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Abstract

Automated Alzheimer’s Disease (AD) screen-
ing has predominantly followed the Inductive
paradigm of pattern recognition, which di-
rectly maps the input signal to the outcome
label. This paradigm sacrifices construct valid-
ity of clinical protocol for statistical shortcuts.
This paper proposes an Agentic Cognitive As-
sessment Framework that realigns automated
screening with clinical protocol logic. Rather
than learning opaque mappings from transcripts
to labels, the framework decomposes standard-
ized assessments into atomic cognitive tasks
and orchestrates specialized LLM agents to
extract verifiable scoring primitives. Central
to our design is decoupling semantic under-
standing from deterministic measurement via
function calling, thereby eliminating halluci-
nation and restoring construct validity. On
a Cantonese cognitive screening corpus, the
framework achieves 90.5% score match rate
in task examination and 85.3% accuracy in
AD prediction, surpassing popular baselines
while generating interpretable cognitive pro-
files grounded in behavioral evidence. This
work demonstrates that construct validity and
predictive performance need not be traded off,
charting a path toward AD screening systems
that explain rather than merely predict.

1 Introduction

Alzheimer’s Disease (AD) is a progressive neurode-
generative disorder characterized by the deteriora-
tion of specific cognitive faculties, such as memory
and executive function. Since neuropathological
changes are often clinically silent in early stages,
clinicians rely on standardized cognitive stress
tests—such as the Montreal Cognitive Assessment
(MoCA) (Hobson, 2015)—as causal probes to de-
tect underlying deficits (Harvey, 2012). Unlike pas-
sive observation, these tests are engineered proto-
cols designed to isolate and quantify distinct cogni-
tive domains. For instance, list learning tasks (Delis
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Figure 1: The Conceptual Framework. We align AD
detection with clinical construct validity by operational-
izing the causal chain from Alzheimer’s Disease to Cog-
nitive Deficits into an agentic workflow comprising Cog-
nitive Tasks and Verifiable Metrics.

et al., 2000) explicitly stress memory encoding and
retrieval, while visual naming tasks (Giles et al.,
1996) probe the integrity of semantic knowledge
and visual perception. Consequently, this paradigm
of structured cognitive profiling yields verifiable
diagnostic evidence, establishing a reliable corner-
stone for clinical decision-making.

In contrast to this deductive clinical logic, the
field of automated AD screening has predominantly
followed the paradigm of inductive pattern recog-
nition. Early approaches relied on handcrafted
features (e.g., lexical diversity, syntactic complex-
ity) (Fraser et al., 2016; Weiner et al., 2019), while
recent works leverage the Pre-trained Language
Models (PLMs) (Balagopalan et al., 2020; Yuan
et al., 2020) to map input transcripts directly to
diagnostic labels. Although PLM-based meth-
ods have significantly improved benchmark per-
formance (e.g., on ADReSS (Luz et al., 2020)),
they fundamentally treat AD detection as a "de-
contextualized" classification task, which identifies
all possible statistical correlations between featur-
ized inputs and diagnostic labels. These "black-
box" models face inherent reliability challenges.



Notable studies have identified the "Clever Hans"

effect (Liu et al., 2024; Sahidullah et al., 2025;

Kang et al., 2025), where models could predict

correct labels based on non-pathological shortcuts.

Besides, the field observes inconsistent findings

regarding feature robustness on speech recogni-

tion errors (Kang et al., 2024; Li et al., 2024a).

Fundamentally, these issues are derived from their

intrinsic paradigm: pattern recognition models la-

bel outcomes, rather than causal evidence, as in
clinical protocol.

From the lens of construct validity (Strauss and
Smith, 2009), the divergence between these two
paradigms reveals a fundamental measurement
gap (Van der Wal et al., 2024). The clinical protocol
largely operationalizes the target neurocognitive
constructs: performance decrements are directly at-
tributable to specific failures in cognitive domains
(e.g., memory deficits). Conversely, predominant
data-driven approaches often sacrifice construct va-
lidity for predictive validity, thereby encoding more
construct-irrelevant variance—confounding proxy
features (e.g., dialect, or acoustic shortcuts) with
genuine pathological signals.

This paper aims to realign automated AD screen-
ing with clinical grounding. To this end, we pro-
pose an Agentic Cognitive Assessment Framework
that shifts from inductive pattern recognition to
deductive clinical profiling. The key insight is
to operationalize clinical scoring logic through a
multi-agent workflow: rather than learning opaque
mappings from transcripts to labels, we decom-
pose standardized assessments into atomic cogni-
tive tasks and orchestrate specialized LLM agents
to extract verifiable scoring primitives. Specifi-
cally, we decouple semantic understanding from
measurement, where agents interpret natural lan-
guage while delegating quantification to determin-
istic function calling, thereby isolating cognitive
constructs from linguistic confounds. In short, we
make the following contributions:

* Framework: We propose an Agentic Cognitive
Assessment Framework based on a multi-agent
workflow. This framework supports both zero-
shot screening via clinical thresholds and super-
vised classification via extracted behavioral fea-
tures.

* interpretability: The framework ensures trans-
parent prediction following explicit clinical cut-
offs, and the supervised classifiers operate exclu-
sively on behavior-grounded scoring primitives.

* Performance: On a Cantonese cognitive AD

detection corpus, the framework achieves 90.5%
score match rate in task examination and 85.3%
accuracy in AD detection, surpassing PLM-based
baselines while maintaining interpretability.

2 Related Work

2.1 Clinical Cognitive Assessment

Clinical cognitive assessments are standardized
protocols designed to isolate and quantify neu-
rocognitive deficits (Harvey, 2012). These instru-
ments generally fall into three categories based
on granularity. Rapid screening tests, such as
the ADS8 (Galvin et al., 2005), typically question
functioning (e.g., troubles with making decisions)
and detect initial functional shifts before formal
testing. Domain-specific tests target distinct fac-
ulties. In language function, the "Cookie Theft"
task (from the Boston Diagnostic Aphasia Exami-
nation (Goodglass et al., 2001)) underpins bench-
marks like ADReSS (Luz et al., 2020, 2021). In
memory function, list-learning tasks (Delis et al.,
2000; Au et al., 2003) serve as the gold standard
for episodic memory. Comprehensive screening
tests profiles impairment across multiple domains.
The Mini-Mental Status Examination (Cockrell and
Folstein, 2002) is a widely used baseline, but it suf-
fers from ceiling effects in early-stage pathology.
Consequently, the Montreal Cognitive Assessment
(MoCA) (Hobson, 2015; Yeung et al., 2014) has
emerged as the standard for detecting Mild Cog-
nitive Impairment (MCI) due to its sensitivity to
executive dysfunction. We adopted MoCA and the
Hong Kong List Learning Test (HKLLT) (Au et al.,
2003) as the clinical foundation for this work.

2.2 Automatic AD detection

Dominant research in natural language-based AD
detection has been driven by the exploration of
effective features for better discrimination. Early
efforts utilized handcrafted acoustic and linguis-
tic features (Fraser et al., 2016; Weiner et al.,
2019), such as decreasing jitter and lexical di-
versity. The advent of pre-trained models has
shifted the paradigm toward deep representation
learning, achieving state-of-the-art performance
across text (Balagopalan et al., 2020; Meng et al.,
2023; Yuan et al.,, 2020; Wang et al., 2022),
speech (Haulcy and Glass, 2021; Li et al., 2023;
Zhu et al., 2021), and multi-modal settings (Koo
et al., 2020; Li et al., 2025a; Syed et al., 2021) by
capturing rich semantic dependencies.



More recently, distinct approaches have explored
incorporating certain clinical knowledge as priors
in model design. (Li et al., 2024b; Park et al., 2025)
assesses the information retrieval in the Cookie
Theft picture description task, and (Li et al., 2025a)
quantifies image-narrative alignments in image-
based storytelling tasks. These methods provide
certain explainability yet lack explicit modeling of
clinical decision making, thus limiting both trans-
parency and coverage of cognitive profiling.

Beyond algorithmic advances, a body of research
has also validated the deployment practices of au-
tomated AD detection systems, including (Ding
etal., 2022; An et al., 2025; Breithaupt et al., 2025).
These efforts adopt a human-computer interaction
perspective, exploring the use of graphical user
interfaces (GUISs) to administer test items to par-
ticipants. Such work has progressively narrowed
the gap between GUI-based interaction and human-
administered assessment.

2.3 LLM-based Agentic Workflow

Agentic workflows enable LLMs with the capacity
to navigate complex problem spaces through itera-
tive cycles of perception, planning, and execution.
This shift turns opaque generation into transpar-
ent, verifiable actions. Agents have shown great
potential in multiple domains, including coding au-
tomation (Yang et al., 2024), scientific discovery
(M. Bran et al., 2024), and open-world exploration
(Wang et al., 2024).

In the context of clinical cognitive assessment,
very few works have explored this area. (Bazgir
et al., 2025) employs LLM agents for AD disease
management. (Li et al., 2025b) and (Hou et al.,
2026) develop agents for data preprocessing and
model selection, respectively, while still relying on
external neural networks for classification.

3 Methodology

3.1 Task Definition and Cognitive Constructs

We formulate the automatic AD detection process
as a cognitive profiling task. Formally, given a
session transcript X, our objective is to extract
a set of interpretable Scoring Primitives, S =
{s1, 2, ..., Sk}, representing the atomic units of
clinical evidence (e.g., "successful name a depicted
animal", or "successful recall of ‘velvet’"). These
primitives serve as a grounded representation to
derive both a human-readable screening report and
a binary detection label.

Table 1: Overview of Cognitive Tasks and Scoring
Primitives. Scoring primitives define measurable perfor-
mance units and their maximum scores.

Task Scoring Primitives Score

MoCA-SL (Assess language, attention, executive functions)

Picture Naming Per-item correctness (x 3) 3
Digit Span Forward/backward correctness 2
Serial 7 Subtraction # correct subtractions 3
Sentence Repetition Per-sentence correctness (x2) 2
Animal Fluency # valid animals 1
Abstraction Per-pair correctness (x2) 2

Total: 13

HKLLT (Assess learning and memory functions)

Trial-4 # recalled words (10-min delay) 16
Trial-5 # recalled words (30-min delay) 16

Structured Input: Unlike open-ended conversa-
tions where cognitive signals are sparse and entan-
gled, we ground our framework in standardized
clinical protocols.

Based on MoCA and HKLLT, we adopt a MoCA-
SL (Spoken Language subset of MoCA) and Trial
4/5 in the HKLLT as our profiling tasks, to ensure
construct validity and valid cognitive profiling. The
corresponding cognitive domains and scoring prim-
itives are summarized in Table 1, while we present
more details in Appendix A. We assume structured
input: participant demographics (age, years of edu-
cation) paired with verbal responses to each cogni-
tive task. This input format directly mirrors clinical
practice, and it is scalable for large-scale deploy-
ment, where a growing body of HCI research (Ding
et al., 2022; An et al., 2025; Breithaupt et al., 2025)
has demonstrated that GUI-based interfaces can
reliably administer these standardized tests.
Explainable Output. Beyond binary prediction
(y € {AD,HC}), our framework generates a struc-
tured cognitive profile that details why a screen-
ing conclusion is reached. We argue that an inter-
pretable screening system should not be limited
to binary prediction. In clinical practice, assess-
ment of cognitive impairment is never a simple
yes-or-no decision, it is equal crucial to understand
how the assessment leads to a particular conclusion.
Such information is essential for patient commu-
nication and treatment planning. Our framework
addresses this by generating cognitive reports that
detail task-level evidence alongside clinical inter-
pretations (e.g.,failure in delayed recall).

3.2 Agentic Examination

The Examination stage employs a multi-agent
workflow to transform verbal responses into struc-
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Figure 2: Overview of the Agentic Cognitive Assessment Framework. The workflow comprises three stages: (1)
Administration: Collection of standardized task responses; (2) Examination: Multi-agent Workflow with Determin-
istic Function Calling and Verification Loop; (3) Inference: Aggregation of verified metrics for classification and

explainable reporting.

tured scoring primitives (see Figure 2). We de-
scribe each component below.

3.2.1 Task-Specific Examiner Agents

The Assigner routes each task response to a dedi-
cated Examiner agent equipped with task-specific
prompts. Task prompts are structured, comprising
four components: (1) Task Introduction: clinical
role and assessment objective; (2) Guidelines: pro-
cessing rules and edge cases; (3) Output Format:
response structure; and (4) Examples: demonstra-
tions for consistent behavior. And each Examiner
therefore applies task-specific rules to process tran-
scription, outputting task-specific scoring primi-
tives for downstream processing. Prompt template
and examples are provided in Appendix E.1.

This modular design enables flexible task-
specific processing. For instance, the Animal Flu-
ency Examiner require semantic understanding to
parses responses, identifies valid animals, and dedu-
plicates lexical variants before counting. Others
could act as simple bridges—the Sentence Repeti-
tion Examiner directly passes the target sentence
and transcription to keyword_check() without in-
termediate processing. While more autonomous
planning architectures are feasible, our preliminary
experiments indicate that fixed, template-based
guidelines yield more stable and input-robust out-
puts.

3.2.2 Deterministic Function Calling

A key design principle is the decoupling of seman-
tic understanding from measurement. While LLMs
interpret natural language content, such as eliminat-
ing disfluencies, understanding dialectal variations
and semantics. All quantification is delegated to de-
terministic functions, eliminating hallucination in
numerical outputs. Specifically, Examiner agents
have access to a library of scoring tools. Some func-
tions are shared across tasks, while others are task-
specific. For instance, keyword_check () function
check if certain keyword appears in a list, and could
serve both Sentence Repetition and Digital Span
tasks. parse_hkl1t() function extracts HKLLT-
specific metrics such as semantic clustering.

3.2.3 Verification Loop

We observe that Examiner agents exhibit halluci-
nation when processing transcripts—LLMs occa-
sionally fabricate false evidence to justify incorrect
scores. This issue is particularly pronounced when
deploying smaller, locally-hosted models. To en-
sure reliability, each Examiner’s result undergoes
validation by a verifier agent. The verifier receives
the original transcript alongside the Examiner’s
output and evaluates correctness. If discrepancies
are detected—such as hallucination or incorrectly
parsed responses— verifier agents provide feed-



Post Processing

Scorlng Primitives

# recalled

keywords )—o(l’ask Scor%

Q1 pass/fail ]

02 pass/fail GaSK Scor% Test Score

Look up
Normallzed —-) @ Normative
Aggregate Test score Table
—> @ —» Classification / Profiling

Figure 3: Cognitive profile inference pipeline. Veri-
fied scoring primitives from each task are aggregated,
normalized against demographic norms, and used for
classification and report generation.

back specifying the error, and the Examiner regen-
erates its output. This loop continues for up to 3
iterations, after which the result is accepted regard-
less of verification status.

3.3 Cognitive Profile Inference

The Inference stage aggregates verified scoring
primitives, normalizes them against population
norms, and generates both a prediction and an in-
terpretable clinical report (see Figure 3).

3.3.1 Score Normalization

In this stage, scoring primitives from all examiners
are collected into a unified JSON structure. Task
scores are computed by aggregating primitives ac-
cording to standard clinical protocols,for example,
summing per-item correctness flags in Picture Nam-
ing task. These task scores then aggregate into test
scores: MoCA-SL (maximum 13 points) and HK-
LLT trial scores (maximum 16 words each).

To obtain norm-referenced scores, we consult
age-education stratified normative tables. For HK-
LLT, published Hong Kong norms are directly
available. For MoCA-SL, however, existing nor-
mative data are based on the full 30-point assess-
ment (Wong et al., 2015). We address this by lin-
early rescaling the full MoCA norms proportionally
to the MoCA-SL score range, keeping comparable
distributional properties. Alternative estimation
methods are compared in Appendix C.

3.3.2 Prediction

We implement two prediction approaches: zero-
shot and supervised. The zero-shot method applies
established clinical thresholds directly without re-
quiring any training data: a participant is flagged
as AD if the MoCA-SL score falls below the 16th
percentile, or if either HKLLT delayed recall score

(10-min or 30-min) falls below -1.0 SD. These cut-
offs correspond to standard clinical practice for
identifying mild cognitive impairment, ensuring
full transparency in decision logic.

We also find that behaviorally-grounded scoring
primitives serve as effective features for supervised
classification. Using all primitives as input, we
train an SVM classifier that achieves strong perfor-
mance. Unlike black-box approaches that operate
on abstract learned representations, this classifier
relies exclusively on interpretable behavioral evi-
dence extracted from task performance.

3.3.3 Cognitive Profiling

Beyond binary prediction, the Meta Analyst agent
explains why a particular outcome is reached,
grounding each conclusion in task-level evidence.
The agent receives the participant’s scoring primi-
tives, norm-referenced scores, and a domain knowl-
edge document specifying each task’s clinical sig-
nificance, normal ranges, and interpretation guide-
lines.

The output comprises two steps: (1) a risk anal-
ysis regarding multiple cognitive domains (e.g.,
memory, executive function), with each domain
containing a status indicator, supporting evidence,
and clinical interpretation; and (2) a narrative state-
ment summarizing the participant’s overall cogni-
tive profile. The cognitive profile and final predic-
tion are derived from identical evidence, ensuring
that the screening outcome is not merely a label but
a transparent, auditable clinical judgment.

4 Data

To our knowledge, no publicly available dataset
provides structured responses from standardized
cognitive assessments. Therefore, we evaluate
our framework on an in-house Cantonese speech
corpus collected for cognitive screening research.
The corpus comprises recordings from 1,063 older
adults, each participating in a clinician-guided as-
sessment session lasting approximately 1.5 hours.
Sessions cover multiple standardized cognitive
tests, including ADS, MoCA, HKLLT, and the
Modified Boston Naming Test (mBNT), etc.
Inclusion Criteria. Participants were required to
be (1) aged 60 years or above, (2) proficient in spo-
ken Cantonese, and (3) capable of completing all
tests with adequate vision and hearing (corrective
aids permitted).

Annotation and Labels. Of the full corpus, 402
sessions have been manually transcribed with task-
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Figure 4: Demographic distribution of participants in
datasets. Subplots depict age and years of education for
Alzheimer’s (AD) and healthy control (HC) groups.

level segmentation. Each participant was assigned
a binary label—AD-risk (AD) or healthy control
(HC)—by professional clinical assessors. We use
this annotated subset for all experiments in this
work.

Data Split. We partition the annotated data into
training (N=334) and test (N=68) sets. The age
and education distributions of participants are pre-
sented in Figure 4, which shows balanced demo-
graphic patterns between the AD and healthy con-
trol groups.

Task Coverage. As detailed in Table 1, we extract
responses from two test batteries: (1) MoCA-SL,
comprising six spoken-language (SL) tasks from
the full MoCA protocol, and (2) HKLLT, a repre-
sentative test assessing learning and memory abil-

ity.
5 Experiments and Results

5.1 Experimental Setup

We implement all agents using Qwen3-8B de-
ployed locally via vLLM, with temperature set to
0.3 for examiners and 0.1 for verifiers. We compare
against three baseline categories: (1) traditional ap-
proaches using handcrafted linguistic features (13
features); (2) PLM-based methods applying BERT
and RoBERTa on concatenated task transcripts; and
(3) LLM-CoT, which prompts the same backbone
model with concatenated transcripts in a Chain-of-
Thought (CoT) manner (Park et al., 2025). For task
examination, we report Score Match Rate (SMR)
and Mean Absolute Error (MAE), where SMR indi-
cates the exact agreement percentage with manual
scores; MAE contextualizes error magnitude. For
screening inference, we report Accuracy, F1, Preci-
sion, and Recall. Supervised classifiers (SVM with
RBF kernel, MLP) are trained on extracted scoring
primitives. All experiments are repeated 5 times,
and we report the mean performance. Implementa-
tion details are provided in Appendix B.

Table 2: Task-level examination result. Score Match
Rate (SMR) indicates the exact agreement percentage
with manual scores; Mean Absolute Error (MAE) con-
textualizes error magnitude, annotated by each task’s
typical score range (e.g., /3, /16). Func. Call: Deter-
ministic Function Calling

. w/o w/o
Task Metric Full Verifier Func. Call
MoCA-SL
Picture Naming SMR  970% 97.0%  92.6%
€ MAE® 003 003 0.07
Disit Soan SMR  98.5% 98.5%  77.3%
gitop MAE» 001 001 0.24
. SMR  824% 70.6%  63.2%
Serial 7Sub. \iaE s 019 032 0.63
Sentence Rep,  SMR  897% 89.7%  86.8%
P MAE®w 0.0 0.10 0.13
Animal Flueney SMR 983% 97.1%  985%
Y MAEw) 001  0.03 0.02
Absiraction | SMR 823% 647%  67.6%
stractio MAE » 0.18  0.38 0.32
Score- SMR  90.5% 855% 79.2%
Weighted Avg. MAE  0.10  0.16 0.27
HKLLT
Triald SMR  94.1% 94.1%  27.9%
MAE i1 0.07  0.07 223
Trialos SMR  92.6% 92.6%  23.5%
MAE i1 0.07  0.07 2.32

5.2 Task Examination Evaluation

Examination Results. Table 2 presents per-
task SMR and MAE. Tasks with low-inference
tasks—Picture Naming, Digit Span, and Animal
Fluency—achieve near-ceiling accuracy (>97%),
as they involve straightforward extraction aligned
with clinical scoring rules. High-inference task Se-
rial 7 Subtraction and Abstraction show slightly
lower but robust performance (82%), as these
tasks require nuanced semantic judgment. HKLLT
delayed recall tasks also achieve high accuracy
(>92%). Note that Sentence Repetition exhibits
lower SMR (89%) due to pronunciation-level ambi-
guities where clinical assessors and annotators of-
ten disagree; we deprioritize this task in subsequent
analyses. Overall, the framework achieves 90.5%
weighted-average SMR with 0.10 MAE, demon-
strating reliable examination across diverse cogni-
tive tasks. We leave more results and discussions
in Appendix D.

Ablation Study. Table 2 also quantifies the con-
tribution of the verification loop and deterministic



function calling. For low-inference tasks, remov-
ing either component yields negligible changes, as
performance already approaches the ceiling. How-
ever, on high-inference tasks, the Verifier proves
essential: its removal causes substantial drops in
Abstraction and Serial 7 Subtraction, indicating it
corrects hallucinated evidence in nuanced reason-
ing. Removing function calling causes more se-
vere degradation on counting-intensive tasks (e.g.,
HKLLT Trial-4), confirming that LLM requires de-
terministic computation for reliable measurement.
Together, these results demonstrate that both com-
ponents are critical for challenging tasks.

Case Study. We conduct error analysis to inves-
tigate failure modes. Details can be found in Ap-
pendix F. For low-inference tasks, errors primar-
ily stem from model hallucinations that the ver-
ifier fails to handle. As we implemented an 8B
model, we expect larger models might be more sta-
ble, thus mitigating such issues. For high-inference
tasks, errors typically occur at boundary cases due
to response diversity. For instance, in the train-
bicycle similarity task, the model accepted "both
can move" as correct, while the assessor judged it
too generic.

5.3 Screening Inference Evaluation

Prediction Results. Table 3 compares AD screen-
ing performance across baseline and proposed sys-
tems. The proposed agentic framework outper-
forms prior PLM-based methods in both zero-shot
and supervised settings. Among baselines, BERT
achieves the best performance (76.4% accuracy),
consistent with prior findings on PLM-based AD
detection. LLM-CoT attains 70.6% accuracy in
a fully zero-shot manner, demonstrating the ad-
vantage of structured clinical inputs for domain
knowledge reasoning—yet its performance remains
bounded by the absence of verifiable measurement.
Our proposed framework addresses this limitation
through grounded scoring primitives. The zero-
shot approach surpasses the best baseline without
any training data, achieving the highest F1 score
(80.2%) across all systems. The supervised variant
further improves accuracy to 85.3%, establishing
a substantial margin over prior methods. We note
that SVM consistently outperforms MLP across
all configurations, likely due to class imbalance
causing naive MLP to exhibit prediction bias to-
ward the majority class. Ablation results align with
section 5.2: removing the verifier or function call-
ing degrades both zero-shot and supervised per-

Table 3: Comparison of Alzheimer’s disease screen-
ing performance across baseline and proposed systems.
Acc.: Accuracy; Prec.: Precision.

System Classifier Acc. F1 Prec. Recall
Baseline
MLP 68.2 557 583 544
Handcrafted SVM 706 678 56.8 84.0
MLP 737 59.5 68.3 52.8
BERT SVM 794 720 720 72.0
MLP 704 539 63.1 472
RoBERTa SVM 750 667 654 68.0
LLM-COT - 70.6 66.7 57.1 80.0
Proposed
Zero-shot - 824 80.2 814 80.2
w/o Verifier - 794 774 78.1 715
w/o Function - 69.1 63.3 66.8 63.0
Supervised MLP 815 669 957 520
P SVM 853 783 857 720
wlo Verifier MLP 732 445 944 29.6
SVM 779 615 857 48.0
w/o Function MLP 74.1 49.8 86.6 352
SVM 824 76.0 76.0 76.0
14| Pearson r=0.829, p=0.0000
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Figure 5: Alignment of the full MoCA score and the
subset MoCA-SL score.

formance, confirming their critical role in reliable
scoring primitive extraction.

Cognitive Profiling. Beyond binary prediction,
our framework generates structured cognitive pro-
files that explain why a screening conclusion is
reached. Each report is organized by cognitive
domain—memory, executive function, attention,
and language—with status indicators, supporting
evidence, and clinical interpretations grounded in
norm-referenced performance. This dual-output
bridges automated screening with clinical work-
flow, ensuring that outcomes are transparent and
auditable rather than opaque labels. We showcase
several complete example reports in Appendix E.2.

5.4 Analysis
Validate MoCA-SL scores. MoCA-SL serves as
the core protocol for assessing language, attention,



1004

[ Retries=0 [ Retries =2
[ Retries =1 [0 Retries =3

90+

80+

70+

Score Match Rate (SMR) %

60

Abstraction Serial 7 Sub.  Animal Fluency
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and executive functions, directly influencing both
screening outcomes and cognitive profiling. As a
spoken-language subset, a natural question arises:
does MoCA-SL introduce measurement noise com-
pared to the full MoCA gold standard? To vali-
date MoCA-SL, we examine its alignment with
full MoCA scores across all participants with both
assessments available. Figure 5 plots MoCA-SL
against full MoCA scores. Despite variance at low-
score ranges due to sparse samples, the two mea-
sures exhibit a strong linear relationship (Pearson r
=0.829, p < 0.001). This correlation confirms that
MoCA-SL preserves the discriminative validity of
the full assessment.

Verifier Max Retries. The Verification Loop it-
eratively corrects Examiner hallucinations, but ex-
cessive retries may introduce latency without per-
formance gains. We analyze how the maximum
retry Npmqol limit affects examination accuracy.
We vary N4, from O to 3 and measure SMR on
high-inference tasks where verification is most im-
pactful. Figure 6 shows SMR results. Performance
improves sharply from Np,q. =0t0 Nyppeqp = 1, with
diminishing returns beyond N, = 2. Based on
this analysis, we set Ny,q, = 3 to balance accuracy
and efficiency.

Feature Importance. We analyze SHAP values
on the SVM classifier to interpret feature contri-
butions. Figure 7 shows that memory-related HK-
LLT features (e.g. n_hkllt4_recall) are the most
influential, consistent with clinical consensus that
episodic memory is an effective early marker of
AD risk. MoCA-SL task scores (e.g., PicNam-
ing, 7Subtraction) follow, aligning with clinical ex-
pectations of language and attention as secondary
indicators. Notably, edu_year shows a negative
relationship—higher education is associated with
a higher predicted AD risk given the same raw
performance, reflecting stricter cutoffs for more ed-
ucated individuals. This reflects normative practice
where higher education corresponds to stricter cut-
offs, as aligned with clinical education-adjustment

High
n_hkllt4_recall:« «-atlffieht-nrotos o o
n_hkiit5_recall ~ weiffpmeq. v mae
PicNaming_score sl oo o
gender B
edu_year .. ._+_... e
7Subtraction_score comtpees o
delta_HKLLT_zScore S
HKLLT5_zScore e
n_Animal_count e - g
AnimalFlu_score R E
delta_HKLLT_n_recall - - o
Digit_g2_score - - 2
HKLLT5_n_clustering o &
Digit_score -4
Abstraction_q1_score -t
HKLLT4_n_clustering -+-
HKLLT4_zScore <+
Age .. .+...
Sentence_score .
Sentence_q1_score 4
Low

04 -02 0 02 04 06
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Figure 7: Feature importance analysis using SHAP val-
ues for the supervised SVM classifier.

(see Appendix C). Among low-impact features, we
hypothesize that the Sentence task contributes mini-
mally likely due to ceiling effects, and that HKLLT
semantic clustering metrics may be masked by the
dominant n_recall signal.

6 Conclusion

This work addresses a fundamental paradigm
gap in automated Alzheimer’s Disease screening:
while clinical protocols derive diagnostic evidence
through causal cognitive probes, predominant ap-
proaches follow inductive pattern recognition that
sacrifices construct validity for statistical shortcuts.
We propose an agentic cognitive assessment frame-
work that operationalizes deductive clinical profil-
ing through a multi-agent workflow. Central to our
design is the decoupling of semantic understand-
ing from measurement—agents interpret natural
language while delegating all quantification to de-
terministic function calling, thereby eliminating
hallucination and restoring construct validity. Ex-
periments demonstrate that the framework achieves
reliable task examination and surpasses PLM-based
baselines in screening prediction, while generating
interpretable cognitive profiles grounded in verifi-
able scoring primitives. By realigning automated
assessment with clinical protocol logic, this work
demonstrates that construct validity and predictive
performance need not be traded off, charting a path
toward AD screening systems that explain rather
than merely predict.



Limitations

1. Dependence on Predefined Scoring Rules

The framework’s operation aligns with standard-
ized clinical protocols, and its validity is therefore
contingent on the implementation of established
scoring rules. While this ensures fidelity to clinical
constructs, the assessment is inherently confined to
the cognitive domains predefined by the tasks.

2. Reliance on LLM Semantic Capability

While deterministic functions ensure objective
quantification, the agents’ semantic parsing per-
formance remains inherently constrained by the
LLM’s comprehension capabilities.

3. Restricted Dataset Accessibility

Due to Institutional Review Board constraints and
ethical guidelines, the clinical corpus used in this
work cannot be shared publicly, limiting direct re-
producibility. However, the framework itself is
language-agnostic in design. Its reliance on clinical
logic and structured task decomposition supports
potential migration to other languages.
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contributions are solely those of the authors. We
confirm compliance with ACL ethical guidelines.
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A Detailed Description of Cognitive
Assessments

A.1 Montreal Cognitive Assessment (MoCA)

Table 4 presents a summary of the Montreal Cogni-
tive Assessment (MoCA), a widely used screening
instrument designed to assess mild cognitive dys-
function by probing multiple cognitive domains, in-
cluding attention, executive functions, memory, lan-
guage, and conceptual thinking. In this work, we
utilized a specific subset termed MoCA-SL (Spo-
ken Language), which is highlighted with an aster-
isk (*) in the table. These tasks—including Picture
Naming, Digit Span, Serial 7 Subtraction, Sentence
Repetition, Verbal Fluency, and Abstraction—are
based entirely on verbal interaction. Unlike visual-
motor tasks (e.g., trail making), these spoken tasks
could be readily recorded and processed by an au-
tomated pipeline.

A.2 Hong Kong List Learning

Table 5 presents a summary of the Hong Kong List
Learning Test (HKLLT), a standardized neuropsy-
chological assessment that mainly probes verbal
learning and episodic memory through the recall of
a 16-word list. In this work, we specifically focused
on Trial 4 (10-minute delayed recall) and Trial 5
(30-minute delayed recall). These delayed recall
measures are regarded as particularly effective for
early diagnosis, as clinical research demonstrates
that the rate of rapid forgetting over these intervals
is the most sensitive discriminator between patients
with mild Alzheimer’s disease and normal elderly
controls.

B Implementation Details

Model & Deployment. We use Qwen3-8B! as
the backbone for all agents, deployed locally via
vLLM with half precision and 0.85 GPU memory
utilization. All experiments are conducted on 4
NVIDIA RTX 8000 (48GB).

Agent Configuration. Key inference parameters
include: max sequence length 4096, temperature
0.3 (Examiner) / 0.1 (Verifier), and top_p 0.9.

Baselines. Handcrafted linguistic features are de-
tailed in Table 6. For PLM-based methods, we
use BERT? and RoBERTa? with transcripts trans-
lated to Simplified Chinese. We do not finetune
"https://huggingface.co/Qwen/Qwen3-8B

“https://huggingface.co/google-bert/bert-base-chinese
3https://huggingface.co/hfl/chinese-roberta-wwm-ext
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Table 4: Detailed description and scoring criteria for the Montreal Cognitive Assessment (MoCA, Hong Kong

version). Tasks marked with * belong to the spoken-language subset (MoCA-SL) used in this study

Cognitive Domain

Task Description (DSM.-5) Scoring Primitives Score

Alternating Trail Making Draw a line to connect numbers Exec. Function Successful connection pattern 1
and characters in alternating or-
der

Copy Cube Copy a 3-dimensional cube struc- Perceptual Motor Correct 3D structure 1
ture

Clock Drawing Draw a clock face, numbers, and  Perceptual Motor Contour (1), Numbers (1), 3

*Picture Naming
*Digit Span
Vigilance (Tap)
*Serial 7 Subtraction
*Sentence Repetition

*Animal Fluency

*Abstraction
Delayed Recall

Orientation

set time to 11:10

Name three depicted animals
(e.g., Lion, Rhino, Camel)
Repeat digits forward and back-
ward

Tap hand at each target digit (e.g.,
’1’) in a sequence

Subtract 7 from 100 consecu-
tively

Repeat two sentences verbatim

Generate animal words starting
with a specific character/category
in 1 min

Identify similarity between word
pairs

Recall 5 words learned earlier (af-
ter ~5 min)

Identify current date, month,
year, day, place, and city

Language
Complex Attention
Complex Attention
Complex Attention
Language

Language, Execution

Function
Executive Function
Learning and Memory

Perceptual Motor, Orienta-
tion

Hands (1)

Per-item correctness (x3) 3
Forward (1), Backward (1) 2
< 1 error allowed 1

4-5 correct (3), 2-3 correct (2), 3
1 correct (1)
Per-sentence
(x2)

> threshold (e.g., 11 words) 1

correctness 2

Per-pair correctness (x2) 2
Per-word correctness (X5) 5
Per-item correctness (x6) 6

MoCA Total: 30

these models, as preliminary experiments showed
no consistent improvement. Task responses are
concatenated with "[<TASK>-<NAME>]" delim-
iters as input. For LLM-COT, the prompt template
is provided in Appendix X.

Classifiers. SVM uses RBF kernel with C=1.0
and gamma=scale. MLP consists of two hidden
layers (32, 16) with ReLLU activation, trained for
20 epochs with dropout 0.2, batch size 16, and
initial learning rate 0.001.

Scoring Primitives. The complete list of scoring
primitives used as classifier input is provided in
Table 7 .

C Population Norms for MoCA-SL
Scores

Since MoCA-SL comprises only a subset of the full
MoCA assessment, existing normative tables can-
not be directly applied. To enable norm-referenced
scoring and percentile calculation, we explored
three approaches to estimate population norms for
MoCA-SL.

Approach 1: Direct Empirical Estimation. The
most straightforward approach involves comput-
ing MoCA-SL norms directly from healthy control
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participants in our corpus. We stratified 536 cog-
nitively normal participants by age and education,
then calculated mean and standard deviation for
each stratum. While this method is intuitive, it car-
ries the risk that our sample may not adequately
represent the broader Hong Kong elderly popu-
lation, particularly in undersampled demographic
cells.

Approach 2: Proportional Rescaling. This
method leverages the established MoCA normative
table (Wong et al., 2015) by rescaling all values
proportionally. Given that MoCA-SL covers 13 out
of 30 total points, we apply a linear scaling factor
of 13/30 to all norm values in the published table:

13
Znorm = Yporm X %

where Y,orm denotes norm values from the full
MoCA table and Z,,my represents the estimated
MoCA-SL norms. This approach assumes that the
subset score distribution maintains proportional re-
lationships with the full score, ensuring full ground-
ing in the clinically validated gold standard.

Approach 3: Regression-Based Estimation.
We adopt a data-driven approach by fitting a linear
regression model on our corpus to characterize the



Table 5: Detailed description and scoring criteria for the Hong Kong List Learning Test (HKLLT)

Cognitive Domain

Trial / Task Description (DSM-5) Scoring Primitives Score

Acquisition & Learning (Form 1: Random Condition)

Trial 1 Listen to a list of 16 words (4 Immediate Memory  # correctly recalled words 16
categories) presented orally, fol-
lowed by immediate free recall.

Trials 2 & 3 Listen to the same list repeated Learning Rate # correctly recalled words 16
(same order), followed by free (per trial)
recall each time.

Delayed Recall (Retention)

Trial 4 (10-min Delay) Unannounced free recall of the Short-term Retention # correctly recalled words 16
16 words after a 10-minute non-
verbal interval.

Trial 5 (30-min Delay) Unannounced free recall of the Long-term Retention # correctly recalled words 16
16 words after a 30-minute inter-
val.

Recognition

Recognition Identify the 16 target words Recognition Memory Hits (True Positives) & False 16
mixed with 16 distractors (foils) Alarms.
presented orally (Yes/No). Discrim. Score =

HllsfFaisg Alarms x 100%

Table 6: Handcraft linguistic features used in this work.
“%”: “ratio of’, “#”: “number of”, “dur’: “duration”.

ID Feature Name Description

L1 # words The number of words

L2 % Stop words # stop words / # words

L3 % Filled pauses # filler words / # words

L4 % Lexical filler # lexical filler / # words

L5 % Backchannel # backchannel words / # words
L6 % Repetition # repeated words / # words
L7 % Adj # adjectives / # words

L8 % Adv # adverbs / # words

L9 % Noun # nouns / # words

L10 % Pronoun # pronouns / # words

L11 % Verb # verb / # words

L12 % Func # functional words / # words
L13 % CTTR # types / rooted(2 * # tokens)

relationship between full MoCA scores (Y') and
MoCA-SL scores (Z):

Z=a+p-Y

After estimating coefficients « and 3 from healthy
control participants, we apply this mapping to the
published MoCA normative values to derive corre-
sponding MoCA-SL norms:

Znorm =  + 5 - Yoorm

This method combines empirical data with estab-
lished norms, theoretically providing accurate esti-
mates anchored to the gold standard while account-
ing for any non-linear ceiling or floor effects in the
subset.

Table 7: Cognitive scoring primitives used in this work.
“#”’: “number of”’, “z-score”: “standardized score rela-

tive to norms”.

ID Feature Name Description
HKLLT (Hong Kong List Learning Test)
C1  hkllt4_zScore Trial 4 z-score
C2  hKIIt5_zScore Trial 5 z-score
C3 n_hKklit4_recall Trial 4 recall count
C4  n_hKllt5_recall Trial 5 recall count
C5 hkllt4_n_clustering  Trial 4 semantic clustering count
C6  hKllt5_n_clustering  Trial 5 semantic clustering count
MoCA-SL (Montreal Cognitive Assessment)
M1 n_Animal_count Animal fluency count
M2 AnimalFlu_score Animal fluency score
M3 7Subtraction_score Serial 7s subtraction score
M4 Abstraction_ql_score Abstraction item 1 score
M5 Abstraction_q2_score Abstraction item 2 score
M6 Digit_fwd_score Digit span forward score
M7 Digit_bwd_score Digit span backward score
M8 Digit_score Digit span total score
M9 PicNaming_score Picture naming score

M10 Sentence_ql_score
MI11 Sentence_q2_score
M12 Sentence_score

Sentence repetition item 1 score
Sentence repetition item 2 score
Sentence repetition total score
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Experiments We conduct experiments to com-
pare AD screening performance using different ap-
proaches; the results are shown in Table 8. We
finally adopt Approach 2 (Proportional Rescaling)
as the primary method due to its simplicity and su-
perior performance. The obtained normative table
is shown in Table 9.



Table 8: Comparison of AD screening performance
using different MoCA-SL normative estimation ap-
proaches.

Approach | Accuracy Precision Recall F1
1 0.818 0.813 0.786 0.796
2 0.824 0.814 0.802 0.802
3 0.818 0.813 0.786  0.796

Table 9: Normative Table for MoCA-SL scores using
proportional rescaling.

Age Education N Median IQR Percentile
(years)  (years) 16th  7th  2nd
65-69 0-3 64 9.1 1.7 7.4 6.1 3.9
4-6 82 10.0 22 8.2 78 5.6
7-9 74 10.4 2.2 9.1 82 69
10-12 82 10.8 1.7 9.5 87 74
>12 67 11.7 13 10.8 100 9.1
70-79  0-3 76 8.2 2.2 6.5 6.1 4.8
4-6 82 9.5 1.7 7.8 6.5 43
7-9 66 10.0 1.7 8.7 78 6.5
10-12 76 10.4 1.7 9.5 82 7.8
>12 67 10.8 22 9.5 87 69
>80 0-6 37 7.8 2.6 5.6 56 43
>6 21 8.7 22 7.4 65 5.6

D Task Examination Evaluation Details

Table 10 extends the main evaluation (Table 2) with
a comprehensive breakdown of performance indica-
tors, including exact score matching (SMR Exact),
tolerance-based matching (SMR =+1), and granular
error metrics (MAE, RMSE) for both final scores
and intermediate counts.

E Prompts and System Output

E.1 Prompt for Examiner Agent

All Examiner agents follow a standardized four-
component template structure. Each prompt com-
prises: (1) Task Introduction defining the agent’s
clinical role and assessment objective, (2) Guide-
lines specifying processing rules and edge cases,
(3) Output Format detailing the required response
structure, and (4) Examples providing demonstra-
tions for consistent behavior.

We provide two representative examples of Ex-
aminer prompts below. Figure 8 presents the
prompt for the MoCA Abstraction task, which
requires the agent to extract the participant’s re-
sponses to two similarity questions and judge
whether each response reflects abstract categor-
ical reasoning (e.g., transportation” for train-
bicycle) versus concrete associations (e.g., they
have wheels”). Figure 9 presents the prompt
for the MoCA Animal Naming Fluency task,
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which instructs the agent to extract all valid ani-
mal names from the participant’s verbal response,
handle Cantonese colloquial expressions, dedupli-
cate semantically equivalent items, and invoke the
list_length() function to obtain the final count.

E.2 Meta Analyst

The Meta Analyst agent transforms verified scor-
ing primitives into interpretable cognitive profile
reports. Its instruction prompt comprises two
components: (1) Clinical Protocol Context (Fig-
ure 10), which provides the evaluation framework
including normal ranges, impairment thresholds,
and clinical significance for each HKLLT and
MoCA subtest; and (2) Output Requirements
(Figure 11, upper panel), which specifies the report
format—assessments organized by four cognitive
domains (memory, executive function, attention
& working memory, language), each containing
status judgment, supporting evidence, and clinical
interpretation.

Figure 11 presents an example input for a 75-
year-old male with 6 years of education, showing
HKLLT z-scores in the mild-to-moderate impair-
ment range and mixed MoCA subtest performance.
Figure 12 displays the corresponding model output,
where the Meta Analyst identifies moderate mem-
ory impairment based on delayed recall z-scores
(-1.5 to -2.0 range), mild executive and language
dysfunction, while correctly recognizing preserved
attention and working memory—culminating in a
HIGH risk assessment with recommendation for
further clinical evaluation.

Figure 13 illustrates another output for a cog-
nitively normal participant. Despite one incorrect
abstraction item, the agent appropriately concludes
that overall executive function remains within nor-
mal range, demonstrating the framework’s ability
to contextualize isolated errors within the broader
performance pattern rather than over-interpreting
individual task failures.

E.3 Prompt for LLM-CoT baseline

The LLM-CoT baseline shares the same Clinical
Protocol Context as the Meta Analyst (Figure 10).
Figure 14 presents the output requirements, which
specify a JSON format containing cognitive assess-
ments per domain, three-step chain-of-thought rea-
soning, and a final diagnosis with confidence score.
Unlike our framework, this baseline directly pro-
cesses raw transcripts without intermediate scoring
primitive extraction or verification.



Prompt Example: MoCA Abstraction (Bilingual Contrast)

- Original Prompt -
[Instruction]:

##AEHENA
R — A B E2BNHE » SFAEMoCATHRMNSAEFS - (5 R iR
B st s B E R A [ (QUk H-BLEAHLUE, Q:FFR-ERAM
BLBE) o Sl H B R IEHE ©

#HILEHIE

- QIFNQ2 2 ffifa<|question-change |> 5@
SQIEMEZR : BETHE - EEHTHE B TH
T~ G5~ ZIER LD

-QRIEMEZR - EETHE -HETH &5
5~ AILLERFH ~ NE1E ~ 3R]

- SR EE R

## FEEK
QA <FEHUNE>

® 4R

Tk
\

QIHET: <true/false>

Q2IEIE: <FEEES> Q2HHf: <true/false>

{ "Q1": {"response": ["..."], "is_correct”: <true/false>},
"Q2": {"response”: ["..."], "is_correct”: <true/false>} }

## Hiffil1
ek HEE N EH, MBI ITH, <|question-change|>, F3&,
MR, KREEE, 5t#HE. ..

QIEE: 2l T H  QIHEN: tue
Q2EIZ: 58 E  Q2HIEN: false
{ "Q1": {"response”: ["Zi# T.H"], "is_correct”: true},

"Q2": {"response”: ["#T#{H"1, "is_correct”: false} }

[User Input]:

B

PR TVEKE 1 Q1 ~ Q2B ANAIET » i HISONZS

Bk pR20E T AME, 80y T HUE, <|question-change|>, #FH
BE—E, —ERH—ERE

[Model Output (Intermediate)]:

QIEIE: 2 TH  QIHIER: tue

Q2IEE: BE— QHIHEN: false

{ "Q1": {"response”: ["28;@ L E"], "is_correct”: true},
"Q2": {"response”: ["=/¥—"], "is_correct”: false} }

[Verifier]:
%ﬁﬂfﬁﬁﬁ%%ﬁ (REEME) : HERE—" B EEM - EZHE

- FRALHIET: is_correct = false
- IEREHIET: is_correct = true
EIEEE © #$Q2.is_correct BUilitrue

[Final Model Output]:

{ "Q1": {"response”: ["Z0i@ T.H"], "is_correct”: true},
"Q2": {"response”: ["&¥—"], "is_correct”: true} }
[Verifier]:

R B AR TE i S 4 31 B BT IERE:
- QI[EZ %8 T2 (is_correct=True)
- Q2EE " & JE— (is_correct=True)

- Translated English Prompt -
[Instruction]:

## Task Description

You are a medical assistant evaluating the MoCA Abstraction task. Extract
the subject”s answers to two questions (Q1: Train-Bicycle similarity, Q2:
Watch-Ruler similarity) from the transcript and determine correctness.

## Notes

- Q1 and Q2 are separated by <|question-change|>.

- Q1 Correct: Transportation, Vehicle, Commute tools, etc. (Wrong: have
wheels, move, no difference, not similar).

- Q2 Correct: Measuring tools, Measurement instruments, Gauges, etc.
(Wrong: have numbers, tells time, don”t know, can”t think of it).

- Transcript is in Cantonese colloquial.

## Format Requirements

Q1 Resp: <Extracted Concept> Q1 Judge: <true/false>

Q2 Resp: <Extracted Concept> Q2 Judge: <true/false>

{ "Q1": {"response": ["..."], "is_correct”: <true/false>},
"Q2": {"response”: ["..."], "is_correct”: <true/false>} }

## Example 1

Transcript: "Bicycle and train,
<|question-change|>, watch, ruler,
numbers..."

Q1 Resp: Transport tools
Q2 Resp: Counting numbers
{ "Q1": {"response”:
true}, "Q2": {"response”:
"is_correct”: false} }

both are transport tools,
everyone 1is, counting

Q1 Judge: true

Q2 Judge: false
["Transport tools"],
["Counting

"is_correct”:
numbers"],

[User Input]:

## Transcript

Please output Q1/Q2 response and judgment in JSON format.
Transcript: "Eh transport tools lo, transportation tools lo,
<|question-change|>, both measure things lo, one time one
length”

[Model Output (Intermediate)]:

Q1 Resp: transport tools Q1 Judge: true

Q2 Resp: measure things Q2 Judge: false

{ "Q1": {"response”: ["transport tools"], "is_correct”:
true}, "Q2": {"response”: ["measure things"], "is_correct”:
false} }

[Verifier]:

Q2 Judgment Error (False Negative): Response "measure things" contains
measurement concept, should be correct

- Model: is_correct = false

- Ground Truth: is_correct = true

Correction: Change Q2.is_correct to true.

[Final Model Output]:

{ "Q1": {"response”: ["transport tools"], "is_correct”:
true}, "Q2": {"response”: ["measure things"], "is_correct”:
true} }

[Verifier]:

All responses found in transcript and correctly judged:
- QI response “transport tools” (is_correct=True)

- Q2 response “measure things” (is_correct=True)

Figure 8: An example of the Examiner’s prompt with a verifier step for MoCA Abstraction task. The left column
shows the original Cantonese prompt, and the right column shows the English translation.
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Prompt Example: MoCA Animal Naming Fluency (Bilingual Contrast)

- Original Prompt -
[Instruction]:

##THENAA
PRE— LB EBNEE » SE{EMoCABIY) i 42 Tl I (55 o (TR R 1ead
g%‘%ﬁ@z?ﬁ% HI A B2 - SR1% 3 Flist_length() B4 BT

# LB HIH

- IR A BN B - AR R 8k

- EENEYEHE K

- WERERE R - WEREEG - BRBESRT)
#H# FEEK

ok <JF B>

Y5 (B, B2, B3, ..

<tool_call>

{"name"”: "list_length”, "arguments”: {"list": ["@i¥1", "&
Pr2v, .10

</tool_call>

# Hi

ek W, W, 2R, 9, BREE, KRR, fE, RERIIIVE, IR,
BT, BRETSE, A, e

Eﬂg%ﬁﬁ%: U, 1%, %7, BRBe, KRR, B8, IV, R, BT, BFos, 2
HE]

<tool_call>

{"name": "list_length”, "arguments”: {"list": ["HiT", "&
B, g, ERE, kS, M, IR, R, R
"Bk, 1)

</tool_call>

[User Input]:

4 %

R B Sk B 91 3R 0 A F B

gk v, BRI, REVEEIEK EAG, BUEEK, M
oM, RERAREHM, B, B, TBRGRRE, RUEREE,
%E%EWE FIE, RBRER, G0k, SMEPKE, &

[Model Output]:

%%@H&: FER, 2R, 58, M, 5, BREBE, R, RYARE, REZR, B, WE,
]

<tool_call>

{"name": "list_length”, "arguments”: {"list”: ["ZR", "4",

n%ﬁ‘u, ua’/n]n, "E"’i”’ "ﬁ:é:", "%%’E”, nﬁgmuy n%gﬁ};ﬁgn’ ”k%%”,

) COTIIE T ThRS

</tool_call>

[Verifier]:
Pass, T 13 fAEN Y E{EIBER T3] o

- Translated English Prompt -
[Instruction]:

## Task Description

You are a medical assistant evaluating the MoCA Animal Naming Fluency
task. Extract all animal names mentioned by the subject from the transcript,
then call the list_length() function to count them.

## Notes

- Extract all animal names in order

- Repeated animals are counted only once

- Transcript is in Cantonese colloquial, need to understand Cantonese (e.g.,

54/ 5 f= monkey)

## Format Requirements

Transcript: <original text>

Animal list: [Animall, Animal2, Animal3, ...]
<tool_call>

{"name": "list_length”,
"Animal2”, ...]13}}
</tool_call>

"arguments”: {"list”: ["Animall”,

## Example

Transcript: "Um, lion, tiger, leopard, camel, elephant, bear,
bear and fox, wolf, monkey, eh wild cat, dinosaur, um”
Animal list: [Lion, Tiger, Leopard, Camel, Elephant, Bear, Fox, Wolf,
Monkey, Wild cat, Dinosaur]

<tool_call>

{"name": "list_length”, "arguments”: {"list”:
"Tiger", "Leopard”, "Camel”, "Elephant”, "Bear”,
"Wolf"”, "Monkey”, "Wild cat”, "Dinosaur"]}}
</tool_call>

["Lion",
"Fox”,

[User Input]:

## Transcript

Please output the animal list and call the function as required.

Transcript: "Oh, the more the better, eh that is on water also
works, that is right, oh then ok ok, mouse rat cow eh cow
cat dog, eh sheep, cam, I am fly eh moth, long um giraffe,
elephant, ah horse, sheep goat, sky eh that one eh, have eh
water water, that one called turtle ah water turtle, turtle
and, eh, ah”

[Model Output]:

Animal list: [Rat, Cow, Cat, Dog, Sheep, Camel, Moth, Giraffe, Elephant,
Horse, Goat, Turtle]

<tool_call>

{"name": "list_length"”, "arguments”: {"list"”: ["Rat"”, "Cow",
"Cat"”, "Dog", "Sheep”, "Bear”, "Camel”, "Moth"”, "Giraffe”,
"Elephant”, "Horse”, "Goat”, "Turtle"”]}}

</tool_call>

[Verifier]:
Pass, all 13 animals found in transcript.

Figure 9: An example of the Examiner’s prompt with a verifier step for MoCA Animal Fluency task. The left

column shows the original Cantonese prompt, and the right column shows the English translation.
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Clinical Protocol Context (Bilingual Contrast)

- Original Version -

# AR
#H IO TR N ERIRE
### 1. HKLLTE
IEH #EEEE R
o IEH#HiE: z-score > -1.0
o BSEERE: z-score -1.0 E-1.5
o HEERE: z-score -1.5 E-2.0
o EFHEE: z-score < -2.0
E‘EV o
1% 5t 70 R 2 P 8 K0 BRRE S 2 R A0 RB 413 © HKLLT z-scores&t%
fU”I&ﬁTH@
Trial 4 (1070 SESEREI ) - 5FAh TR0 A
« Trial 5 (SOﬁ%ELJEIEH%”) ;AT RIER RS
o FEERBUEC RUECIEAESCRIS A A

### 2. MoCARRAIREE T 1
2.1 B ZHlE (Semantic Fluency )
o IEE: 1 MEBY) &R 8
o EE <11E

o ERRES: FHbRE SRS A

2.2 184 (UZ/Z*& Serial 7s )

o W5 35 (4-5{EIERE)

o EEERE: 29 (2-3fFIER)

o HEEE 0-15

o ERREE: fHERD ~ TIECEmetERe

.3 & IER (Visual Naming )

o W 35 BT ~ B4 ~ BREE)

- BRIREE: ST Em AR  BiEREER

2.4 A)FHE (Sentence Repetition)
o g 200

(Hong Kong List Learning Test )

TUIEE - BRI -RETE D BEBUR

o BIRBE: FHEE S RS TR
2.5 #FEE (Digit Span)
o WA 243 (JEMm+E A )
o BREH: FHER M ILIEERAR
2.6 15 S84 (Abstraction)

o W5 25
o BIRBE: FTEPUTIRERIRS R A

- Translated English Version -

# Evaluation Framework
## Core Assessment Indicators and Clinical Significance

### 1. HKLLT Memory Test (Hong Kong List Learning Test)

Normal Range and Impairment Levels:

* Normal range: z-score >-1.0

¢ Mild impairment: z-score -1.0 to -1.5

¢ Moderate impairment: z-score -1.5 to -2.0
« Severe impairment: z-score < -2.0

Clinical Significance:

Episodic memory is the earliest impaired cognitive domain in Alzheimer”s

disease. HKLLT z-score is a core diagnostic indicator.

¢ Trial 4 (10-min delayed recall): Assesses short-term memory consoli-

dation

Trial 5 (30-min delayed recall): Assesses long-term memory retention

« Semantic clustering count: Reflects effectiveness of memory organiza-
tion strategies

#i## 2. MoCA Cognitive Assessment Subtests

2.1 Animal Naming Test (Semantic Fluency)

¢ Normal: 11 animal names/minute

* Abnormal: <11

« Clinical significance: Assesses semantic fluency and executive function,
sensitive to frontal-temporal lobe function

2.2 Serial Subtraction (Serial 7s)

« Full score: 3 points (4-5 correct)

¢ Mild impairment: 2 points (2-3 correct)

« Severe impairment: 0-1 points

« Clinical significance: Assesses attention, working memory, and calcu-
lation ability

2.3 Naming Test (Visual Naming)

* Full score: 3 points (Lion, Rhino, Camel)

 Clinical significance: Assesses visual naming ability, sensitive to se-
mantic memory

2.4 Sentence Repetition

¢ Full score: 2 points

 Clinical significance: Assesses language function and working memory

2.5 Digit Span

* Full score: 2 points (Forward + Backward)

 Clinical significance: Assesses attention and working memory capacity

2.6 Abstraction

¢ Full score: 2 points

« Clinical significance: Assesses executive function and conceptual rea-
soning ability

Figure 10: Clinical Protocol Context is a section in Meta Analyst’s instruction prompt, showing core assessment
indicators and clinical significance. The left column shows the original Chinese version, and the right column shows

the English translation.
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Prompt Example: Cognitive Profile Report Generation (Bilingual Contrast)

- Original Prompt -
[Instruction]:

# Clinical Protocol Context:

(M%)
#ftﬂﬁj‘z
FHLLBARBEBORATER » ZE R E R — O AR AT R
i&i o i EAL S DU IO B B AT AT AL - ﬂﬂﬁlﬁzﬂa@a PR REH

7 ~ SCRFAEER ~ BRIRFRE -
AR

(RN ThRERT I 5 ]

1. ;2fE2h5E (Memory Function)

ARRE  [IEH A IR E T+ 1R/ E IR E)
AEPE A0 o 3% EE FEHKLLT-4 (1047 88 4 8 5] 4%) ‘:Pﬁgﬁrz—
scoreX » A1 T Y{E 7 b > 5558 RIHZIX 5 fEHKLLT-5 (3077 ## i&

EEE) HEGz-scoreX > I T Y FE o

f#RE iR z-score BB MR » BB RERIBFRE K HE
HRREFE...]

2. $f7Ih8E (Executive Function)

REE : [IEH AR

AR EEY AR T ZEXEBEEISEA L TXESY S

(R 1E ER) - EmREERRF > QUEIE(E M/
AR > QI [IERE/SER]

R« (ARSI ARG HE R B ) AR )

3 EBNE TR
HREE : [IE#HEE)

AEPE B (Serial 7s) FEEX/35Y (Y/5(EIERE)
B R A R o JIE T [ /A E ] » 36 1) O /A E i)

X255
[%f*jﬁffﬁé VEAN TR IR AR

R

. 75 2)8¢ (Language Function)
REE - [EFARE]

AERE - FEdr 2R IS X/35) ¢ FER T EEHIE TS X2 -
R« (AR A4 FNEE B AR ) USRI

vT):luq:l_

%?u LAL%‘ ME KR ZZRAENE
IhoRE B OB R B R B B OB N4 BB
[LOW/MODERATE/HIGH/VERY_HIGH] » [#& i % s Eﬁ.ﬂ‘u
E

i
P |

oy

H>g‘t

%4&??&4
SFE

[User Input]:

# BRI

#EAER

- SR 755%

- TR 5

- HEFER: 6.0F

## PEA A

### HKLLTT51Z

- HKLLT-4 z-score: -0.71 ([EfE4{E 5 » 5EFIIH2IK)
- HKLLT-5 z-score: -0.83 ([EME3 ] » 55 1IN)

### MoCAFRHIETE T8

- B 14E GE R T E)

- SEBERIE: 2/353(2/5(E IEHE)

- BT EE: 1257 (JE Ipass > ¥ [Afail)
- 2 RIER: 3355

- AJFEE: 21297

- S JB4E: QI pass » Q2 fail

[Model Output]:
(W)

- Translated English Prompt -
[Instruction]:

# Clinical Protocol Context:
(..omitted..)

# Output Requirements

Please write a detailed cognitive profile report for the subject in natural
language narrative form. The report should include assessments of
the following four cognitive domains, each containing: status judgment,
supporting evidence, and clinical interpretation.

Report Format Example:
[Cognitive Profile Report]

1. Memory Function

Status: [Normal/Mild impairment/Moderate impairment/Severe impair-
ment]

Evidence: For example, the subject obtained a z-score of X in HKLLT-4
(10-minute delayed recall), recalled Y words, with Z semantic clusters;
obtained a z-score of X in HKLLT-5 (30-minute delayed recall), recalled
Y words.

Interpretation: [Based on z-score thresholds and performance patterns,
explain the degree of memory impairment and clinical significance...]

2. Executive Function

Status: [Normal/Impaired]

Evidence: In animal naming test, the subject named X animals within 1
minute (criterion: 11 for normal); in abstraction test, Q1 answered [cor-
rectly/incorrectly], Q2 answered [correctly/incorrectly].

Interpretation: [Explain semantic fluency and conceptual reasoning per-
formance]

3. Attention & Working Memory

Status: [Normal/Impaired]

Evidence: In Serial 7s, scored X/3 points (Y/5 correct); in digit span test,
forward [passed/failed], backward [passed/failed], total score X/2.
Interpretation: [Explain sustained attention and working memory capacity
performance]

4. Language Function

Status: [Normal/Impaired]

Evidence: Scored X/3 in naming test; scored X/2 in sentence repetition
test.

Interpretation: [Explain visual naming and verbal repetition abilities]

Overall Summary:

Integrating performance across all cognitive domains, the subject”s overall
cognitive function presents [describe overall pattern]...Combined with risk
level [LOW/MODERATE/HIGH/VERY_HIGH], [provide overall clinical
impression].

[User Input]:
# Current Case

## Basic Information
- Age: 75 years
- Gender: Male
- Education: 6.0 years

## Assessment Results

### HKLLT Metrics
- HKLLT-4 z-score: -0.71 (recalled 4 words, 2 semantic clusters)
- HKLLT-5 z-score: -0.83 (recalled 3 words, 1 semantic cluster)

### MoCA Cognitive Sub-items

- Animal naming: 14 (passed criterion)

- Serial 7s: 2/3 points (2/5 correct)

- Digit span: 1/2 points (forward pass, backward fail)
- Naming test: 3/3 points

- Sentence repetition: 2/2 points

- Abstraction: Q1 pass, Q2 fail

[Model Output]:
(..omitted..)
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Figure 11: An example of the prompt for generating cognitive profile reports. The left column shows the original
Cantonese prompt, and the right column shows the English translation.




Model Output Example: Cognitive Function Summary Report (Bilingual Contrast)

- Original Output -

(FREnThREME I )
1. ;2f8Fh5E (Memory Function)
ARAE R
AERE ¢ 3% A E TEHKLLT-4 (109 8 %€ 38 B 4% )+ & 15z-score-
1.65 » [E4R T 2fFFAE - 3% 38 MK 5 7EHKLLT-5 (304) §# 1858
%) H#EiGz-score-1.7 » [EIE T IEGAIRE » 3EFEFRMEIR
TR« 3% TR AR [F R R BB B N R 0 z-score R Y
EREHE (-1.5F-20) - HEFABEHRRLEZEEREE
R iR EE R R R E R 248 » MG PR KIEBE
R IR ThRe IR F R B R -
2. $1f7I0RE (Executive Function)
HRAE - BEEE R
A EEYI A R R ETE LA T 16MEE Y2
CEERNE) 5 FEMS BHERET > QIEIZSER » Q2EIZ A -
iR - BY A HERB IR  RUGERRGERZ BT E - R
T > G AR T W AR > SRR ARSI T D R AR TR I
R - nREBLAREE DI RE R E AR -

3}235%?73 EA T AE#CHE (Attention & Working Memory )
KRS : IEH

FESR : AEEAERE (Serial 7s) HIE1R3/35 (4/5MHIERE) 3 FEET
JEREE R o IE ) E i o ) EE - 48502/24) -

R EERIE RN T E RS RE R > REEE 754
M LIEE A RARZ Y E » SRR E R PRIT EBR R
BAORE BRI (RIFIEF -

4. ZEFHE (Language Function)
TREE - AR E
AL AR ES1/35) s EATEENR S22 -

R o BT R E R 2 L I - Sor s e
1 TAESLR A R S RS RE R AR - AT BT
HHAETIE S - U3 = AR 2R -

i
GEA DL LS RASIETL - BERE ORI E SR
hEEEE - BUTIIREE T R A DR ACAE - LR BT
PRI E 3 o 4 & B8 %S SRHIGH » ¥ /7 (e e S 10T ki
BE T AE P - o3 — AT R AR LB R B -

- Translated English Output -

[Cognitive Function Summary Report]

1. Memory Function

Status: Moderate impairment

Evidence: The subject obtained a z-score of -1.65 in HKLLT-4 (10-minute
delayed recall), recalling 2 words with 1 semantic clustering; in HKLLT-5
(30-minute delayed recall), obtained a z-score of -1.7, recalling 1 word
with 1 semantic clustering.

Interpretation: The subject showed significant decline in delayed recall
tests, with z-scores in the moderate impairment range (-1.5 to -2.0). The
reduced number of recalled words and limited semantic clustering sug-
gest impaired consolidation and long-term retention of episodic memory,
consistent with typical early-stage memory dysfunction in Alzheimer”s
disease.

2. Executive Function

Status: Mild impairment

Evidence: In the animal naming test, the subject named 16 animals within
1 minute (passed criterion); in the abstraction test, Q1 was incorrect, Q2
was incorrect.

Interpretation: Normal performance in animal naming test indicates se-
mantic fluency is not significantly affected. However, both questions in the
abstraction test were incorrect, suggesting mild impairment in conceptual
reasoning and executive function, possibly related to frontal-temporal lobe
dysfunction.

3. Attention & Working Memory

Status: Normal

Evidence: Scored 3/3 in Serial 7s (4/5 correct); in digit span test, passed
forward span, passed backward span, total score 2/2.

Interpretation: Good performance in both Serial 7s and digit span tests
indicates sustained attention and working memory capacity are not sig-
nificantly affected, suggesting the subject maintains normal attention and
information processing abilities during task execution.

4. Language Function

Status: Mild impairment

Evidence: Scored 1/3 in naming test; scored 2/2 in sentence repetition
test.

Interpretation: Only correctly naming 1 item in the naming test suggests
impaired visual naming ability, possibly related to semantic memory or
language processing center dysfunction. However, normal performance in
sentence repetition indicates language repetition ability is not significantly
affected.

Comprehensive Summary:

Integrating performance across cognitive domains, the subject’’s overall
cognitive function shows moderate memory impairment, mild executive
function impairment, mild language impairment, while attention and work-
ing memory remain normal. Combined with HIGH risk level, this suggests
a high probability of Alzheimer”s disease, requiring further imaging and
clinical evaluation for definitive diagnosis.

Figure 12: An example of the model-generated cognitive function summary report. The left column shows the
original Chinese output, and the right column shows the English translation.
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Model Output Example: Cognitive Function Summary Report - Normal Case (Bilingual

Contrast)

- Original Output -

(R AN ThRER I 5 ]
1. &8 fE2EE (Memory Function )
HREE © EH
FEHE ¢ #% 5 FE FEHKLLT-4 (104) 8% 38 (B4 ) & 182z-score-
0.18 > [EME T 7{E A & » §EZRBRIK : fEHKLLT-5 (305§ 48

[E%) 1S z-score0.08 » [EHE T 7{ERAME » FEFIRIT4IN
R XA ENRAETI RN IE H #i [  z-scoremiv-1.0 o B
IRFEF R BAEHKLLT-4 8% - (AR RERE - R

AR B A EC IR B B SR AT R DR B T - & B A R BRE 0 PR
R A LA o

2. $1f7Ih88 (Executive Function)

ARAE : EH

AEYE - EEY A R o B E R L A T 24EE Y2

;1‘%@ CIVEIER) s SRR - QIEIZIER - QI

FhR ©
¥ ZEZREEERRGE A EESER > EEEFRE - R

HAESTRMBATI R B8 o MR g B AERE T Q2lr]

iR HREBHITIIEEN EF#E > RIS REE-HEDRE

4R -

3. R B TERCE (Attention & Working Memory )
N

FESR : AEEAERE (Serial 7s) HE1R3/35 (S/5HIERE) 3 FEET
FERERIER A o EE N o i o #8522 ©

AR - B EERE T E R P RBER > R
ERANETRNRE > TECRAERAR  RERFEE NS TIELD
AR

4. ZEE A% (Language Function)

IREE © IEH

AL ER IR #3345 - FEA T EEHER S22 -
R - ZXAEEEEG LA FEEIREPSRAER > fRH
FhE IR TT R M BRAVEE S IR ) T -

KA L EARAMA R - Z 2R E BN AR 25 IE
WS A ER MY OR F BB EE - 454 E b E R

MODERATE > #& 7~ 77 7 88 £ 58 40 8 (L /) T B8 » (B o R 5% 2| ] 17
Eﬁg%%ﬁﬂ%@f&ﬂ?ﬁ o M — BN > HEPREMBTER S
B 5o

- Translated English Output -

[Cognitive Function Summary Report]

1. Memory Function

Status: Normal

Evidence: The subject obtained a z-score of -0.18 in HKLLT-4 (10-minute
delayed recall), recalling 7 words with 2 semantic clusterings; in HKLLT-5
(30-minute delayed recall), obtained a z-score of 0.08, recalling 7 words
with 4 semantic clusterings.

Interpretation: The subject”’s memory function is within normal range,
with z-scores above -1.0. Although semantic clustering frequency in
HKLLT-4 was relatively low, overall recall performance remained sta-
ble, showing no significant memory consolidation or long-term retention
deficits, inconsistent with the typical rapid forgetting pattern of early
Alzheimer”s disease.

2. Executive Function

Status: Normal

Evidence: In the animal naming test, the subject named 24 animals within
1 minute (criterion: 11 for normal); in the abstraction test, Q1 was correct,
Q2 was incorrect.

Interpretation: The subject demonstrated excellent performance in se-
mantic fluency, far exceeding the normal threshold, suggesting semantic
memory and executive function are not significantly affected. Although
Q2 in the abstraction test was incorrect, overall executive function remains
within normal range, with no indication of frontal-temporal lobe dysfunc-
tion.

3. Attention & Working Memory

Status: Normal

Evidence: Scored 3/3 in Serial 7s (5/5 correct); in digit span test, passed
forward span, passed backward span, total score 2/2.

Interpretation: The subject performed excellently in both Serial 7s and
digit span tests, indicating good attention concentration and sufficient
working memory capacity, with no evidence of attention or working
memory impairment.

4. Language Function

Status: Normal

Evidence: Scored 3/3 in naming test; scored 2/2 in sentence repetition
test.

Interpretation: The subject performed normally in both visual naming
and sentence repetition tests, indicating intact language function with no
significant language impairment or decline in repetition ability.

Comprehensive Summary:

Integrating performance across cognitive domains, the subject’’s overall
cognitive function presents a normal pattern, with no significant impair-
ment found in any major cognitive domain. Combined with MODERATE
risk level, this suggests possible mild cognitive changes, but has not yet
met the diagnostic criteria for Alzheimer”s disease. Further observation
and follow-up are recommended to rule out other potential cognitive im-
pairment factors.

Figure 13: An example of the model-generated cognitive function summary report for a normal case. The left

column shows the original Chinese output, and the right column shows the English translation.
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Prompt Example: LLM-CoT Baseline

Bilingual Contrast

- Original Chinese Prompt -

[Instruction]:
# ERR G 5
## T E5R

AR RS T R U T ISONA =l i 2 BT 2R

"cognitive_assessment”: {
"memory_function”: {"status”: "IE% /ISEIEE/ FEIEE/ EEEE",

"evidence”: ["HKLLT-4FHi: ...", "HKLLT-5FH: ..."1,
"interpretation”: "fjEf#ERE"},

"executive_function”: {"status": "IEH/fBE", ..."3,
"attention_working_memory”: {"status”: "IEH/BE", ..."},
"language_function”: {”status”: "IE#/fBE", ..."}

3,

"risk_analysis”: {"main_findings”: [...], "risk_factors”: [...],
"protective_factors”: [...]},

"step_by_step_reasoning”: {

"step_1": {"focus”: "5 18 Ih BE 4» T,  "observation”: mo,
"conclusion”: "..."},

"step_2": {"focus": "ZRBERLEE ST, ...,

"step_3": {"focus”: "AOFitEERFZHERABES", ..."}

3,

"diagnosis”: {"reasoning": Pooay "confidence”: 0.0-1.0,
"is_alzheimer_likely": true/false}

3

EREE

1. step_by_step_reasoning/ ZH1% i cognitive_assessmentf i s H

FLRARES | ATAE3 (Hstep
3. RESEER L - B E SR AEERER A FBAD T RE

[User Input]:

LLATIES

ZRERFE

ID: TBSO134, %H: 705%, VERI: &, BEFMR: 0.0

AR g

HKLLT-4 (107§ 3E8): 58 MEALG0E - BN » SERER01E » —(E#Es
HKLLT-5 (307§ 4E2): W] » W5 {50 - B0 - 05 -

MoCABI Wi 4 SME RS » WiF » REF 4 H o> BR - .
MoCAGEA R % —EH AW > B-L > ABEm > )\ +=> \+=> 5

F..

MoCAB{FREE: ——/\FHM > M- Ht=»

MoCAi%: #iiF » Wl > 44 » Bghe »

MoCA R FEME: BiL B AN » g+ -

MoCAT#HZ B AE: KSR AT LASSE FENE » BRERT LU AT LL > foftsbnh » 8o

AN DL R BB TAR A AT -
[Model Output]:
{

"cognitive_assessment”: {
"memory_function”: {"status”: "HEEIEE",

"evidence”: ["HKLLT-4: SERWEIAF...", "HKLLT-5: WEAC{FMI..."],
"interpretation”: "fREEFOIEMRRE - R TIEEREZE"),
"executive_function”: {"status”: "f8F", "interpretation”: "ffi% 4

REL"y,
"attention_working_memory":
HEIRE Y,
"language_function”: {"status”: "{HE", "interpretation”: "#@&flIH
R}

3,

"step_by_step_reasoning”: {

{"status”: "fB%E", "interpretation”: "F

"step_1": {"focus": "FCIEINEESHT", "conclusion”: "FLIEMIFEEHEHE
HE",

"step_2": {"focus": "ZEBHSAHT", "conclusion”: "L RBAINIIREM
X"y,

"step_3": {"focus": "JAMRIE A", "conclusion": "FFIEEL [ RBEN T R
Ry

},

"diagnosis": {"reasoning”: "(NIBEEEE » QLRBIEEYE > )=
JRBRE ",

"confidence”: 0.85, "is_alzheimer_likely": true}

}

- Translated English Prompt -
[Instruction]:
## Clinical Protocol Context

## Output Requirements
Please strictly output diagnostic results in the following JSON format:

"cognitive_assessment”: {

"memory_function": {"status": "normal/mild/moderate/severe
impairment”,

"evidence": ["HKLLT-4 performance: ...", "HKLLT-5 performance:
000 dp

"interpretation”: "brief explanation"},

"executive_function”: {"status”: "normal/impaired”, ..."},
"attention_working_memory”: {"status": "normal/impaired”, ..."},
"language_function”: {"status”: "normal/impaired”, ..."}

3,

"risk_analysis”: {"main_findings": [...], "risk_factors”: [...],
"protective_factors”: [...]},

"step_by_step_reasoning”: {

"step_1": {"focus”: "memory function analysis”, "observation”: "...",
"conclusion”: "..."},

"step_2": {"focus": "multi-domain cognitive analysis”, ..."},
"step_3": {"focus”: "demographic factors & risk integration”, ..."}
3,

"diagnosis”: {"reasoning": Hoont "confidence”: 0.0-1.0,
"is_alzheimer_likely": true/false}

}

Notes:

1. step_by_step_reasoning must follow cognitive_assessment results step-by-step
2. diagnosis reasoning must cite conclusions from all 3 steps
3. Remain objective; only judge as AD likely when multiple domains are impaired

[User Input]:

## Current Case

Subject Information

ID: TBS0134, Age: 70, Gender: Female, Education: 0.0 years

Cognitive Test Transcripts

HKLLT-4 (10-min delay): Completely can”t remember, yes, completely forget, can”t
recall any...

HKLLT-5 (30-min delay): Ah, don”t remember, yes, yes...

MoCA Animal Naming: Cat dog tiger leopard, lion, elephant, cow, horse, dog, tiger...
MoCA Serial 7s: Hundred minus seven, ninety-seven, ninety-seven, eighty-three...
MoCA Digit Span: Two one eight five four, four, four seven two...

MoCA Naming: Lion, ah, cow cow, camel...

MoCA Sentence Repeat: Uncle bought fish sausage, Xishi forty-four years old...
MoCA Abstraction: Everyone can use for transport, can use, commute...

Please conduct comprehensive assessment based on above.

[Model Output]:

{

"cognitive_assessment”: {

"memory_function”: {"status”: "severe impairment”,

"evidence”: ["HKLLT-4: Completely can”t remember...”, "HKLLT-5: Don”t
remember..."],

"interpretation”: "Severe memory deficit, episodic memory severely
impaired”},

"executive_function”: {"status": "impaired”, "interpretation”:
"Abstract thinking confused"},

"attention_working_memory”: {"status”: "impaired”, "interpretation”:
"Frequent calculation errors”},

"language_function”: {"status": "impaired”, "interpretation”:

"Naming and repetition errors"}

3,

"step_by_step_reasoning”: {

"step_1": {"focus": "memory analysis”, "conclusion”:
impairment”},

"Severe memory

"step_2": {"focus”: "multi-domain analysis”, "conclusion”:
"Multi-domain damage pattern”},
"step_3": {"focus”: "risk integration”, "conclusion”: "High cognitive

decline risk”}

},

"diagnosis”: {"reasoning”:
abnormal, (3)High risk”,
"confidence”: 0.85, "is_alzheimer_likely":

}

"(1)Severe memory damage, (2)Multi-domain

true}

Figure 14: An example of the LLM-CoT baselineprompt with step-by-step reasoning for Alzheimer’s diagnosis
assessment. The left column shows the original Chinese prompt, and the right column shows the English translation.
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F Case Study

We analyze representative error cases to character-
ize the failure modes of our framework, particularly
where the verification loop proves insufficient.

Hallucination (Figure 15) In the Serial 7 Sub-
traction task, the Examiner fabricates numbers not
present in the transcript (e.g., 76, 69, 62). While
the Verifier successfully detects these hallucina-
tions and triggers re-generation, the Examiner re-
sponds by simply removing the flagged numbers
rather than re-examining the transcript for valid
responses. This reveals a limitation: the verifica-
tion loop targets hallucination but cannot recover
missing valid answers that the Examiner failed to
extract initially.

Boundary Case (Figure 16) In the Abstraction
task, the subject responds "use wheels to move" for
the train-bicycle similarity question. The Examiner
judges this as correct, but the Verifier overrides it
as incorrect, reasoning that the response describes
a concrete feature rather than an abstract category
(transportation). However, this judgment conflicts
with the human assessor’s scoring, highlighting
that boundary cases involving nuanced semantic
distinctions remain challenging—even with veri-
fication, and verifier judgments may not always
align with human assessors on ambiguous cases.

22

Table 10: Full metric breakdown for MoCA-SL and HK-
LLT tasks. This table reports all available performance
indicators, including exact score matching (SMR Ex-
act), tolerance-based matching (SMR +£1), and granular
error metrics (MAE, RMSE) for both final scores and
intermediate counts (e.g., recall number, item accuracy).

Task Metric Value
MoCA-SL
SMR (Exact) 97.1%
SMR (£1) 100.0%
Picture Naming MAE (Score) 0.029
RMSE (Score) 0.171
SMR (Exact) 98.5%
SMR (£1) 100.0%
.. MAE (Score) 0.015
Digit Span RMSE (Score) 0.123
Forward Acc. 100.0%
Backward Acc. 98.5%
SMR (Exact) 82.4%
SMR (£1) 98.5%
MAE (Score) 0.191
Serial 7 Subtraction =~ RMSE (Score) 0.470
MAE (Count Correct) 0.368
RMSE (Count Correct) 0.813
SMR (Exact) 89.7%
SMR (£1) 100.0%
Sentence Repetition MAE (Score) 0.103
entence Repetiion g MSE (Score) 0.321
Q-1 Acc. 89.7%
Q-2 Acc. 100.0%
SMR (Exact) 98.5%
SMR (£1) 100.0%
MAE (Score) 0.015
Animal Fluency RMSE (Score) 0.121
MAE (Count) 0.544
SMR (Exact) 82.4%
SMR (£1) 100.0%
. MAE (Score) 0.176
Abstraction RMSE (Score) 0.420
Q-1 Acc. 86.8%
Q-2 Acc. 86.8%
HKLLT
MAE (Recall N) 0.059
RMSE (Recall N) 0.243
SMR (Recall N) 94.1%
Trial-4 SMR (Recall N, £1) 100.0%
MAE (Z-Score) 0.084
RMSE (Z-Score) 0.380
SMR (Z-Score) 88.2%
MAE (Recall N) 0.074
RMSE (Recall N) 0.271
SMR (Recall N) 92.6%
Trial-5 SMR (Recall N, +1) 100.0%
MAE (Z-Score) 0.109
RMSE (Z-Score) 0.453
SMR (Z-Score) 86.8%




Error Case 1: Hallucination (Bilingual Contrast)

- Original Prompt -
[Instruction]:

#HTHN AR

RE— BB » S EMoCABBIRIE LR o (LF S H R+ 17
Bzt AT A I -
#H B FHIA

- (RSB RAE 10058 1R E AR i 7

- SR I S PR B B

- AREEM ~ WHREE ERNEF

- SR EERE

- NEARE S A B
## 5K

BHEE: (BT, T2, ..

<tool_call>

;)tool_ca11>

## {5

ek t+=, N+, £+, B+
BB (93, 86,79, 72]

[User Input]:
ek
B A% R B S A A R I A F i -

Mok —EML, TEHEEN, —ERLEE AR
A= HCEE, JUS-CR, JUB-LR, (E-CYER e, —
B EE— B VYR, — 7L — UM = i
gL, W\ R, PR B, /i
AT, AT R e, Tt B, B, B, &
1, AR

[Model Output (1st attempt):]
ARUENE: (93, 84, 76, 69, 62]
<tool_call>

</tool_call>

[Verifier:]

BF76 ATEESR DI > FIRE SRR B
BF69 RTEMESE P > FIREESE R s -
BT 62 RTEMWESR T T » AT REREEARGH B B fRE -

BB Z AT EE - EHE

[Model Output (2nd attempt):]
BRUEE: (93, 84,79, 72, 65]
<tool_call>

</tool_call>

[Verifier:]

Her79 RTEE SR ILE] > WAL SH A B -
B2 RTEE S ILE] > RS R B
HF65 RTEE SR > FIRE SR B

ERAREZ ATRIEE » EHEE -
[Final Model Output:]

ARAEE: [93, 84]
<tool_call>

</tool_call>

[Verifier:]
pass, TG BFEEE R F] -

- Translated English Prompt -

[Instruction]:

## Task Description

You are a medical assistant evaluating the MoCA Serial Subtraction task.
Extract all valid numerical answers spoken by the subject from the tran-
script.

## Notes

- Task requires subtracting 7 continuously from 100

- Only extract numbers explicitly present in transcript
- Ignore repeated, hesitant, or corrected numbers

- Transcript is in Cantonese colloquial

- Do not fabricate or infer numbers not present

## Format Requirements

Valid responses: [numberl, number2, ...]
<tool_call>

</tool_call>

## Example
Transcript:
seventy-two”
Valid responses: [93, 86, 79, 72]

"Ninety-three, eighty-six, seventy-nine,

[User Input:]
## Transcript
Please output valid responses in required format and call function.

Transcript: "From one hundred minus seven, hundred start from
hundred lo, hundred minus seven still have ninety-three,
ninety-three minus seven still have, ninety-seven minus,
ninety-seven minus, minus seven right, continuously minus
means continuously minus seven right, hundred minus seven
still have ninety-three, ninety-three minus seven still
have, ah eighty ah eighty-four, eighty-four minus seven
still have eighty-one, eighty-one minus seven is still
have sixty, sixty-four, sixty-four minus seven still have,
fifty, um, fifty, fifty, fifty-seven, fifty-seven minus
eh”

[Model Output (1st attempt):]
Valid responses: [93, 84, 76, 69, 62]
<tool_call>

</tool_call>

[Verifier:]

Number 76 not found in transcript, may be misidentified or fabricated.
Number 69 not found in transcript, may be misidentified or fabricated.
Number 62 not found in transcript, may be misidentified or fabricated.

Ignore previous answer and rethink.

[Model Output (2nd attempt):]
Valid responses: [93, 84, 79, 72, 65]
<tool_call>

</tool_call>

[Verifier:]

Number 79 not found in transcript, may be misidentified or fabricated.
Number 72 not found in transcript, may be misidentified or fabricated.
Number 65 not found in transcript, may be misidentified or fabricated.

Ignore previous answer and rethink.

[Final Model Output:]
Valid responses: [93, 84]
<tool_call>

</tool_call>

[ Verifier:]
Pass, all numbers found in transcript.

Figure 15: An error case in the MoCA Serial Subtraction task. The examiner generates hallucinated numbers. With
the verifier’s feedback, the examiner simply removes hallucinated numbers and gives up on extracting other new
numbers. The left column shows the original Cantonese prompt, and the right column shows the English translation.

23



Error Case 2: Boundary Case (Bilingual Contrast)

- Original Prompt -

[Instruction]:

#HAE

R2&—N0r B3 » fEMoCAT B &E © (£ 2 TR E 1E%
(QUAAEML, Q2:FR-ERAML) » HHAEEIEH -

#HILEHE

- QIFIQ2ZFE<|question-change|> 57

-1Q>1LT:E%§§ REITAE-TE-RPTAES (:FF - ~ ~/EH
L

-QQEMESR - EETHA -2TH - BRE% (- FF - #ALE -

FIIE ~ WEH])

O

##AREK

QIEE: <REMEA>  QIH: <true/false>

Q2[EIE: <IREUES> Q2 <true/false>

{ "Q1": {"response”: ["..."], "is_correct”: <true/false>},
"Q2": {...}}
## 511

cEK, ERARZSE LA, <|question-change|>, FFE, R, kXK
#wHR, BH..."

QI[H%: OB T A QI#: true

Q2EZ: H Q¥ false

{"Q1": {..., "is_correct”: true}, "Q2": {..., "is_correct”:
false} }

[User Input]:

#
AR ESR QL ~ Q2EIZFIH » F HISONS -

MR ERA EAT, B, FA, HEATESAILLR, BIRE
A1, <|question-change|>, T FAHMMITE, WERTE,
FERUBRARE, WAER, BERGHRA, HRAREHEM
HRESHREMR, KRER "

[Model Output (Intermediate)]:
QUEIE: FIZEAT QLA true
Q2EIE: B Q2¥: true

{

"Q1": {"response”: ["HZ4T7"], "is_correct”: true},
"Q2": {"response”: ["EJ"], "is_correct”: true}

}

[Verifier]:

QA (1) : B "AET AREMEME > #

- FRALH): is_correct = true

- IEHf#%): is_correct = false

- JEHE: BEARCEE T A/MRS TASHMBME
iE (anFF")

EIF#E © Ql.is_correct P false

AR B

[Final Model Output]:

{
"Q1": {"response”: ["F%AT"], "is_correct”: false},
"Q2": {"response”: ["=JE"], "is_correct”: true}

}

- Translated English Prompt -

[Instruction]:

## Task Description

You are a medical assistant evaluating the MoCA Abstraction task. Extract
the subject’s answers to two questions (Q1: Train-Bicycle similarity, Q2:
‘Watch-Ruler similarity) from the transcript and determine correctness.

## Notes

- Q1 and Q2 are separated by <|question-change|>.

- QI Correct: Transportation, Vehicle, Commute tools, etc. (Wrong: have
wheels, move, no difference, not similar).

- Q2 Correct: Measuring tools, Measurement instruments, Gauges, etc.
(Wrong: have numbers, tells time, don’t know).

- Transcript is in Cantonese colloquial.

## Format Requirements
Q1 Resp: <Concept> QI Judge: <true/false>
Q2 Resp: <Concept> Q2 Judge: <true/false>

{ "Q1": {"response": ["..."], "is_correct”:
"02": {...} }

## Example

Transcript: "Bicycle and train,

<true/false>},

both are transport tools,

<|question-change|>, watch, ruler, everyone is, counting
numbers. . ."

Q1 Resp: Transport tools Q1 Judge: true

Q2 Resp: Counting numbers Q2 Judge: false

{"Q1": {..., "is_correct”: true}, "Q2": {..., "is_correct”:
false} }

[User Input]:

## Transcript

Please output Q1/Q2 response and judgment in JSON format.
Transcript: "Um, both use wheels to move, eh, bicycle
and train, use wheels to move can be, then I don’t know,
<|question-change|>, where’s the similarity between watch
and ruler, oh both are rectangular, watch ah tells time

ruler is for measuring, oh no, things for measuring lo I
think is, actually I really don’t know what’s the difference
what’s similar, both are rectangular”

[Model Output (Intermediate)]:
Q1 Resp: use wheels to move Q1 Judge: true
Q2 Resp: things for measuring Q2 Judge: true

{

"Q1": {"response”: ["use wheels to move"], "is_correct”:
truel,

"Q2": {"response”: ["things for measuring”], "is_correct”:
true}

3}

[Verifier]:

Q1 Judgment Error (False Positive): Response "use wheels to move" is
not an abstract concept, should be incorrect

- Model: is_correct = true

- Ground Truth: is_correct = false

- Reason: Response doesn’t include abstract concepts like transporta-
tion/vehicle, likely a concrete feature (e.g., "have wheels")

Correction: Change Q1.is_correct to false

[Final Model Output]:

{

"Q1": {"response”: ["use wheels to move"], "is_correct”:
false},

"Q2": {"response”: ["things for measuring”], "is_correct”:
true}

3}

Figure 16: An error case in the MoCA Abstraction task. In this boundary case, it’s hard to judge if "use wheels to
move" is an abstract concept, while the assessor judges it as correct. The left column shows the original Cantonese

prompt, and the right column shows the English translation.
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