "eating crab" to "purple good friend."

&Eﬁiﬁﬁif.ﬂﬁfﬁ*, BB — RIS AT, (B3 ARSI 2
HERE .

- In imaginative play scenarios, the child can produce a series of logically simple

R
- Rating: Fair

dialogues, but there are issues with coherence and logical consistency in their expressions.

#i i =20 S LEEM G XTI AT AR AR, 25 G RE  AR T

### Step 3: Analyze the child-parent conversation and provide a reasonable language proficiency assessment.

2. AR BRIy +*

2. **Vocabulary Competence**

-géi?ﬁﬁﬁ)ﬁ%?iﬁﬂ@iﬂ?[ (BIAR3S FOAR SRR, ™. <. “Hia
) e

- The child is able to use a relatively rich vocabulary, including words related to different

contexts, such as "pizza," "crab," and "grapes."

- FERZERFZKIGEWAR, NWEREL T NET %,

- There is a frequent occurrence of repeating the parent's speech, such as repeating

phrases like "eat crab" and "baby."

- T i

- Rating: Fair

4. H AT L AE ST+

4. **Communication Skills**

- B REL B SORXE, i —pepEn.

- The child can actively initiate a conversation, such as saying, "Give me a pizza."

- PTERE ORI B 5 BIENBE, WAZREEIEEE, FEIERIEK.
- There 1s a frequent occurrence of topic shifting and self-talk, such as moving from
talking about food to discussing colors, and then to imaginative play.

- W —f%

- Rating: Fair

“son

{
RS
"Language Comprehension": "Fair",
AR AR AR
"Vocabulary Competence": "Fair",
AR A,
"Logical Expression": "Fair",
BRI AR

"Communication Skills": "Fair"

# 4 # SR (PP AR S TGS R LATSONRE AU B A4 45 R

## # Step 4: Summarize the evaluation results using the assessment dimensions and levels in JSON format.

Fig. A.4. GPT4o Assessment Results Example: 69-month-old DD Child.
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® GPT40 ® Doubao-Pro-32k ® Qwen2-72B-Instruct
Qwen2-57B-A14B-Instruct ® ERNIE-Speed-8K = ERNIE-Lite-8K
® GLM-4-9B-Chat ® Yi-1.5-34B-Chat
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Percentage (%)

10

Deviation in the assessment grades
(a) Language Comprehension
® GPT40 ® Doubao-Pro-32k ® Qwen2-72B-Instruct

Qwen2-57B-A14B-Instruct ® ERNIE-Speed-8K = ERNIE-Lite-8K
® GLM-4-9B-Chat = Yi-1.5-34B-Chat

Percentage (%)

-2 -1 0 1 2 3 4
Deviation in the assessment grades
(c) Logical Expression
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® GPT40 ® Doubao-Pro-32k ® Qwen2-72B-Instruct
Qwen2-57B-A14B-Instruct ® ERNIE-Speed-8K = ERNIE-Lite-8K
® GLM-4-9B-Chat ® Yi-1.5-34B-Chat

70
60
50
40
30
20

Percentage (%)

10

Deviation in the assessment grades
(b) Vocabulary Competence

® GPT40 ® Doubao-Pro-32k ® Qwen2-72B-Instruct
Qwen2-57B-A14B-Instruct ® ERNIE-Speed-8K = ERNIE-Lite-8K
® GLM-4-9B-Chat ® Yi-1.5-34B-Chat

70
60
50
40
30
20

Percentage (%)

10

Deviation in the assessment grades
(d) Communication Skills

Fig. B.1. Assessment bias of different models in each dimension. The horizontal axis represents the rank bias of model evaluation results relative to expert results,
ranging from -4 to 4, determined by the 5-level evaluation system; the vertical axis represents the percentage corresponding to each bias interval.

B GPT40 ® Doubao-Pro-32k ® Qwen2-72B-Instruct
Qwen2-57B-A14B-Instruct ® ERNIE-Speed-8K = ERNIE-Lite-8K
u GLM-4-9B-Chat = Yi-1.5-34B-Chat

70

60

50

40

30

Percentage (%)

20

10

-3

0 1 2 3 4

Deviation in the assessment grades

Fig. B.2. Assessment bias of different models in the overall language ability dimension. The horizontal axis represents the rank bias of model evaluation results
relative to expert results, ranging from -4 to 4, determined by the 5-level evaluation system; the vertical axis represents the percentage corresponding to each bias

interval.

—0.23 to —0.02. Despite this conservative scoring tendency, it main-
tains acceptable deviation coverage rates of 95% to 100% across
all dimensions, demonstrating good assessment performance. Qwen2-
72B-Instruct shows relatively balanced performance, achieving perfect
match rates of 52%-61% and exhibiting a deviation of only +0.14

17

in the overall language proficiency dimension, which represents the
smallest absolute deviation among all models. The remaining models,
including the ERNIE series, GLM-4-9B-Chat, and Yi-1.5-34B-Chat, all
exhibit moderate overestimation tendencies, with mean deviations rang-
ing from +0.21 to +0.81.
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Fig. C.2. Impact of individual language ability dimensions on ASD vs DD classification performance using XGBoost.
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Fig. C.3. Impact of individual language ability dimensions on ASD vs TD classification performance using XGBoost.
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Appendix C. Impact of individual assessment dimension results

on

Fig. C.4. Impact of individual language ability dimensions on DD vs TD classification performance using XGBoost.

classification performance

Figs. C.1-C.4 show the impact of different language proficiency di-
mensions on classification task results. The experiments systematically

remove features from each dimension for statistical analysis. The x-axis

represents six feature configurations: the complete set of four language
dimensions plus overall language proficiency, and five configurations
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with overall language proficiency, language comprehension, vocabulary
competence, logical expression, and communication skills individually
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removed. The y-axis shows model classification performance for each
configuration. The two lines represent performance using Accuracy and
Macro-F1 evaluation metrics.

The experimental results demonstrate that in the XGBoost classi-
fication tasks based on evaluation outcomes from LLMs, the Qwen2-
72B-Instruct model performs the best, achieving an average accuracy of
91.25% across four classification tasks. This significantly outperforms
Doubao-Pro-32k (87.5%) and GPT-40 (84.5%). Analysis of task diffi-
culty shows that binary classification tasks involving typically develop-
ing children (ASD vs. TD, DD vs. TD) generally achieve accuracy rates
above 94 %, whereas tasks distinguishing between autism spectrum dis-
order and developmental delay (ASD vs. DD, ASD vs. DD vs. TD) show
relatively lower accuracy (79-82 %). This reflects the similarity in lan-
guage performance between ASD and DD groups and the complexity of
clinical diagnosis.

Comparative analysis of the impact of each ability dimension on clas-
sification results:

Overall Language Ability: Removing this dimension leads to an av-
erage decrease of 2.3% in both Accuracy and Macro-F1 across all
tasks, with a more pronounced effect in the complex ASD-DD classi-
fication task, where Accuracy drops by up to 6 %. This indicates that
this dimension, as a composite measure of overall language ability,
holds significant discriminative value.

e Language Comprehension: Its removal causes an average decline of
2.3% in Accuracy and 2.8 % in Macro-F1. The greatest impact is ob-
served in the ASD vs. DD vs. TD classification, with average decreases
of 4.2% in Accuracy and 6.0 % in Macro-F1, highlighting the critical
role of language comprehension in distinguishing complex cognitive
impairments.

e Vocabulary Competence: Removing this dimension results in the

largest average performance drop among all dimensions, with Accu-

racy decreasing by 3.4 % and Macro-F1 by 3.7 %. As a fundamental
indicator of language development, it exhibits stable discriminative
power and plays a crucial role across all tasks.

Logical Expression: Its removal leads to an average decrease of 1.8 %

in Accuracy and 2.0 % in Macro-F1.

e Communication Skills: Removing this dimension results in an aver-

age decline of 1.3% in Accuracy and 1.5 % in Macro-F1.

It is noteworthy that the “Communication Skills” dimension exhibits
a counterproductive effect in the classification results based on the GPT-
40 model evaluation. In the ASD vs. DD vs. TD classification task, remov-
ing this dimension leads to an improvement in accuracy from 75 % to
76 %, and in Macro-F1 from 73 % to 75 %. This phenomenon may be
attributed to: the model’s tendency to overfit, whereby XGBoost may
excessively rely on noisy signals within the communication skills fea-
tures; and task-specific feature suitability, as the differences in commu-
nication skills between children with ASD and DD are less distinct than
those in other dimensions, thus interfering with the effectiveness of core
discriminative features.

Overall, in high-difficulty classification tasks (ASD vs. DD, ASD vs.
DD vs. TD), removing any individual language ability dimension causes
varying degrees of performance degradation. This effect is particularly
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pronounced in the ASD vs. DD task, where the removal of any dimen-
sion results in an average decrease of 4.3 % in Accuracy and 5.1 % in
Macro-F1. These findings indicate that distinguishing complex disorders
requires a comprehensive evaluation of language abilities. In contrast,
in lower-difficulty tasks (ASD vs. TD, DD vs. TD), the impact of remov-
ing each dimension is relatively balanced (ranging from 1.2 % to 1.5 %),
yet vocabulary competence remains critically important, demonstrating
its stable discriminative value in differentiating between disorder and
typical development.

Appendix D. Performance comparison of multiple classification
models

Tables D.1-D.4 present a comparison of classification results using
different classifiers (SVM, XGBoost, RF). The classification tasks include
three binary classification tasks (ASD vs. DD, ASD vs. TD, DD vs. TD)
and one three-class classification task (ASD vs. DD vs. TD).

The experimental results demonstrate the following overall trends:
In the “ASD vs. TD” and “DD vs. TD” binary classification tasks, both
overall accuracy and Macro-F1 scores are generally high, with mod-
els exhibiting stable performance. However, performance is relatively
weaker in the “ASD vs. DD” binary classification task and the three-class
classification task. Particularly in the three-class task, the DD category
shows the poorest recognition performance, with recall rates ranging
from a minimum of 0 to a maximum of only 0.67, indicating signifi-
cant identification difficulties. This finding suggests that the linguistic
features of children with DD may share certain similarities with those
of children with ASD, thereby increasing the difficulty for models to
distinguish between these groups. All three classifiers demonstrate con-
sistency in exhibiting these trends.

Further analysis reveals notable differences in performance across
different classifiers for various tasks. Tree-based classifiers (such as Ran-
dom Forest and XGBoost) generally outperform Support Vector Machine
(SVM) in most tasks, particularly achieving near-perfect results in bi-
nary classification tasks. For instance, in the “ASD vs. TD” task based
on Doubao-Pro-32k evaluation results, the RF classifier achieves perfect
accuracy (1.0). In contrast, SVM demonstrates relatively weaker over-
all performance, with particularly inadequate recognition capability in
tasks involving DD. Notably, in both the “ASD vs. DD” and “ASD vs. DD
vs. TD” tasks, SVM achieves zero recall for the DD category, and since
the model makes no predictions for this category, precision cannot be
calculated, indicating complete classification failure for this category.
Several factors may contribute to this phenomenon: First, the high sim-
ilarity in linguistic features between children with ASD and children
with DD (as demonstrated in Section 3.1) may result in ambiguous fea-
ture boundaries, reducing the model’s discriminative capacity. Second,
class imbalance exists in the dataset, with ASD samples (29 cases) out-
numbering DD samples (21 cases). During training, SVM tends to bias
toward predicting the more prevalent ASD category, leading to system-
atic neglect of the DD category. These results highlight that when con-
fronted with highly similar inter-class features combined with imbal-
anced sample distribution, SVM models struggle to establish effective
decision boundaries, resulting in significant limitations in recognition
performance.
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Table D.1

Three-class classification results for children with ASD, DD, and TD using multiple classification models. Bold and underlined values denote the
optimal performance among the three classification models for each assessment condition. “-” indicates that the metric is undefined due to zero
denominator (the classifier made no predictions for this class).

Assessment Classification Precision Recall
model model Accuracy Macro-F1
ASD DD TD ASD DD TD

RF 0.78 0.74 0.75 0.8 0.82 0.93 0.38 0.93

Doubao-Pro-32k SVM 0.61 0.47 0.56 - 0.66 0.79 0 0.86
XGBoost 0.72 0.67 0.73 0.86 0.69 0.83 0.29 0.93
RF 0.72 0.7 0.69 0.69 0.76 0.62 0.52 0.97

GPT40 SVM 0.7 0.67 0.64 0.75 0.72 0.62 0.43 0.97
XGBoost 0.75 0.73 0.73 0.7 0.78 0.59 0.67 0.97
RF 0.7 0.63 0.61 0.83 0.78 0.86 0.24 0.86

Qwen2-72B-Instruct SVM 0.66 0.62 0.59 0.6 0.75 0.76 0.29 0.83
XGBoost 0.82 0.8 0.76 0.86 0.87 0.9 0.57 0.93

Table D.2

Binary classification of children with ASD and TD using multiple classification models. Bold and underlined values denote
the optimal performance among the three classification models for each assessment condition.

Assessment Classification A M 1 Precision Recall
model model ccuracy acro-
ASD TD ASD TD

RF 1 1 1 1 1 1

Doubao-Pro-32k SVM 0.91 0.92 0.96 0.88 0.86 0.97
XGBoost 0.98 0.98 1 0.97 0.97 1
RF 0.91 0.92 0.96 0.88 0.86 0.97

GPT40 SVM 0.83 0.83 0.95 0.76 0.69 0.97
XGBoost 0.91 0.92 0.96 0.88 0.86 0.97
RF 0.88 0.88 0.82 0.96 0.97 0.79

Qwen2-72B-Instruct SVM 0.84 0.85 0.88 0.81 0.79 0.9
XGBoost 0.98 0.98 0.97 1 1 0.97

Table D.3

Binary classification of children with DD and TD using multiple classification models. Bold and underlined values denote
the optimal performance among the three classification models for each assessment condition.

Assessment Classification A M 1 Precision Recall
model model ceuracy acro-
DD TD DD TD

RF 1 1 1 1 1 1

Doubao-Pro-32k SVM 0.74 0.72 0.75 0.74 0.57 0.86
XGBoost 0.92 0.92 0.95 0.9 0.86 0.97
RF 0.96 0.96 1 0.94 0.9 1

GPT40 SVM 0.92 0.92 0.9 0.93 0.9 0.93
XGBoost 0.94 0.94 0.95 0.93 0.9 0.97
RF 0.94 0.94 0.95 0.93 0.9 0.97

Qwen2-72B-Instruct SVM 0.84 0.84 0.84 0.84 0.76 0.9
XGBoost 0.96 0.96 0.95 0.97 0.95 0.97

Table D.4

Binary classification of children with ASD and DD using multiple classification models. Bold and underlined values
denote the optimal performance among the three classification models for each assessment condition. “-” indicates that
the metric is undefined due to zero denominator (the classifier made no predictions for this class).

Assessment Classification A M 1 Precision Recall
model model ceuracy acro-
ASD DD ASD DD

RF 0.84 0.84 0.84 0.84 0.9 0.76

Doubao-Pro-32k SVM 0.58 0.37 0.58 - 1 0
XGBoost 0.82 0.79 0.76 1 1 0.57
RF 0.72 0.7 0.71 0.73 0.86 0.52

GPT40 SVM 0.74 0.72 0.74 0.75 0.86 0.57
XGBoost 0.78 0.77 0.8 0.75 0.83 0.71
RF 0.86 0.86 0.84 0.89 0.93 0.76

Qwen2-72B-Instruct SVM 0.7 0.67 0.69 0.71 0.86 0.48
XGBoost 0.84 0.83 0.82 0.88 0.93 0.71
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