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Abstract

Language ability reflects the developmental level and social communication in children
with autism spectrum disorder (ASD), making scalable and explainable assessment es-
sential. Existing large language model (LLM)-based methods mainly rely on single-agent
reasoning or aggregate independent outputs, offering limited insight into disagreement
identification, evidence exchange, and consensus formation. To address this limitation, this
paper proposes a Multi-Agent Consensus framework that formulates language assessment
as a structured consensus process among LLM-based agents. Using parent—child free-play
transcripts, three Expert Agents independently assess language comprehension, vocabu-
lary competence, logical expression, and communication skills under shared criteria. A
Judge Agent identifies dimension-level disagreements, marks dimensions with consistent
judgments as resolved, coordinates evidence-based negotiation, and adjudicates remain-
ing conflicts. On a real-world dataset of 79 children, the framework achieves a Pearson
correlation of 0.843 with an external standardized language development measure, out-
performing Single Agent (0.802) and Initial Expert Aggregation (0.814), while maintaining
strong cross-run stability. Ablation and process analyses show that consensus negotiation
integrates initial judgments, resolves disagreements, and improves assessment stability.
Case analysis and human expert evaluations support the plausibility, evidential grounding,
and transparency of the generated reports. These findings suggest that multi-agent consen-
sus can enhance automated language assessment for children with ASD while providing
structured, traceable explanations. The correlations support criterion validity, but clinical
validity and effectiveness in practice require further evaluation given the limited sample

size and data sources.
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associated with social interaction, communicative behavior, and overall developmental
level in children with ASD [1-4]. Compared with structured testing environments, natural
parent—child interaction can better capture children’s language performance in vocabu-
lary use, sentence organization, semantic understanding, and communicative turn-taking.
Therefore, automated, stable, and explainable language ability assessment based on natural
parent—child dialogue has become an important research direction in child developmental
assessment and clinical support for children with ASD [5,6].

Although standardized scales and clinical judgments provide professionally grounded
assessment, they require trained assessors and are difficult to scale for continuous monitor-
ing [7-10]. Existing automated methods improve scalability, but many rely on manually
designed features or task-specific formats and still have limited ability to model contextual
relations, pragmatic functions, and turn-taking behavior in natural parent—child interac-
tion [11-14]. These limitations make it difficult to support comprehensive and explainable
language ability judgments from naturalistic dialogue.

In recent years, large language models (LLMs) have provided a new approach to
child language assessment, owing to their strong natural language understanding, con-
textual integration, and reasoning capabilities. Recent studies have used LLMs to analyze
child-adult interactions, predict stages of language development, and assess children’s
developmental abilities in free-play settings [6,15]. Qin et al. further demonstrated that
LLMs can perform multidimensional language assessment of children with ASD using
parent—child dialogue, achieving strong correlations with standardized developmental
measures [5]. These studies indicate that LLMs can model natural parent—child dialogue
and support multidimensional language ability assessment.

However, existing LLM-based methods for child language ability assessment mainly
focus on single-pass assessment results. Some methods improve stability by aggregating
multiple independent assessment outputs, but they pay limited attention to key elements
of expert judgment, such as disagreement identification, evidence exchange, and opinion
revision. A key remaining limitation concerns not only whether LLMs can output accurate
scores but also whether the assessment process can make disagreements explicit, support
evidence-based revision, and make the final decision path reviewable. Formal expert
consensus methods provide procedural references for this purpose, including independent
judgments, structured feedback, and opportunities for judgment revision [16-19]. There-
fore, there is a need for methods that support evidence-based negotiation among LLM
agents while providing transparent, traceable decision rationales.

Based on these observations, this paper proposes a Multi-Agent Consensus framework
for child language ability assessment. The framework uses three Expert Agents to generate
independent multidimensional assessments from the same parent—child dialogue evidence.
A Judge Agent then identifies dimension-level disagreements, coordinates evidence-based
negotiation, and adjudicates dimensions that remain unresolved after negotiation. Unlike
traditional result aggregation methods, the proposed framework outputs not only final
assessment levels but also expert opinion changes, negotiation trajectories, and decision
rationales. This makes the assessment process traceable and reviewable.

The main contributions of this study are summarized as follows:

1.  We propose a Multi-Agent Consensus framework for language ability assessment in
children with ASD using parent—child dialogue as evidence, extending the task from
single-pass scoring to traceable consensus-based assessment.

2. We design a dimension-level consensus negotiation mechanism for child language
ability assessment, which records the decision path from initial judgments to final
conclusions through disagreement detection, evidence-driven negotiation, dimension
resolution, and final adjudication.
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3.  We evaluate Multi-Agent Consensus on a real-world parent—child dialogue dataset
collected from 79 children through controlled comparisons, ablation experiments,
process analysis, and human expert evaluation, demonstrating its effectiveness and
cross-run stability and providing human evaluation evidence of the explanatory
quality of its reports.

2. Related Work
2.1. Child Language Ability Assessment

Child language ability assessment has long relied on standardized scales, parent re-
ports, and professional clinical judgments. For example, tools such as the Mullen Scales
of Early Learning (MSEL), the Clinical Evaluation of Language Fundamentals (CELF),
the Peabody Picture Vocabulary Test (PPVT), and the Chinese Communicative Develop-
ment Inventory have been widely used to assess children’s language and developmental
abilities [7-10]. These methods are professionally grounded in the design of assessment
dimensions, standardized procedures, and norm-based interpretation. However, they
usually require professionals to conduct face-to-face testing. This leads to relatively high
administration costs and limits their scalability for large-scale screening and long-term
continuous monitoring.

With advances in speech processing, natural language processing, and machine learn-
ing, researchers have begun to explore automated assessment methods based on children’s
language samples [20]. Some studies use acoustic features in children’s speech to identify
ASD-related language characteristics or predict language development indicators [11-13].
Others extract lexical, syntactic, and semantic features from children’s language samples
and combine them with machine learning models to characterize language ability [14,21].
In addition, some studies directly predict language development levels from children’s nat-
ural language samples [22-24]. These methods have advanced automated child language
assessment. However, they often depend on manually designed features or specific task
formats and do not adequately model contextual relations, semantic continuity, turn-taking
organization, or communicative functions in natural parent—child interaction.

2.2. LLM-Based Language Ability Assessment

In recent years, LLMs have been increasingly applied to automated language eval-
uation and educational assessment because of their strong semantic understanding and
contextual modeling capabilities. More broadly, studies on LLM-as-a-judge have shown
that LLMs can evaluate text quality according to evaluation criteria, structured templates,
or reasoning prompts. In some tasks, these models can achieve high agreement with hu-
man judgments [25]. In automated essay scoring and second-language writing assessment,
recent studies have used LLMs for scoring, feedback generation, and multidimensional
ability assessment [26-28].

In the context of child development and interaction assessment, Feng et al. explored
the use of general-purpose LLMs to analyze clinical interactions between children and
adults. Their results show that LLMs can help identify ASD-related behavioral character-
istics in children [6]. Yang et al. further validated the feasibility of using LLMs to assess
children’s multidimensional developmental abilities in free-play settings [15]. Qin et al. de-
veloped a child language ability assessment method based on parent—child dialogue. Their
method evaluates language comprehension, vocabulary competence, logical expression,
and communication skills and shows strong correlations between LLM-based assessment
results and standardized developmental measures [5].

However, existing LLM-based studies on child language ability assessment mainly
focus on the agreement between assessment results and external standardized measures.
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That is, they primarily examine whether models can accurately output scores or levels. Al-
though some LLM-as-a-judge and educational assessment studies can generate evaluation
rationales, feedback, or structured reports [25-30], these explanations are usually provided
as post-hoc rationales for single-pass judgments. Such explanations rarely reveal disagree-
ments or opinion changes among different evaluators. When multiple models, prompts, or
repeated assessments are used to improve stability, existing methods usually adopt result
aggregation strategies. These include answer selection, score averaging, or consistency
checking [31,32]. They do not sufficiently model evidence exchange or judgment revision.
Therefore, moving from independent scoring to a traceable consensus formation process
remains an underexplored problem in LLM-assisted child language ability assessment.

2.3. Multi-Agent Consensus for Explainable Assessment

Multi-agent collaborative evaluation offers a way to make differing judgments and
their revision processes explicit. ChatEval organizes evaluators with different role de-
scriptions to discuss text quality and examines how communication strategies affect as-
sessment [33]. CollabEval combines independent assessment, multi-round discussion,
and final judgment, allowing agents to exchange evaluation results and justifications
and using consensus checks for early termination [34]. These frameworks extend evalu-
ation beyond isolated judgments by incorporating exchanges among evaluators into the
assessment process.

In collaborative evaluation, integrating different judgments, organizing exchanges,
and reaching final conclusions are important aspects of process design. Related studies
offer different methodological references: Mixture-of-Agents (MoA) synthesizes candidate
responses through a layered architecture [35], whereas multiagent debate enables model
instances to revise their answers after considering others’ responses and reasoning [36].
For decision-making following discussion, Kaesberg et al. compare voting and consensus
protocols and find differences in their relative effectiveness across the knowledge and
reasoning tasks examined [37]. In addition, the RAND/UCLA Appropriateness Method
combines independent ratings with feedback, disagreement discussion, and re-rating [18],
providing a reference from human expert procedures for organizing the exchange and
revision of assessment judgments.

These studies provide a methodological foundation for integrating different judgments
and documenting the assessment process. In child language ability assessment based on
natural parent—child dialogue, judgments need to be grounded in the conversational context
and linguistic evidence. Beyond presenting final ratings and their supporting evidence,
documenting disagreements among evaluators and subsequent judgment revisions can
also support the interpretation and review of assessment conclusions. To address this need,
this study combines multi-agent negotiation with linguistic evidence analysis to generate
reports that make the formation of assessment conclusions traceable.

3. Method

As shown in Figure 1, the framework consists of four stages: input preparation, inde-
pendent expert assessment, consensus negotiation, and final adjudication with explainable
report generation. The system first constructs a unified prompt containing child informa-
tion, dialogue evidence, and assessment criteria. Three Expert Agents then independently
generate dimension-level assessments. The Judge Agent subsequently checks agreement,
organizes negotiation for unresolved dimensions, and adjudicates any remaining conflicts.
The final output is an explainable report that records final levels, supporting evidence,
decision sources, and the consensus trajectory.
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Figure 1. Overall framework of the proposed consensus-based multi-agent assessment method.

3.1. Input Preparation

The input preparation stage organizes the information required for child language
ability assessment into a unified input for the Expert Agents. The goal is to provide all
Expert Agents with the same task context, evidence scope, and rating scale. This ensures
that their independent judgments are based on the same evidence base. Specifically, the
input includes role specification, assessment dimensions, child information, parent—child
free-play dialogue transcripts, and the assessment workflow.

For role specification, the system assigns each agent the role of an expert in child
language assessment. Each agent is instructed to make careful judgments based on the
child’s developmental background and natural interaction evidence. The child information
includes age and sex, which provide developmentally appropriate reference information
for expert judgment. MSEL scores and diagnostic labels were not included in the inputs
to either the Expert Agents or the Judge Agent. The raw evidence consists of dialogue
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audio collected during parent—child free-play sessions, while the evidence provided to
the Expert Agents is the manually corrected, anonymized, and speaker-labeled transcript.
Specifically, we first used Paraformer-large (https://www.modelscope.cn/models/iic/
speech_paraformer-large-vad-punc_asr_nat-zh-cn-16k-common-vocab8404-pytorch; ac-
cessed on 4 October 2026) for automatic speech transcription and applied the ERes2Net
speaker identification model (https:/ /www.modelscope.cn/models/iic/speech_eres2net_
sv_zh-cn_16k-common; accessed on 4 October 2026) to distinguish child and parent speech
segments [38,39]. The automatic transcripts were then manually corrected, anonymized,
and formatted. This process produced parent—child dialogue texts with speaker labels and
timestamps, ensuring that the evidence used for subsequent language ability assessment is
reliable and traceable.

Following existing studies on child language ability assessment [5], this paper divides
language ability into four dimensions: language comprehension, vocabulary competence,
logical expression, and communication skills. Language comprehension refers to the un-
derstanding of literal and contextual meanings. Vocabulary competence reflects vocabulary
richness and contextual appropriateness. Logical expression captures language organiza-
tion and expressive coherence. Communication skills refer to initiation, response, and turn
maintenance. Each dimension is evaluated using a five-level rating scale. The level set is
defined as £ = {very poor, poor, fair, good, excellent}.

In the assessment workflow, each expert first reviews the four assessment dimensions
and the scope of each dimension. The expert then uses the child’s age and sex as develop-
mental reference information, analyzes the child’s performance in each dimension based
on language behavior evidence from the parent—child dialogue, and finally outputs ratings
for the four dimensions. The resulting structured prompt is provided identically to all
three Expert Agents, ensuring that their initial judgments are made under the same task
context, assessment criteria, and dialogue evidence. These independent judgments serve
as the starting point for subsequent disagreement detection and consensus negotiation,
as illustrated in the input preparation module of Figure 1. Complete prompt templates,
input fields, and output specifications for the Expert and Judge Agents are provided in
Supplementary File S1.

3.2. Independent Expert Assessment

The independent assessment stage is conducted in parallel by three Expert Agents.
For the i-th child sample, the input preparation stage generates a unified initial assessment
prompt p;, which contains the child’s basic information, parent—child dialogue text, four
assessment dimensions, and the assessment workflow. The system sends the same prompt
pi to the three Expert Agents. All three Expert Agents use the same base large language
model. Under identical assessment inputs, evidence scopes, and rating criteria, they form
initial judgments through mutually independent generation calls. At this stage, each Expert
Agent cannot access the outputs of the other Agents. Here, Expert Agent denotes an
assigned assessment role rather than distinct professional expertise; the initial assessments
are separate stochastic generations from the shared model.

Formally, let the expert set be K = {1,2,3}, and let the language ability dimension set
be D = {dl, dy,ds, d4}, corresponding to language comprehension, vocabulary competence,
logical expression, and communication skills, respectively. The initial free-text assessment
generated by the k-th Expert Agent for sample i is denoted as z; , = My (pi; €x), where My
denotes the shared-parameter language model, and € denotes the independent generation
state associated with the k-th Expert Agent. The three Agents receive exactly the same
assessment input p;, but their generation processes are independent. Therefore, their
outputs may differ and serve as the initial state for subsequent disagreement detection and
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consensus negotiation. The experimental model and generation parameters are described
in Section 4.1.2.

To support subsequent disagreement detection and negotiation, the system extracts
the rating level and rationale for each dimension from the free-text assessments of the three
experts. These results are organized into structured dimension-level positions. For each
expert k and dimension d € D, the structured initial position is represented as

0 _ 10 0 0
Birag = Uikartina)r lixa €L

where lgk/ ; 1s the initial level assigned by expert k for dimension d, and r?,k, ; 18 the evidence-
based rationale for that level. The structured initial assessment set of the three experts for
sample i is defined as AY = {a}; , | k € K,d € D}. This structured representation enables
the system to compare the initial judgments of the three experts at the dimension level. It
also provides the input for subsequent dimension-level agreement checking, disagreement
detection, and consensus negotiation.

The purpose of the independent assessment stage is not to directly merge the three
expert ratings. Instead, it provides multiple independent initial viewpoints for subsequent
consensus negotiation. Because the three experts generate judgments under the same
evidence and rating criteria, the system can preserve initial disagreement signals caused
by insufficient evidence, ambiguous rating boundaries, or different interpretations of
evidence. These signals provide the basis for subsequent dimension-level agreement
checking, disagreement detection, and expert negotiation.

3.3. Consensus Negotiation

After the independent initial assessments, the Judge Agent compares the three struc-
tured outputs at the dimension level. Dimensions with identical ratings are marked as
resolved, with their assessment level, supporting evidence, and resolution status recorded.
Dimensions with divergent ratings are marked as unresolved. For these unresolved dimen-
sions, the Judge Agent summarizes the main sources of disagreement and the issues to be
discussed in subsequent negotiation. Dimensions that have already reached agreement are
excluded from further discussion, which avoids unnecessary interaction and preserves the
dimension-by-dimension consensus formation process.

Formally, let t = 0 denote the initial assessment summary stage, and let f > 1 denote
the state after the ¢-th round of expert negotiation. For dimension d of sample i, the current
levels assigned by the three experts after round t are denoted as lf,l, Py ZE,Z, 4 and 11?13’ ;- The
dimension-level consensus indicator is defined as

Eo_qt gt
C?d - 1 li,l,d - li,Z,d = li,3,dr
v 0, otherwise.

Let Lf- denote the set of resolved dimensions after round ¢, and let Uf denote the set of
unresolved dimensions that still require negotiation. After the initial assessment summary,
the system initializes L) and U? according to Cg ;- After negotiation round ¢, the dimension
status is updated as follows:

Li=Lufdeu|cl, =1},

f=p\Ll

In negotiation round ¢, the Expert Agents discuss only the dimensions in Uf_l. Each
expert can access the initial opinions of all three experts, the resolved dimensions, the
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current unresolved dimensions, the previous Judge Agent summary, the negotiation history,
and the original dialogue evidence.

For each unresolved dimension, the expert outputs an updated level, supporting
evidence, responses to other Agents’ opinions, and an indication of whether the initial
judgment is maintained or revised. The negotiation process does not determine the final
level by majority voting. Instead, the final state reflects consensus formed through evidence
exchange and judgment revision. Algorithm 1 presents the pseudocode of the dimension-
level consensus negotiation process.

Algorithm 1 Dimension-level consensus negotiation

Require: Structured initial assessments A?, dimension set D, maximum rounds T
Ensure: Resolved dimensions L;, unresolved dimensions Uj;, negotiation history H;
1. L+ @ U+ D H < ®
2: Judge Agent summarizes AY and obtains {lgk, i keKdeD}
3: foralld € D do

4 i1} =10, =19  then

5: L+ L;U {d}

6: end if

7: end for

8 U; <D \ L;

9: fort =1to T do
10: if U; = @ then
11: break
12: end if
13:  for all Expert Agent k € K do
14: Generate a negotiation response only for dimensions in Uj;

15: end for
16:  Update current expert positions {I!, , | k € K,d € U;} based on negotiation responses

17: Judge Agent summarizes current expert positions and appends the round summary to H;
18: N; <O

19: foralld € U; do

20: iflf, ;=1,,; =15, then

21: N; < N; U {d }

22: end if

23: end for

24: Li+ L;UN;
25: U, <D \ L;
26: end for

27: return L;, U;, H;

After each negotiation round, the Judge Agent produces a structured summary of the
latest opinions of the three Expert Agents. It updates the current level, supporting rationale,
and negotiation status for each dimension. The system then detects newly resolved di-
mensions according to the strict level-agreement rule and removes these dimensions from
subsequent negotiation. In the algorithm, H; denotes the negotiation history. It records the
Judge Agent summary for each round, changes in expert positions, and dimension status
updates. Dimensions that remain unresolved are kept in U} and enter the next negotiation
round. In this paper, the maximum number of negotiation rounds is set to T = 5. When
U! = @, the system ends negotiation and directly proceeds to final result determination and
report generation. When U} # @ after the maximum number of negotiation rounds, unre-
solved dimensions are passed to the final adjudication process described below. Through
this dimension-level status update mechanism, the system obtains final assessment levels
and records the complete process through which different dimensions move from initial
disagreement to opinion revision and finally to consensus or adjudication. This provides a
traceable consensus formation trajectory for the assessment results.
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3.4. Final Adjudication and Explainable Report

When all dimensions have been resolved, or when unresolved dimensions remain
after the maximum number of negotiation rounds, the system enters the final result de-
termination and report generation stage. Each final dimension-level result has one of two
decision sources. For dimensions that reach level agreement during negotiation, the system
retains the agreed level assigned by the three Expert Agents, the supporting rationale, and
the corresponding resolution round. For dimensions that still do not reach agreement after
the maximum number of negotiation rounds, the Judge Agent performs final adjudication
based on the original dialogue evidence, initial assessment results, latest negotiation status,
and complete negotiation history.

Formally, let the final level and final rationale for dimension d of sample i be fi,d and
#; 4, respectively. If dimension d is resolved in round T; ; through the level-agreement check
among the three Expert Agents, its final level satisfies

lia = liT,ii?d - lz?;d - lzT’3dd

If dimension d still fails to reach agreement after the maximum number of negotiation
rounds, the Judge Agent generates the final adjudication based on the three experts’ initial
opinions, latest positions, negotiation history, and original dialogue evidence:

(g tia) = J(d,A) H;, LT, p;), deUf,

where J(-) denotes the final adjudication process of the Judge Agent. Its inputs include
the dimension d, the structured initial assessments AY of the three Expert Agents, the
negotiation history H; containing the latest expert positions and Judge Agent summaries
from previous rounds, the set of resolved dimensions L}, and the original assessment input
pi. By integrating this information, the Judge Agent adjudicates unresolved dimensions
and generates final levels and explanatory rationales.

After obtaining the final levels for the four dimensions, the system converts the levels
into dimension scores according to the scoring design adopted in prior child language
ability assessment research [5]. This scoring design assigns equal weight to the four
language ability dimensions. Each dimension has a maximum score of 37.5, and the total
score has a maximum of 150. The five levels are mapped to dimension scores at equal
intervals of 7.5 points. Let g(-) be the mapping function from level to score. The mapping
is defined as

g(very poor) =75, g(poor) =150, g(fair) =225,
g(good) =30.0, g(excellent) = 37.5.

This linear mapping is used only to convert discrete levels into continuous scores
for correlation analysis with external standardized measures. It is not involved in model
reasoning or negotiation. Therefore, the score for sample i on dimension 4 and the total
score are defined as

sia =8(ia),  Si=Y sia

The structure of the final explainable language ability assessment report is shown in
Figure 2. The report includes anonymized child information, a description of the assessment
input, final levels, dimension scores, and the overall score. For each dimension, it records
the final rationale, decision source (Expert Consensus or Final Judge Adjudication), and
resolution stage. The process trace further summarizes initially resolved dimensions,
opinion revisions during negotiation, and final adjudication results. Compared with
traditional assessment outputs that mainly present final results, this report provides an
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explanation chain from assessment result to supporting evidence, opinion revision, and
final decision, making the decision process traceable and analyzable.

This report presents the final explainable language assessment generated from an anonymized parent-child free-
play dialogue. It summarizes the child’s language ability across four dimensions and records the final scores,
expert rationales, decision sources, and consensus-negotiation trace produced by the multi-agent framework.

## Child Profile

- Case ID: <anonymous_case_id> - Age / Gender: <age> / <gender>

- Evidence: anonymized parent-child free-play dialogue with speaker labels and utterance timestamps

## Overall Language Assessment
- Total score: <total score>/ 150.0

- Dimension scores: LC <score>; VC <score>; LE <score>; CS <score>

## Dimension-Level Final Assessment

### Language Comprehension

- Level: <level> - Score: <score>

- Decision source: <expert consensus | final judge adjudication>
- Resolution point: <round id | final_judge>

- Final rationale: <final rationale>

### Vocabulary Competence ...

### Logical Expression ...

### Communication SKkills ...

## Decision Explanation

- Representative dimension: <dimension name>
- Expert positions: <expert_1 level+rationale> / <expert_2 level+rationale> / <expert_3 level+rationale>
- Final rationale: <final rationale>

- Decision source: <decision_source>

## Process Trace
- Round 0: <initial locked dimensions | none> locked; <initial unresolved dimensions | none> unresolved
- Round 1-T: <negotiation_updates | none>

- Final judge: <judge_resolved_dimensions | none>

Figure 2. Template of the final explainable language assessment report. Placeholders in angle brackets
are filled with case-specific assessment outputs. LC, VC, LE, and CS denote Language Comprehension,
Vocabulary Competence, Logical Expression, and Communication Skills, respectively. Blue, green,
and yellow shading distinguishes the overall assessment, decision explanation, and process trace
sections, respectively. In the decision-source field, yellow and pink highlighting indicates expert
consensus and final judge adjudication, respectively.

4. Experiments

4.1. Experimental Setup and Implementation Details
4.1.1. Experimental Data

The dataset comprised parent—child free-play dialogue data from 79 children whose
primary language of communication was Mandarin Chinese. The children were 2—6 years
old and included 29 typically developing (TD) children, 21 children with developmental
delay (DD), and 29 children with autism spectrum disorder (ASD). The ASD and DD diag-
noses were made by developmental-behavioral pediatricians. All children were assessed
using the MSEL [7]. We used the MSEL Verbal Developmental Quotient (VDQ) as the
external criterion for examining the criterion validity of the automated language ability
assessment scores. Table 1 summarizes the demographic characteristics and MSEL VDQ
scores. The study was approved by the institutional ethics committee, and written informed
consent was obtained from the guardians of all children before data collection.
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Table 1. Demographic characteristics and MSEL VDQ scores of the participants.
Group Age (Months) Sex (Male/Female) MSEL VDQ
TD (n =29) 4212 £15.18 15/14 108.12 +12.80
DD (n=21) 60.43 +11.70 15/6 50.96 £ 23.14
ASD (n =29) 62.28 £9.20 23/6 35.31 +21.34

Note: TD = typically developing; DD = developmental delay; ASD = autism spectrum disorder; MSEL
VDQ = Mullen Scales of Early Learning Verbal Developmental Quotient; SD = standard deviation; # = number of
participants. Age and MSEL VDQ are reported as mean =+ SD; sex is reported as male/female counts.

To obtain naturalistic child-language interaction data, we recorded parent—child free-
play interactions in a laboratory setting. Each interaction lasted approximately 15 min,
yielding about 1185 min of raw audio in total. The recordings were automatically tran-
scribed, manually corrected, anonymized, and converted into speaker-labeled dialogue
transcripts for subsequent analysis. To reduce the influence of initial adaptation and end-of-
session fatigue, the analyses used the interaction content between minutes 3 and 13 of each
recording. Dialogue segments crossing these boundaries were adjusted when necessary to
preserve complete conversational turns.

4.1.2. Overall Experimental Protocol and Model Configuration

This study evaluates Multi-Agent Consensus from three perspectives: assessment
validity, consensus-configuration comparison, and framework explainability. Assessment
validity is measured by the correlation between automated language ability assessment
scores and the external MSEL VDQ criterion. The consensus-configuration comparison
examines how the full framework performs relative to initial expert aggregation and ablated
configurations in which specific consensus mechanisms are removed or altered. Framework
explainability is evaluated using a representative case study and human expert evaluation,
with emphasis on the reliability of generated explanations for both final assessment results
and the consensus-formation process.

All language ability assessment experiments were conducted with a locally deployed
Qwen3.6-35B-A3B model (developed by Alibaba, Hangzhou, China) [40]. The model was
served by vLLM (version 0.18.0) through an OpenAl-compatible application programming
interface (API) on a server equipped with four NVIDIA L20 graphics processing units
(GPUs) (NVIDIA Corporation, Santa Clara, CA, USA). The inference service used tensor
parallelism with a tensor-parallel size of 4, a maximum context length of 65,536 tokens, and
prefix caching. The assessment workflow used instruct (non-thinking) mode; thinking was
disabled by setting enable_thinking=false in the chat-template configuration. Following
the recommended Qwen3.6 sampling settings for instruct mode, temperature, top-p, top-k,
min-p, presence penalty, and repetition penalty were set to 0.7, 0.8, 20, 0.0, 1.5, and 1.0,
respectively. The maximum output length was set to 8,192 tokens to support the structured
outputs required for assessment, negotiation summaries, and final adjudication.

4.2. Comparative Results on Assessment Validity
4.2.1. Validity Evaluation Protocol

This section evaluates the assessment validity of the proposed Multi-Agent Consensus
framework through two comparisons. First, Multi-Agent Consensus is compared with
Single Agent under the same dataset, base model, and generation parameters to isolate
the effect of the consensus mechanism. Second, the proposed method is compared with
previously reported LLM-based results from Qin et al. [5], including GPT-40, Doubao-Pro-
32k, and Qwen2-72B-Instruct. These reference results provide a benchmark for evaluating
the proposed method relative to existing LLM-based automated assessment methods.
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The Pearson correlation coefficient r was used to measure the linear correlation be-
tween the automated language ability total score and the MSEL VDQ external criterion in
the pooled sample of 79 children. To reduce the influence of randomness from a single gen-
eration, both Single Agent and Multi-Agent Consensus were independently run five times.
The mean Pearson correlation coefficient across the five runs is reported. The comparative
results are shown in Table 2.

To examine criterion validity within the ASD group, we additionally analyzed all
29 children with ASD using the existing outputs from Single Agent, Initial Expert Ag-
gregation, and Multi-Agent Consensus. Initial Expert Aggregation is the score-averaging
baseline described in Section 4.3. For each method, Pearson and Spearman correlations with
MSEL VDQ were calculated separately for each of the five evaluations and summarized as
means and sample standard deviations.

Table 2. Pearson correlations for large language model (LLM)-based language assessment, including
controlled results from this work and reference results from prior work.

Source Method Pearson r
GPT-4o 0.80
Qin et al. [5] Doubao-Pro-32k 0.73
Qwen2-72B-Instruct 0.74
. Single Agent (Qwen3.6-35B-A3B) 0.80
This work Multi-Agent Consensus (Qwen3.6-35B-A3B) 0.84

Note: The results for Qin et al. are reference values reported in the original study. For this work, Pearson r denotes
the mean over five independent runs using the same dataset and model configuration. Bold indicates the highest

Pearson r among the values shown.

4.2.2. Comparative Results

In the controlled comparison, Single Agent achieved an average Pearson r of 0.80,
whereas Multi-Agent Consensus achieved 0.84, corresponding to an absolute improve-
ment of 0.04. Because both methods used the same dataset, base model, and generation
parameters, their main difference was the assessment workflow. Single Agent directly
completed the four-dimensional judgments using a single assessment agent, whereas
Multi-Agent Consensus introduced disagreement identification, multi-round negotiation,
dimension locking, and Judge Agent adjudication after independent initial assessments by
three Expert Agents. This controlled comparison indicates that the consensus process im-
proves consistency between automated assessment results and the standardized language
development measure.

In the literature benchmark comparison, the best Pearson r values previously reported
by Qin et al. for GPT-40, Qwen2-72B-Instruct, and Doubao-Pro-32k are 0.80, 0.74, and
0.73, respectively, with GPT-40 achieving the highest result. The Pearson r of Multi-
Agent Consensus in this work is 0.84, which is approximately 0.04 higher than the best
previously reported result. Overall, the controlled comparison validates the contribution of
the consensus negotiation mechanism to automated language assessment validity, and the
literature benchmark comparison further shows that the proposed method is competitive
with existing related studies.

As shown in Table 3, Multi-Agent Consensus achieved higher mean Pearson and
Spearman correlations with MSEL VDQ within the ASD group than Single Agent and
Initial Expert Aggregation. Its mean Pearson correlation was 0.674, compared with 0.843 in
the pooled sample. These results provide additional evidence of criterion validity among
children with ASD, while highlighting that the pooled correlation should not be interpreted
as ASD-specific performance.
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Table 3. Within-ASD correlations between automated assessment scores and MSEL VDQ (n = 29).

Method Pearson r Spearman p
Single Agent 0.595£0.123 0.560 £ 0.107
Initial Expert Aggregation 0.629 £ 0.065 0.609 £ 0.039
Multi-Agent Consensus 0.674 4+ 0.022 0.621+0.039

Note: Values are means + sample standard deviations across five evaluations. Bold values indicate the highest

mean correlation in each column.

4.3. Performance Comparison Under Different Consensus Configurations
4.3.1. Comparison Settings and Ablation Design

This section analyzes the effects of different consensus configurations on the perfor-
mance of automated language ability assessment and further examines the role of each
component in Multi-Agent Consensus. The experiments include six assessment configu-
rations. Single Agent directly generates final results using one assessment agent. Initial
Expert Aggregation averages the total scores from the three Expert Agents’ independent
initial assessments and does not use the Judge Agent. This setting serves as an aggregation
baseline that introduces only independent judgments from multiple experts. Multi-Agent
Consensus denotes the full multi-agent consensus framework proposed in this paper. Based
on the full framework, three mechanism-level ablations are further designed: Without
Negotiation, Single-Round Negotiation, and Without Dimension Locking. The Without Ne-
gotiation configuration retains Judge Agent disagreement detection and final adjudication
but removes inter-expert negotiation rounds. Single-Round Negotiation retains only one
negotiation round. The Without Dimension Locking configuration removes the mechanism
that locks dimensions after expert agreement. These settings are used to analyze how
different components affect assessment performance.

Pearson and Spearman correlation coefficients are used to evaluate the correlation
between the automated language ability assessment total score and the MSEL VDQ external
criterion. For both coefficients, the mean and sample standard deviation over five inde-
pendent runs are reported. Cross-run stability is measured using the intraclass correlation
coefficient (ICC), specifically ICC(A,1) [41], which is calculated from the child-aligned
79 x 5 prediction matrix.

4.3.2. Overall Performance Results

Table 4 summarizes the performance of different assessment configurations over five
independent runs. Compared with Single Agent, Initial Expert Aggregation improved
Pearson r from 0.802 to 0.814 and Spearman p from 0.792 to 0.807, indicating that multiple
independent expert judgments already provide a performance gain. Building on this
aggregation baseline, the full Multi-Agent Consensus further increased Pearson r and
Spearman p to 0.843 and 0.835, respectively, corresponding to improvements of 0.029 and
0.028 over Initial Expert Aggregation.

These gains suggest that the advantage of the full framework comes not only from
aggregating multiple expert outputs but also from revising and integrating initial judgments
through procedural mechanisms such as disagreement identification, expert negotiation,
dimension locking, and final adjudication. The standard deviations of Pearson r and
Spearman p for the full framework were 0.014 and 0.013, respectively, which are lower
than those of Single Agent (0.030 and 0.025). ICC(A,1) also increased from 0.839 for Single
Agent to 0.920 for the full framework, indicating that Multi-Agent Consensus improves
assessment validity while maintaining strong cross-run stability.

The mechanism-level comparisons showed that the full framework achieved the high-
est mean Pearson and Spearman correlations, with modest differences relative to the three
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ablation configurations. Without Negotiation yielded mean Pearson and Spearman corre-
lations of 0.838 and 0.830, respectively. Single-Round Negotiation was closest to the full
framework, with corresponding values of 0.840 and 0.832, whereas Without Dimension
Locking yielded 0.837 and 0.828. These comparisons characterize the final-score perfor-
mance of the complete consensus workflow, while the following process analysis examines
how negotiation and dimension locking shape consensus formation and the allocation of
discussion across dimensions.

Table 4. Validity and cross-run consistency across different consensus configurations.

Method Pearson r Spearmanp ICC(A,1)
Single Agent 0.802+0.030  0.792 £ 0.025 0.839
Initial Expert Aggregation 0.814 £0.010  0.807 £ 0.008 0.918
Without Negotiation 0.838 £0.015 0.830 £ 0.015 0.923
Single-Round Negotiation 0.840 £0.016 0.832+£0.017 0.927
Without Dimension Locking 0.837£0.015 0.828 +£0.013 0.926
Multi-Agent Consensus 0.843 +£0.014 0.835+0.013 0.920

Note: Pearson r and Spearman p are reported as mean =+ sample SD over five independent runs. ICC(A,1) = intraclass
correlation coefficient, absolute-agreement single-measure form; it measures cross-run consistency across the five
independent runs. Bold values indicate the best Pearson r and Spearman p.

4.4. Consensus Formation Process Analysis

To complement the comparisons of criterion validity and cross-run stability, this
section examines the consensus formation trajectory, dimension-level variation, and in-
teraction efficiency. It first investigates how multi-round negotiation gradually reduces
disagreements at the child level. It then compares the extent to which language ability di-
mensions differ in negotiation-based resolution and reliance on judge adjudication. Finally,
it analyzes how dimension locking reduces repeated discussion and maintains the stability
of established consensus.

4.4.1. Dynamic Dimension Agreement Distribution

To characterize the child-level consensus formation process in Multi-Agent Consensus,
this study counts, for each child at each stage, the number of the four language ability
dimensions that have reached expert agreement. Figure 3 summarizes the results for
79 children in each run, with percentages averaged across five independent runs. Each bar
represents the proportion of children with 0, 1, 2, 3, or 4 agreed dimensions at stages 0-5 on
the horizontal axis. Stage 0 denotes the agreement status obtained from the independent
initial assessments of the three Expert Agents before negotiation. Stages 1-5 denote the
cumulative agreement status after negotiation rounds 1 through 5. In the stacked categories,
“4 dimensions agreed” means that all four language ability dimensions for a child have
reached expert agreement, whereas “0-3 dimensions agreed” indicates that varying degrees
of dimension-level disagreement remain in the child’s assessment.

As shown in Figure 3, the number of agreed dimensions at the child level generally
increases as negotiation proceeds, indicating that multi-agent negotiation effectively moves
expert disagreements toward consensus. In the independent initial assessment stage,
substantial multidimensional disagreements are observed. Only 6.6% of children show
agreement across all four dimensions, whereas children with zero or one agreed dimension
account for 59.2% in total. After the first negotiation round, the distribution changes
markedly. The proportion of children with agreement across all four dimensions increases
to 17.0%. The proportion with three or four agreed dimensions increases from 19.0% to
45.3%, whereas the proportion with zero or one agreed dimension decreases to 25.6%. This
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shows that the first negotiation round resolves a substantial portion of initial disagreements
and marks the stage with the most pronounced change in the consensus formation process.

In subsequent rounds, the proportion of agreed dimensions continues to increase, but
the rate of growth gradually decreases. After the fifth round, the proportion of children
with agreement across all four dimensions further increases to 29.9%. The proportion with
three or four agreed dimensions reaches 65.6%, whereas the proportion with zero or one
agreed dimension decreases to 11.4%. These results show that multi-round negotiation can
continuously increase expert agreement. However, as easier disagreements are gradually
resolved, the rate at which new consensus is formed decreases. At the same time, some
children still do not reach agreement across all four dimensions after the fifth round. This
suggests that certain disagreements are difficult to resolve through expert negotiation alone
and still require final adjudication by the Judge Agent.

100
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3 dimensions agreed 4 dimensions agreed

Figure 3. Distribution of the number of agreed dimensions at the child level across negotiation rounds
in the Multi-Agent Consensus framework.

To further examine whether these changes in consensus are consistent across language
ability dimensions, this study analyzes the distribution of decision sources across nego-
tiation rounds. It also examines whether the remaining disagreements requiring judge
intervention are concentrated in specific dimensions. Specifically, this study calculates the
proportions of three decision sources for each of the four dimensions: Initial Agreement,
Cumulative New Agreement, and Judge Required. The results are shown in Figure 4. For
each dimension, the denominator is the 79 child-level assessments in that dimension in
each run. Overall, all four dimensions show an increase in the Cumulative New Agreement
category and a decrease in the Judge Required category as negotiation rounds proceed.
This indicates that the negotiation mechanism can transform initial disagreements into
expert agreement across different language ability dimensions.

The difficulty of resolving disagreements varies across dimensions. Although the
four dimensions show similar Initial Agreement proportions in the independent initial
assessment stage, clear differences emerge after five rounds of negotiation. For Language
Comprehension, the Cumulative New Agreement proportion reaches only 20.3%, and
45.3% of cases still require Judge Agent adjudication, representing the highest reliance on
Judge Agent adjudication among the four dimensions. In contrast, the Cumulative New
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Agreement proportions reach 43.1% for Logical Expression and 43.6% for Communication
Skills, while the final Judge Required proportion is 23.0% for both dimensions. Vocabulary
Competence falls between these cases, with a final Judge Required proportion of 30.1%.
These results indicate that unresolved disagreements are concentrated more strongly in
Language Comprehension than in the other dimensions.

These results further show that expert negotiation in Multi-Agent Consensus can
resolve a substantial proportion of initial disagreements. However, the negotiability of
different language ability dimensions varies. For dimensions such as Logical Expression
and Communication Skills, experts can more readily compare evidence related to language
organization, response patterns, and turn-taking behavior. As a result, they are more
likely to reach agreement through multi-round negotiation. In contrast, Language Com-
prehension involves more complex judgments, including contextual semantics, implicit
intentions, and developmental boundary distinctions. Therefore, a higher proportion of
cases in this dimension still require the Judge Agent to make the final adjudication by
integrating information from the negotiation process with the original evidence.
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Figure 4. Round-level decision sources for consensus formation across four language ability dimensions.

4.4.2. Effect of Dimension Locking on Interaction Efficiency

In the full Multi-Agent Consensus framework, once a language ability dimension
reaches expert agreement, its current assessment result is locked, and the dimension
is excluded from subsequent negotiation rounds. To examine whether this mechanism
reduces repeated interaction and maintains the stability of established consensus, this
study compares process metrics between the full framework and the configuration Without
Dimension Locking. The results are shown in Table 5.

In Table 5, Workload denotes the average number of dimension-round units discussed
for each child and is used to measure the interaction cost of the negotiation process.
Consensus Drift indicates the proportion of cases in which a dimension that has reached
agreement later returns to a non-consensus state when discussion continues. Rating Change
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indicates the proportion of cases in which the rating assigned to an agreed dimension
changes during subsequent discussion. Because the full framework locks a dimension
immediately after agreement is reached, the latter two metrics apply only to the Without
Dimension Locking setting and are marked as N/A for the full framework.

Table 5. Effect of dimension locking on interaction efficiency and consensus stability.

Configuration Workload  Consensus Drift Rating Change
Multi-Agent Consensus 8.58 +0.62 N/A N/A
Without Dimension Locking 16.65 = 0.54 0.53% £ 0.33% 0.23% £ 0.17%

Note: Values are reported as mean + sample SD over five independent runs. Workload denotes the average
number of discussed dimension-round units per child. Consensus Drift and Rating Change are calculated only
for dimensions that remain in negotiation after consensus has been reached. In Multi-Agent Consensus, such
dimensions are locked and excluded from later negotiation; therefore, these metrics are not applicable (N/A).

As shown in Table 5, removing dimension locking increases the average Workload per
child from 8.58 to 16.65, which is nearly twice that of the full framework. This indicates
that allowing agreed dimensions to continue participating in later negotiation substantially
increases repeated dimension-level discussion. Meanwhile, in the Without Dimension
Locking setting, Consensus Drift is only 0.53%, and Rating Change is only 0.23%. This
shows that most dimensions that have already reached agreement remain stable during
repeated discussion, and continued discussion rarely leads to substantive changes in
the assessment results. Taken together, these results indicate that dimension locking
reduces unnecessary repeated discussion while keeping subsequent negotiation focused
on unresolved disagreements. Supplementary File S2 reports a six-child measurement of
model requests, token consumption, assessment time, and negotiation workload across
assessment configurations.

4.5. Explainability and Human Expert Evaluation

This section evaluates the explanatory credibility of the proposed method from two
perspectives: a representative case study and a human expert evaluation. The case study
illustrates how Multi-Agent Consensus transforms initial expert disagreements into a
traceable process of consensus formation and decision justification. The human expert
evaluation further examines whether the final assessment levels, evidence-based rationales,
and negotiation trajectories are acceptable from the perspective of domain experts.

4.5.1. Case Study of an Explainable Assessment Report

To illustrate how the negotiation process supports explainable assessment, this study
analyzes a representative case involving initial disagreements across all four language
ability dimensions. As shown in Figure 5, Vocabulary Competence and Logical Expression
reached agreement and were locked after the third negotiation round, while Communi-
cation Skills reached agreement after the fifth round. Language Comprehension did not
reach unanimous agreement after negotiation and therefore required final adjudication by
the Judge Agent, mainly because the experts differed in how they interpreted the child’s
understanding of abstract concepts.

The disagreement over Language Comprehension centered on the trade-off between
context-supported concrete understanding and abstract or decontextualized concept com-
prehension. Some experts regarded the child’s ability to return objects to their proper
locations and identify common objects as evidence of basic language comprehension. Other
experts placed greater emphasis on the child’s difficulties with decontextualized concepts,
such as geometric shape names, and argued that comprehension remained unstable when
contextual support was removed. After multiple rounds of negotiation, the three experts
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still failed to reach a unanimous judgment on this dimension; therefore, the Judge Agent
performed final adjudication. Considering both the child’s concrete-context understand-
ing and limitations in abstract concept comprehension, the Judge Agent finally rated this
dimension as “fair”.

The discussion of Vocabulary Competence focused mainly on vocabulary repertoire
and lexical retrieval fluency. The child was able to use some concrete words, such as object
names, indicating a certain vocabulary foundation. However, repeated expressions such as
“guo guo guo”, disfluent lexical retrieval, and occasional inaccurate word use also suggested
limitations in vocabulary use. Through negotiation, the experts gradually converged on a
shared judgment. Expert 2 revised the original higher rating to “fair” and acknowledged
limiting factors such as lexical retrieval difficulties. This dimension reached unanimous
agreement among the three experts in the third round and was locked as “fair”.

A: Case Overview

Case ID: Child-16
Final Explainable Assessment:

Dimension Level Source
= Far Ad jiz?gaeﬂon
v Fair Consoneus
LE Fair Consaneus
cs Fair Consaneus

B: Consensus Negotiation Process

Dimension Initial Key neaotiation Negotiation Final
assessment Y neg outcome source
El: Fair Abstract language
LC E2: Excellent | understanding vs Unrfg.’ﬁ?c;ig:dge A d'itcjiciig:ﬁon
E3: Good contextual reasoning J J
Ve Eé PEofcrellen'r Vocabulary richness vs Round 3 — Fair Expert
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Figure 5. A representative case illustrating explainable language assessment and consensus formation
in the Multi-Agent Consensus framework. LC, VC, LE, and CS denote Language Comprehension,
Vocabulary Competence, Logical Expression, and Communication Skills, respectively. E1-E3 denote
the three independent expert agents. The green and orange elements indicate expert consensus
and Judge Agent adjudication, respectively. Blue shading is used for descriptive information and
table headers.

The disagreement over Logical Expression mainly arose from different emphases on
expressive complexity and context-based expression. Some experts emphasized that the
child’s utterances were mostly short sentences and lacked complex sentence structures,
independent narration, and causal elaboration. Other experts argued that the child could
produce basic expressions in the current interactional context and that the sentence struc-
tures were generally complete. As negotiation progressed, the expert judgments gradually
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converged: Expert 1 revised the rating from “poor” to “fair”, and Expert 2 revised the
rating from “good” to “fair”. The three experts eventually reached agreement in the third
round and locked this dimension as “fair”.

The core disagreement over Communication Skills concerned how to evaluate the
child’s overall performance across spontaneous initiation, response quality, and interaction
maintenance. On the one hand, the experts noted limited spontaneous initiation, limited
topic extension, and shallow interactional depth. On the other hand, they also considered
that the child still demonstrated joint attention and basic social responsiveness. After
further negotiation, the experts gradually reached agreement on the balance between
limited initiative and basic social participation. Expert 3 revised the rating from “poor” to
“fair”, and the three experts ultimately reached agreement in the fifth round, locking this
dimension as “fair”.

This case demonstrates the complete consensus formation process in Multi-Agent
Consensus, from independent assessment and disagreement identification to expert negoti-
ation and final adjudication. Unlike assessment methods that output only final scores, the
proposed framework preserves the decision source for each dimension: some dimensions
reach consensus through expert negotiation, whereas others are finally adjudicated by the
Judge Agent when disagreement persists. In addition, the negotiation process records
changes in expert opinions, key points of disagreement, and the rationale for the final
decisions, thereby providing a traceable formation path for the assessment results.

4.5.2. Human Evaluation of Explainability

To assess the explanatory quality of the assessment reports generated by Multi-Agent
Consensus, this study conducted a human expert evaluation. The assessment reports for
all 79 children served as the evaluation materials and were independently rated by two
doctoral students in intelligent education whose research focuses on child language devel-
opment and one postdoctoral researcher in speech and hearing rehabilitation science. The
anonymized evaluation materials included each child’s age and sex, dialogue transcript,
final assessment results, supporting evidence, decision sources, and consensus negotiation
trace. The evaluators were unaware of the children’s MSEL results during rating. The
evaluation included five metrics. Assessment Reasonableness assesses whether the final
assessment levels are consistent with the child’s language performance and the relevant
evidence. Evidence Sufficiency examines whether the key assessment evidence is adequate
to support the final assessment results. Consensus Trace Reliability examines whether the
identification of expert disagreements, revision of opinions, and formation of consensus are
consistent with reasonable expert decision-making logic. Decision Transparency examines
whether the rationale and formation process of the final decisions are clear and under-
standable. Overall Explainability provides a comprehensive evaluation of the explanatory
quality of the assessment report as a whole.

The human experts rated each report using a 5-point Likert scale, where 1 indicated
complete disagreement and 5 indicated complete agreement [42]. For each evaluation
metric, we first calculated each expert’s average score across the 79 assessment reports
and then reported the mean and sample standard deviation across the three expert-level
average scores. The study also used the two-way random-effects absolute-agreement
average-measures intraclass correlation coefficient (ICC), specifically ICC(A k), with k = 3,
to evaluate inter-rater reliability based on the report-level ratings from the three experts.
The human evaluation results are shown in Table 6. The reported mean scores for all five
evaluation metrics exceed 4.2, indicating that the experts generally recognized the quality
of the explanations generated by the framework. Decision Transparency achieved the
highest score (4.46), suggesting that the reports clearly presented the rationale for the final
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decisions and the process through which they were formed. Assessment Reasonableness
also received a high score (4.41), indicating that the final levels were largely consistent with
the children’s language performance and the relevant evidence.

In addition, the ICC(A k) values for the five evaluation metrics range from 0.838 to
0.897, indicating high agreement among the three experts in their ratings of the explana-
tory quality of the Multi-Agent Consensus assessment reports. Decision Transparency
achieved an ICC(A k) of 0.897, while the other evaluation metrics also maintained high
levels of consistency. These results suggest that the experts made consistent judgments
regarding the explanatory quality of the assessment reports, supporting the reliability of
the human evaluation.

Table 6. Human expert evaluation of the explainability of Multi-Agent Consensus assessment reports
for all 79 children.

Evaluation Metric Mean + SD ICC(A,k)
Assessment Reasonableness 441 +0.13 0.874
Evidence Sufficiency 425 +0.13 0.838
Consensus Trace Reliability 423 +0.18 0.879
Decision Transparency 446 +0.17 0.897
Overall Explainability 435+0.12 0.869

Note: Mean + SD denotes the mean and sample standard deviation across the three expert-level average scores.
For each evaluation metric, each expert-level average score was calculated across the 79 assessment reports.
ICC(A k) = intraclass correlation coefficient, two-way random-effects absolute-agreement average-measures
form with k = 3, calculated from the report-level ratings of the three experts. Higher scores indicate better
perceived explainability.

Although the overall ratings are high, the scores for all evaluation metrics remain
below the maximum value, indicating that the generated reports still leave room for
improvement. The case analysis suggests that, in complex assessment scenarios, the reports
should strengthen the explicit connection between assessment evidence and final judgments
to improve Evidence Sufficiency. The links among opinion revision, evidence citation, and
final decision-making during negotiation could also be refined to improve Consensus Trace
Reliability. In addition, improving the organization and presentation of report information
may enhance Overall Explainability.

5. Discussion

The proposed Multi-Agent Consensus framework models automated language ability
assessment for children with ASD as a structured multi-agent consensus process. Be-
yond aggregating independent assessments, the framework makes disagreements explicit
and records how judgments are revised and integrated through evidence-based negotia-
tion. Because language comprehension, vocabulary competence, logical expression, and
communication skills rely on partly different behavioral evidence, a single assessor may
overemphasize particular linguistic cues. Multi-agent negotiation makes these judgment
rationales explicit and comparable, thereby reducing uncertainty related to evidence selec-
tion, rating boundaries, and explanatory preferences. The value of the proposed method
therefore lies not only in improving correlation with the external criterion but also in
producing a reviewable and traceable record of consensus formation.

The process analysis further reveals how the multi-agent consensus mechanism op-
erates. The proportion of agreed-upon dimensions at the child level increases gradually
across negotiation rounds, indicating that expert negotiation can transform a substantial
portion of initial disagreements into shared judgments. However, the gains in later rounds
gradually diminish, suggesting that consensus formation does not increase linearly with
the number of rounds, but instead shows diminishing returns determined by the difficulty
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of the remaining disagreements. The dimension-level results also show that the extent to
which disagreements can be resolved through negotiation varies across language-ability
dimensions. Logical Expression and Communication Skills more readily support con-
sensus because experts can rely on observable evidence such as sentence organization,
response quality, turn maintenance, and interactional initiative. In contrast, Language Com-
prehension involves more complex judgments concerning contextual semantics, implicit
intentions, situational support, and developmental boundary distinctions, and is therefore
more likely to involve persistent disagreements that require integrative adjudication by
the Judge Agent. This finding suggests that disagreement itself has explanatory value
in automated child language ability assessment: it not only reflects instability in model
outputs but may also correspond to dimensions in real assessment tasks where evidence
interpretation is difficult and ability boundaries are ambiguous.

Compared with existing automated assessment methods that mainly focus on final
scores or rating prediction, another core contribution of the proposed framework is its
explicit documentation of how assessment conclusions are formed. Multi-Agent Consensus
produces not only final levels and total scores but also initial expert positions, disputed
dimensions, opinion revisions, locking rounds, and adjudication sources. This shifts the
explanation of assessment results from “result explanation” to “process explanation”. Both
the case analysis and the human expert evaluation show that such process-level records help
experts understand why an assessment conclusion was formed, which dimensions involved
prior disagreement, which conclusions were derived from expert consensus, and which
conclusions depended on integrative judgment by the Judge Agent. For language ability
assessment in children with ASD, a task that relies heavily on natural interaction evidence
and professional interpretation, improving predictive correlation alone is insufficient to
support practical application. The ability to present a traceable evidence chain and decision
path also affects the acceptability of automated assessment results to experts and their
utility in expert review.

From an application perspective, the proposed method is better suited as an auxiliary
analytical tool for human-artificial intelligence (Al) collaborative assessment. The language
performance of children with ASD is highly heterogeneous, and the same segment of
language behavior may simultaneously involve vocabulary, comprehension, expressive
organization, and social communication. Comprehensive judgment therefore requires
consideration of the child’s age, interactional context, and specific linguistic evidence. By
systematically presenting differences in expert judgments and the process of consensus
formation, the proposed framework can help professionals quickly identify high-consensus
conclusions and highly disputed dimensions, and support focused review of cases requir-
ing Judge Agent intervention or involving insufficient evidence. The dimension locking
mechanism further shows that reducing repeated discussion of dimensions with stable
agreement can lower interaction costs and focus subsequent negotiation on dimensions
with remaining interpretive difficulty. Thus, the framework provides a feasible path for fu-
ture Al-assisted assessment systems for child development, balancing assessment validity,
process transparency, and review efficiency.

This study still has several limitations. First, the assessment in this study is based
primarily on transcripts of parent-child free-play interactions, and multimodal information
from speech, visual signals, and behavioral cues was not fully utilized. Therefore, the
framework’s ability to model multimodal language performance requires further improve-
ment. Second, although the three Expert Agents are instantiated as independent assessors,
they are all based on the same base language model, and their professional backgrounds
and cognitive preferences are not explicitly modeled. Future work could introduce Expert
Agents with different areas of professional expertise to examine the influence of role hetero-
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geneity on the consensus formation process. In addition, the current sample size and data
sources remain limited, and the generalizability of the assessment results across regions,
language environments, and clinical populations requires further validation. Although the
human expert evaluation indicates that the reports generated by the proposed framework
provide credible explanations, whether such reports can support sustained expert review,
intervention decisions, and follow-up management in real clinical and educational settings
still needs to be examined through longitudinal studies and real-world applications.

6. Conclusions

This paper proposed a Multi-Agent Consensus framework for explainable automated
assessment of language ability in children with ASD using parent—child free-play dialogue
transcripts. The framework models assessment as a consensus-formation process that
combines independent Expert Agent judgments, dimension-level disagreement detection,
evidence-based negotiation, dimension locking, and Judge Agent adjudication. Exper-
iments on 79 children showed that the proposed method achieved higher consistency
with MSEL VDQ scores than Single Agent and Initial Expert Aggregation baselines, while
maintaining strong cross-run stability. Ablation experiments, process analyses, case-study
analysis, and human expert evaluation further demonstrated that the framework can re-
solve assessment disagreements, reduce unnecessary repeated discussion, and generate
reports with clear evidence, reliable consensus traces, and transparent decision paths.
Overall, these findings suggest that multi-agent consensus provides a feasible approach
to improving assessment validity while providing structured, traceable explanations for
Al-assisted child language assessment. The observed correlations provide evidence of crite-
rion validity; clinical validity and effectiveness in practice remain to be established beyond
the current limited sample and data sources. Future work will incorporate multimodal
evidence, introduce heterogeneous Expert Agents, and validate the framework in larger
and more realistic clinical or educational settings.
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