
Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 26849–26871
July 2-7, 2026 ©2026 Association for Computational Linguistics

Beyond Self-Report: Bridging the Intention-Behavior Gap in Critical
Thinking Assessment via Interpretable Multi-Agent System

Zekun Li, Jifan Yu*, Haoxuan Li, Ye He, Daniel Zhang-Li,
Shangqing Tu, Joy Jia Yin Lim, Yikun Jiang, Jiaxin Yuan, Yu Zhang

Tsinghua University
Correspondence: yujifan@tsinghua.edu.cn

Abstract

Accurate assessment of critical thinking is
historically limited by the Intention Behav-
ior Gap in psychology: the disconnect be-
tween what individuals self-reported disposi-
tion and their actual practical behaviors. We
try to bridge this gap with MASA (Multi-
Agent Scenario-based Assessment), a frame-
work that operationalizes cognitive assessment
into an interpretable and interactive multi-agent
workflow with Assessment Chain-of-Thought
(AsCoT). Validating on both large-scale sim-
ulations (N=1,161) and human participants
(N=70), we find that MASA aligns better with
human expert ratings (r=0.882) than traditional
gold-standard inventories (r=0.720), with an
average cost of only $0.41 per participant.
These results suggest that by shifting from self-
report inventory to behavior-grounded dialogue,
MASA offers a more accurate, cost-effective,
and transparent solution for real-world cogni-
tive evaluation.

1 Introduction

Critical thinking (CT) is essential for modern cog-
nition (Halpern, 2013; Elder and Paul, 2020; Kuhn,
1999), yet its accurate measurement remains a chal-
lenge for psychometricians.(Ennis, 1993). Tradi-
tional assessment involves a compromise between
ecological validity and scalability, relying heav-
ily on standardized self-report instruments like the
California Critical Thinking Disposition Inventory
(CCTDI) (Facione and Facione, 1992). However,
these tools suffer from the Intention Behavior
Gap (Rhodes and de Bruijn, 2013; Sheeran and
Webb, 2016; Shavelson, 2010)—measuring indi-
viduals’ self-reported competence rather than their
actual reasoning performance in authentic contexts.

The emergence of Large Language Models
(LLMs) and Multi-Agent Systems offers a solution
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by enabling scalable, realistic simulations. Multi-
agent architectures offer the structural control to
mandate rigorous assessment logic (Guo et al.,
2024). Yet, a new challenge arises: how to har-
ness this power not to create a “black box” oracle,
but to build a transparent, scientifically grounded
evaluator that rivals human experts. To realize this
vision, we propose MASA (Multi-Agent Scenario-
based Assessment), a framework that bridges the
Intention Behavior Gap by operationalizing CCTDI
constructs into a dynamic multi-agent workflow.
It employs an Orchestrator to construct immer-
sive scenarios and a Socratic Inquirer (Favero
et al., 2024) to adaptively probe users, compelling
them to demonstrate their critical thinking skills
through action rather than selection. MASA pri-
oritizes interpretability and alignment—the hall-
marks of true expert assessment. We introduce
the Assessment Chain-of-Thought (AsCoT) mech-
anism, where an Inference Arbiter explicitly rea-
sons through behavior-grounded evidence to de-
rive scores. This ensures that MASA does not
merely output a number, but provides an auditable,
evidence-backed diagnosis of the learner’s ability.
Our empirical results from large-scale simulations
(N=1,161) and human studies (N=70) confirm
the success of this approach. MASA achieves a
higher correlation with independent human expert
ratings (r=0.882) than traditional self-report mea-
sures (r=0.720). This finding suggests that by em-
bracing this new solution, MASA effectively closes
the loop between latent disposition and observable
behavior, offering a more accurate, interpretable,
and authentically human-aligned solution to the
age-old challenge of cognitive assessment. The
main contributions of this paper are:

1. Construct Operationalization: We propose
MASA, the first multi-agent framework that
transforms static psychometric inventories
into dynamic behavioral scenarios, effectively
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Figure 1: An overview of the MASA framework. The framework consists of an Orchestrator Agent for dimension-
based scenario generation and process control, a Socratic Inquirer Agent for adaptive dialogue and evidence
elicitation, an Evidence Curator Agent for real-time sufficiency monitoring, and an Inference Arbiter Agent
for producing interpretable scores with Assessment Chain-of-Thought (AsCoT) reasoning paths, ensuring strict
adherence to CCTDI psychometric protocols while maintaining natural conversational flow.

shifting assessment from self-perception to
situated cognition.

2. Interpretability via AsCoT: We introduce
the Assessment Chain-of-Thought mecha-
nism, which resolves the “black box” dilemma
by generating auditable, evidence-to-criterion
reasoning paths that align AI judgment with
human expert logic.

3. Cost-effective Solution: MASA provides a
scalable alternative to human experts with an
average cost of only $0.41 per participant,
while achieving superior alignment with ex-
pert consensus (r = 0.882) compared to tra-
ditional self-reports (r = 0.720).

2 Related Work

2.1 Critical Thinking Assessment
The assessment of critical thinking (CT) has tra-
ditionally relied on standardized psychometric in-
struments (Ennis, 1996). Pioneering frameworks,
such as the California Critical Thinking Dispo-
sition Inventory (CCTDI) (Facione and Facione,
1992; Facione, 1990) and the Watson-Glaser Criti-
cal Thinking Appraisal (Watson, 1980), established
the theoretical bedrock for quantifying cognitive
dispositions. These instruments possess high statis-
tical reliability and have enabled large-scale com-
parative studies. However, a fundamental limita-

tion persists: these tools predominantly employ
self-report questionnaires or multiple-choice items.
This methodology inadvertently captures an indi-
vidual’s self-concept rather than their situated per-
formance, leading to the well-documented Inten-
tion Behavior Gap. Research in educational psy-
chology suggests that genuine critical thinking is
context-dependent and best observed through ac-
tive problem-solving rather than passive selection
(Abrami et al., 2008; Bowker and Fazioli, 2016).
Our work addresses this limitation by operational-
izing CCTDI constructs into a dynamic, dialogue-
based environment.

2.2 LLM-Based Assessment and
Interpretability

The advent of Large Language Models has cat-
alyzed a shift towards automated assessment (Qin
et al., 2024).LLMs serve as effective judges(Zheng
et al., 2023; Wei et al., 2024; Pan et al., 2024),
demonstrating substantial alignment with human
evaluation (Liu et al., 2023). Recent studies have
demonstrated the efficacy of LLMs in grading es-
says, generating feedback, and simulating student
personas (Chu et al., 2025; Su et al., 2025; Pack
et al., 2024; Wang, 2024; Liew and Tan, 2024). De-
spite these advances, a critical bottleneck remains:
the “black box” nature of neural scoring (Wang
et al., 2024; Arrieta et al., 2020). This opacity
poses a significant challenge in education, where
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the interpretability of AI tools is essential for en-
suring transparency, pedagogical validity, and hu-
man trust in automated assessment systems (Khos-
ravi et al., 2022). While techniques like Chain-
of-Thought (CoT) prompting (Wei et al., 2022;
Chu et al., 2024) have improved reasoning capa-
bilities, they are rarely integrated into a structured
psychometric rubric to justify scoring decisions.
MASA fills this void with the Assessment Chain-
of-Thought (AsCoT) mechanism, which is archi-
tecturally constrained to map behavior-grounded
evidence explicitly to psychometric criteria, ensur-
ing fully auditable AI judgment.

2.3 Multi-Agent Systems in Education

Multi-agent systems (MAS) offer a robust archi-
tecture for simulating complex social interactions
(Tang et al., 2025; Park et al., 2023; Li et al., 2023).
In the educational domain, MAS has been em-
ployed to model classroom dynamics, simulate peer
learning, and facilitate tutoring dialogues. Pioneer-
ing works such as MAIC (Yu et al., 2026) and Sim-
ulating classroom (Zhang et al., 2025) demonstrate
that specialized agents can effectively maintain role
consistency and manage workflow control in sim-
ulated classrooms. Similarly, recent approaches
like EducationQ (Shi et al., 2025) have utilized
multi-role dialogues to assess teaching capabilities
or trace knowledge states. However, prior work has
predominantly focused on pedagogical simulation
or unconstrained interaction rather than diagnos-
tic assessment. Using agents to strictly enforce a
psychometric validity constraint remains an unex-
plored frontier. MASA advances this field by intro-
ducing specialized agents (Curator and Arbiter) to
transform multi-agent interaction into a disciplined
instrument for measurement.

3 Methodology

Figure 1 illustrates MASA, a framework imple-
menting Evidence-Centered Design (ECD) (Mis-
levy et al., 2003)to transform static self-reports
into dynamic behavioral assessments. The work-
flow coordinates four agents: an Orchestrator (§3.1)
for process control, a Socratic Inquirer (§3.2) for
adaptive dialogue, a Curator (§3.3) for real-time
evidence monitoring, and an Arbiter (§3.4) for au-
ditable scoring.The full prompt template is pro-
vided in Appendix A. Formally, given CCTDI di-
mensions D = {d1, . . . , d7} and user u, MASA

computes:

(s, T ) = AsCoT
(

Curator
(
Socratic

(Orch(D), u)
)) (1)

where Orch(·) generates contextualized scenarios,
Socratic(·, u) elicits behavior-grounded evidence
through adaptive dialogue, Curator(·) validates ev-
idence sufficiency, and AsCoT(·) produces dimen-
sion scores s = (s1, . . . , s7) with auditable rea-
soning traces T . This architecture ensures strict
adherence to psychometric protocols while main-
taining dialogue flexibility.

3.1 Orchestrator Agent
The Orchestrator Agent maintains overall control
of the entire conversational assessment, ensuring
strict adherence to CCTDI’s seven-dimension struc-
tured framework. In practice, this agent guides the
dialogue process through hierarchical traversal of
CCTDI dimensions, where each dimensional tran-
sition follows established assessment logic:

Statet+1 =

{
dk+1 CURATOR(Ht) Saturated
dk otherwise

(2)
For example, upon completing the “truth-seeking”
dimension assessment, the system deterministically
transitions to the next preset dimension, such as
“open-mindedness.” This design ensures that criti-
cal assessment constructs are neither skipped nor
prematurely terminated.

By separating process control from language
generation, the system prevents “hallucinations”
or creative deviations that could compromise as-
sessment validity. Serving as MASA’s manage-
ment center, this agent coordinates the initiation
of each dimension. It transforms abstract psycho-
logical constructs into concrete, assessable behav-
ioral tasks through two key actions: first, generat-
ing dimension preambles to guide user attention;
second, constructing micro-scenarios that trans-
form abstract dispositional questions (e.g., “Are
you open-minded?”) into concrete scenarios requir-
ing users to demonstrate their behavioral disposi-
tions (e.g., “Imagine that your friend proposes a
travel plan you’ve never considered...”):

sk ∼ Pθ(· | Def(dk), Imeta) (3)

where Def(dk) denotes the operational definition
and Imeta represents global instructions. This pro-
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cess forms the foundation for achieving the transi-
tion from “self-report” to “contextualized behavior-
grounded evidence.”

3.2 Socratic Inquirer Agent
The Socratic Inquirer Agent maintains user engage-
ment and probing depth by Socratic Questioning
(Paul and Elder, 2007). Formally, it generates an
utterance ut based on a dynamic policy π, con-
ditioned on the dialogue history H<t, the current
dimension dk, and a scaffolding strategy σt:

ut ∼ π(· | H<t, dk, σt) (4)

This context-aware formulation allows for flexible
wording (e.g., probing “analyticity” differently for
news reading vs. team projects), avoiding mechani-
cal repetition.

The agent does not follow a rigid script but dy-
namically selects the strategy σt based on real-time
linguistic analysis of the user’s state:

σt =





ENCOURAGE Inconsistency(ut−1) > δ

CLARIFY Uncertainty(ut−1) > ϵ

PROBE otherwise
(5)

For instance, detecting logical conflation triggers
ENCOURAGE mode (scaffolding), while hedging
words (e.g., “maybe”) trigger CLARIFY mode. This
mechanism achieves a fluid, organic transition be-
tween scoring precision and responsiveness.

3.3 Evidence Curator Agent
The Evidence Curator Agent (E) performs real-
time calibration between natural language dialogue
and structured assessment. Formally, it evalu-
ates evidence sufficiency via a saturation function
S(ut, dk):

S(ut, dk) = I
(
Matchop(ut, dk)

∨ Simsem(ut, dk) > τ
) (6)

This operationalizes two key thresholds: direct
matching with definitions (e.g., checking data
sources → “truth-seeking”) and semantic equiv-
alence (e.g., hearing opposing views → “open-
mindedness”).

To balance scoring fidelity with conversational
flow, the agent executes a tiered control policy
based on the current turn depth n:

Actiont =





TRANSITION S(·) = 1

FORCECHOICE S(·) = 0 ∧ n ≥ Nmax

CLARIFY otherwise
(7)

While satisfied evidence triggers state transitions,
persistent ambiguity (after Nmax = 5 rounds) ac-
tivates a forced-choice mechanism, presenting
CCTDI-compliant binary options (e.g., “suspend
judgment” vs. “refute”) to enforce protocol adher-
ence. This dual-layer validation ensures structured
evidence collection within a dialogue framework.

3.4 Inference Arbiter Agent
The Inference Arbiter Agent (I) operationalizes the
Assessment Chain-of-Thought (AsCoT), convert-
ing unstructured dialogue into auditable psychome-
tric scores. Formally, it models the joint probability
of the dimension score sk and reasoning trace T
conditioned on the evidence history H:

P (sk, T | H, dk) =
3∏

j=1

P (Stagej | Stage<j , H)

(8)
This inference process decomposes into three inter-
pretable stages:

1. Feature Mapping (Evidence Extraction):
The model first transforms semantic responses into
psychological features. It applies an extraction
function ϕ to identify a set of observable indicators
Ek = {e ∈ H | Match(e,Def(dk))}, distinguish-
ing behavioral attributes such as frequency, spon-
taneity, and contextual dependence (e.g., mapping
“orderliness” to systematicity).

2. Dimension Induction (Construct Aggre-
gation): Unlike single-turn analysis, the model
computes the “construct realization degree” by ag-
gregating evidence across time. It estimates a latent
trait variable zk by weighing the consistency of ev-
idence fragments:

zk = Agg(Ek)× Consistency(Ek) (9)

This step filters out isolated utterances, ensuring the
score reflects robust behavioral patterns (e.g., rea-
soning coherence) rather than stochastic responses.

3. Inference Tracing (Score Generation): Fi-
nally, the agent generates the discrete score sk and
the explanation T by grounding them in the aggre-
gated traits zk. This produces a transparent audit
trail linking specific behaviors to the final psycho-
metric judgment.

4 Experiments

Data Collection To balance ecological validity
and scale of assessment, we constructed a two-tier
dataset: (1) Silver (N=1,161): simulated personas
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that completed both CCTDI and MASA assess-
ments. The detailed generation algorithm and a
comprehensive example of a simulated user pro-
file are presented in Appendix B; (2) Gold (N=70):
human participants recruited from diverse majors
at a research university, who first completed the
standard CCTDI scale, then engaged in MASA
conversational assessment (15-25 minutes), and
were independently rated by three domain experts
based on dialogue transcripts.

Implementation Details MASA’s default agent
backbone model uses gpt-4o. To ensure assess-
ment stability, decoding parameters are uniformly
set to temperature T = 0.5 and top-p = 0.9. All
experiments were conducted following Institutional
Review Board (IRB) approval.

4.1 Experiment I: Behavior-Grounded
Validity

RQ 1: Can MASA effectively measure critical
thinking in simulated and real-world settings?

4.1.1 Consistency with CCTDI Self-Report
Metrics. We employed metrics to evaluate
MASA’s consistency with the CCTDI gold stan-
dard. Specifically, we used Intraclass Correlation
Coefficient (ICC(2,1)) as the psychometric gold
standard for consistency measurement, Quadratic
Weighted Kappa (QWK) to assess ordinal rating
agreement with penalties for large discrepancies,
Mean Absolute Error (MAE) to quantify average
assessment error magnitude, and both Pearson (r)
and Spearman (ρ) correlation coefficients to mea-
sure linear and rank-based correlations.

Results. As shown in Table 1, MASA’s assess-
ment results demonstrate high consistency with
the CCTDI gold standard, addressing RQ1. On
the large-scale Silver simulation data (N=1161),
MASA’s total scores achieved extremely high con-
sistency (ICC(2,1) = 0.765, QWK = 0.768) and cor-
relation (Pearson r = 0.903, Spearman ρ = 0.894)
with CCTDI, while maintaining low average er-
ror (MAE = 5.56%). Importantly, the human
study on Gold data (N=70) confirmed this poten-
tial, showing strong consistency in real users as
well (Pearson r = 0.783, ICC(2,1) = 0.648, QWK =
0.669). This suggests that the behavior-grounded
evidence captured by MASA effectively reflects
thinking dispositions correlated with self-report
scales. Analysis across CCTDI’s seven dimensions
indicates MASA achieves the highest consistency
in areas like "truth-seeking" and "inquisitiveness,"

with slightly weaker performance in dimensions
more reliant on interpersonal dynamics, such as
"open-mindedness."

To comprehensively evaluate measurement
agreement, we conducted a three-level analysis on
the Silver dataset (N=1161) (Figure 2). First, scat-
ter plot analysis (Figure 2a) demonstrates strong
linear correlation (r=0.903, R²=0.815), confirm-
ing both methods capture similar individual differ-
ences. Second, Bland-Altman analysis (Figure 2b)
reveals a systematic negative bias (mean bias=-
7.05 points), with 95% limits of agreement span-
ning -45.24 to 31.15 points—a practically accept-
able range. Third, error distribution analysis (Fig-
ure 2c) shows normality test results (Shapiro-Wilk:
W=0.9921, p<0.0001), indicating slight deviation
from normality but errors remain symmetrically
distributed without extreme outliers or structural
anomalies.

Table 1: MASA’s consistency with CCTDI gold stan-
dard on Gold (human) and Silver (simulation) datasets.

Metric Gold (N=70) Silver (N=1161)

QWK 0.669 0.768
ICC(2,1) 0.648 0.765
MAE (%) 5.76% 5.56%
Pearson r 0.783 0.903
Spearman ρ 0.730 0.894

4.1.2 Consistency with Human Expert
Ratings

While CCTDI provides a standardized self-report
baseline, self-report instruments inherently mea-
sure perceived dispositions rather than actual be-
havioral performance. To establish a more rigorous
validation of MASA’s assessment quality, we con-
ducted an expert rating study where human experts
independently evaluated critical thinking based on
the same conversational evidence that MASA pro-
cesses.

Expert Rating Procedure. We recruited three
domain experts with backgrounds in educational
psychology and critical thinking assessment. Each
expert independently rated participants’ critical
thinking dispositions across CCTDI’s seven di-
mensions based solely on the dialogue transcripts
from MASA interactions. Experts were provided
with CCTDI’s dimensional definitions and scoring
rubrics to ensure criterion alignment. All 70 human
participants in the Gold dataset were evaluated.

Inter-Rater Reliability. Before comparing
MASA with expert ratings, we first established
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Figure 2: Three-level measurement agreement analysis on Silver dataset (N=1161). (a) Scatter plot showing strong
linear correlation (r=0.903, R²=0.815). (b) Bland-Altman plot revealing systematic negative bias (mean bias=-7.05
points) with 95% limits of agreement (-45.24 to 31.15 points). (c) Error distribution histogram with normality test
(Shapiro-Wilk: W=0.9921, p<0.0001), indicating slight deviation from normality but errors remain symmetrically
distributed without extreme outliers or structural anomalies.

the reliability of expert judgments. As shown in
Figure 3a, experts demonstrated substantial agree-
ment (Fleiss’ κ = 0.443, ICC(2,3) = 0.975, Mean
Pairwise r = 0.933), confirming that expert ratings
constitute a reliable reference standard for validat-
ing MASA’s automated assessments.

MASA vs. Expert Consensus. Figure 3b
presents the agreement between MASA scores and
expert consensus ratings (averaged across three ex-
perts). MASA achieved strong alignment with ex-
pert judgments (Pearson r = 0.882, QWK = 0.740,
ICC(2,1) = 0.751), demonstrating that MASA’s
automated scoring closely mirrors human expert
evaluation when both assess the same behavior-
grounded evidence.

Triangulated Validation. To provide a com-
prehensive validity assessment, we examined the
intercorrelations among all three measurement ap-
proaches: CCTDI self-report, MASA automated
assessment, and expert ratings. Figure 3c presents
the correlation matrix for the Gold dataset. Notably,
MASA shows stronger correlation with expert rat-
ings (r = 0.882) than CCTDI does with experts (r =
0.720), suggesting that MASA’s behavior-based ap-
proach better captures the observable critical think-
ing patterns that experts identify. MASA success-
fully operationalizes critical thinking dispositions
into assessable behavior-grounded evidence, and
aligns with human expert judgments better than
self-reported inventory (CCTDI).

4.2 Experiment II: Multi-Agent Architecture
Benefits

RQ 2 Does MASA’s multi-agent architecture out-
perform a single LLM, and are its agents neces-
sary?

Settings. We compared the full MASA sys-
tem against several baselines and ablation vari-
ants: (1) Direct-LLM, a single GPT-4o model base-
line which conducts a fixed number of dialogue
rounds and subsequently performs critical think-
ing scoring; (2) MASA (w/o Curator), an ablation
variant that removes the Evidence Curator Agent,
replacing its dynamic evidence monitoring with
a fixed evidence collection strategy of three dia-
logue rounds per dimension; and (3) MASA (w/o
Reflection), which removes the AsCoT reflec-
tion step from the Inference Arbiter Agent. This
experiment primarily utilized the “Silver” simula-
tion dataset (N=1161) to ensure result stability.

Results. As shown in Table 2, the full MASA
framework significantly outperforms all baseline
models across all consistency metrics. The Direct-
LLM baseline’s performance (QWK = 0.633) is
substantially lower than MASA, demonstrating that
simply using LLMs as “black-box judges” is insuf-
ficient.Ablation studies further confirm the neces-
sity of MASA’s architecture. Removing the Evi-
dence Curator Agent (w/o Curator) results in the
most severe performance degradation (∆QWK ≈
-0.094), highlighting the Evidence Curator’s core
role in ensuring conversational assessment collects
sufficient, relevant evidence.

5 Discussion and Analysis

5.1 Core Findings: Validating Construct
Operationalization and Architecture
Necessity

Our experiments validated three core conclusions:
First, “operationalizing constructs” is effec-

tive. Experiment I (§4.1.1) results show that the
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Figure 3: Three-level expert validation analysis on Gold dataset (N=70). (a) Inter-rater reliability among three
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judgments (r=0.882) than CCTDI does (r=0.720), confirming MASA’s behavior-grounded approach better captures
observable critical thinking patterns.

Table 2: Performance comparison of MASA with baselines and ablation models (on Silver dataset N=1161).

Variant QWK ICC(2,1) MAE (%) Pearson r Spearman ρ

Full MASA 0.768 0.765 5.56% 0.903 0.894
Direct-LLM 0.633 0.578 8.85% 0.790 0.798

MASA (w/o Curator) 0.674 0.673 6.35% 0.890 0.891
MASA (w/o Reflection) 0.744 0.722 8.39% 0.886 0.880

behavior-grounded evidence captured by MASA
through contextualized dialogue demonstrates high
consistency with the CCTDI gold standard (based
on self-report) (Silver r = 0.903, Gold r = 0.783).
This powerfully demonstrates that MASA success-
fully bridges the gap with its captured dynamic
behavioral performance indeed reflecting the same
underlying traits measured by self-report scales.

Second, MASA aligns with human expert
judgment. The expert rating study (§4.1.2) pro-
vides crucial validation beyond self-report compar-
ison. When three independent experts evaluated
the same conversational evidence that MASA pro-
cesses, MASA’s automated scores showed strong
agreement with expert consensus (r = 0.882). Im-
portantly, the triangulated analysis revealed that
MASA correlates more strongly with expert rat-
ings than CCTDI does, suggesting that MASA’s
behavior-based approach captures observable crit-
ical thinking patterns more effectively than self-
report instruments. This finding addresses a funda-
mental limitation of validating against self-report
alone and establishes MASA as a credible au-
tomated alternative to human expert assessment.
Third, the “multi-agent architecture” is neces-

sary. Experiment II (§4.2) ablation studies (Ta-
ble 2) clearly show that the full MASA frame-
work’s performance (QWK = 0.768) significantly
outperforms the simplified Direct-LLM baseline
(QWK = 0.633). This demonstrates that MASA’s
success does not merely rely on gpt-4o’s powerful
capabilities, but stems from its carefully designed,
verifiable architecture. Particularly, the substan-
tial performance degradation (QWK = 0.674) from
removing the Evidence Curator (w/o Curator)
confirms that “real-time evidence sufficiency anal-
ysis” (see §3.3) is crucial for ensuring assessment
reliability.

5.2 Case Analysis: How AsCoT Achieves
Interpretability

To concretely demonstrate how MASA addresses
the “black box” problem in AI assessment, we pro-
vide a typical case from the “Gold” dataset. Table 3
illustrates the complete evidence collection process
for the Truth-seeking dimension.

After dialogue completion, the Inference Ar-
biter Agent generated the AsCoT reasoning path,
binding it to CCTDI’s "truth-seeking" dimension.
The AsCoT mechanism operates through three
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Case ID: MASA-Truth-Seeking-01
Target Dimension: Truth-seeking (Dim1)
[Scenario] Contextualized micro-scenario generated by
Orchestrator Agent:
Imagine you are reading a popular online article in an im-
portant project that claims a new data analysis technique

’X-Algo’ is 50% more efficient than traditional methods.
Your team seems eager to adopt it immediately.

[Initial Response] User’s first reaction to the scenario:
“Sounds great, a 50% efficiency boost is very attractive for
the project.” → superficial acceptance without verifica-
tion

[Socratic Probing] Inquirer Agent’s follow-up question:
“Before recommending ’X-Algo’ to your team, what would
you do first?”

[Key Evidence] Critical behavior-grounded evidence cap-
tured through dialogue:

“I would definitely pause first. I would look up the source
of this article. Is it published in a top journal, or just a
company’s promotional blog? I would search for whether
other independent research or benchmarks have repro-
duced this result. If I can’t find corroboration, I wouldn’t
believe this claim.” → demonstrates active evidence-
seeking and suspension of judgment

[Evidence Sufficiency] Curator Agent’s real-time assess-
ment:
Evidence is sufficient, satisfying Dim1 (truth-seeking)
probing criteria→ Trigger Orchestrator to switch to
next dimension

Table 3: Example case showing MASA’s evidence col-
lection process for the Truth-seeking dimension.

progressive stages: (1) Feature Mapping, where
the system first anchors the user’s key responses
against the dimension’s operational definition—for
the truth-seeking dimension (Dim1), the criterion
states that “truth-seekers tend to suspend judgment
without sufficient evidence and actively seek evi-
dence,” and the evidence from the user’s responses
such as “I would definitely pause first,” “look up
the source of this article,” and “search for whether
other independent research...reproduced this result”
are systematically anchored to this criterion; (2)
Dimension Induction, where the system analyzes
whether the behavior-grounded evidence satisfies
the dimension’s performance standards—in this
case, the analysis reveals that the user did not imme-
diately accept the “50% more efficient” claim (ini-
tial response overridden subsequently), but showed
strong verification willingness, and their behav-
ior (“look up sources,” “search for independent
research”) highly aligns with the core criterion of
the “truth-seeking” dimension (“actively seek evi-
dence”); (3) Inference Tracing, where the system

generates an interpretable logical chain linking evi-
dence to the final score—the conclusion drawn is
that evidence sufficiently supports this user hav-
ing high disposition in the “truth-seeking” dimen-
sion, resulting in a score of Truth-seeking (Dim1)
= 52 (high score). This case highlights MASA’s
advantages over traditional assessment and "black
box" AI: unlike CCTDI which only measures self-
identification, MASA captures behavior in concrete
scenarios; unlike Direct-LLM which might provide
a score without an auditable path, MASA’s transpar-
ent "evidence-to-criterion" reasoning chain ensures
auditability, enhancing the credibility and feedback
value of the assessment results.A complete tran-
script covering all seven CCTDI dimensions for a
real human participant is available in Appendix C.

6 Conclusion

Our work presents MASA, the first framework to
bridge the cognitive Intention Behavior Gap by
operationalizing psychometric constructs (CCTDI)
into a multi-agent behavioral assessment workflow.
Validation across large-scale simulations and hu-
man studies demonstrates that MASA achieves
expert-level evaluation quality (r=0.882), surpass-
ing traditional self-reports, while dramatically low-
ering the barrier to entry with an average cost of
only $0.41 per participant. The integration of the
Evidence Curator for signal sufficiency and the As-
CoT mechanism for reasoning effectively resolves
the reliability and “black box” challenges in edu-
cation. We hope MASA establishes an accurate,
transparent, and cost-effective solution for the next
generation of scalable cognitive evaluation.
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7 Limitations

Demographic and Cultural Constraints. Our
human validation study (N = 70) was conducted
primarily with participants from a specific linguis-
tic and cultural background (Chinese native speak-
ers, with transcripts translated for publication).
Critical thinking expression can be culturally de-
pendent—for instance, some cultures prioritize col-
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lective harmony over direct confrontation, which
might be misinterpreted by the model as low “truth-
seeking.” Caution should be exercised when gener-
alizing these findings to diverse cultural contexts
without further fine-tuning or prompt adaptation.

Model Circularity in Simulation. The “Silver”
dataset (N = 1, 161) utilizes GPT-4 for both per-
sona generation and assessment. While efficient
for stress-testing the system’s dimensional cover-
age, this setup risks evaluating the model’s self-
consistency rather than independent validity. We
mitigate this by grounding our primary claims in
the human “Gold” dataset, but the simulation re-
sults should be interpreted as a validation of the
architectural logic rather than an external truth.

Dependence on Language Proficiency. Unlike
multiple-choice inventories (e.g., CCTDI), MASA
relies on open-ended dialogue. This introduces
a potential confounding variable: the user’s ver-
bal fluency and expressive willingness. Users
with high critical thinking skills but limited lan-
guage proficiency (or reluctance to type length-
ier responses) might be under-scored. Although
our Socratic Inquirer attempts to mitigate this via
the “Encourage” mode, future work should explore
multi-modal inputs (e.g., voice) or decouple lin-
guistic complexity from cognitive scoring.

Technical Refinement Directions. Our analysis
also surfaces several technical aspects warranting
future work. The AsCoT reasoning framework
could be enhanced to better handle complex cross-
dimensional thinking patterns, and evidence suffi-
ciency judgments can be made more robust. Bland-
Altman analysis further revealed a systematic bias
(MASA tends to score slightly higher than CCTDI),
indicating the need for explicit calibration mech-
anisms. Dimensions involving interpersonal dy-
namics, such as “open-mindedness,” showed rela-
tively lower consistency, suggesting refinement of
scenario design and evidence elicitation for these
constructs. Finally, the current dependency on a
specific LLM backbone (GPT-4o) raises considera-
tions regarding model robustness and cost across
deployment contexts.

8 Ethics Statement

Human Subjects and Data Privacy This study
involves human participants for the validation of
the MASA framework. All experiments were con-
ducted with the approval of the Institutional Re-

view Board (IRB). We ensured that all participants
provided informed consent before engaging in the
dialogue assessment. To protect privacy, all per-
sonal identifiers were removed from the dataset,
and participants were explicitly informed that their
dialogue data would be used for research purposes
only. The “Silver” dataset consists of simulated
personas and does not involve real human data.

Compensation We acknowledged the time and
effort of all human participants and ensured fair
compensation. Participants were paid at a rate
of approximately 14 USD per hour, which signif-
icantly exceeds the local minimum wage and the
average hourly wage standards.

Potential Risks and Educational Impact We
acknowledge the potential risks of deploying AI
agents in educational settings. There is a risk that
educators might over-rely on automated scores.
We emphasize that MASA should be used as a
formative assessment tool to provide feedback,
rather than a high-stakes summative evaluation
tool replacing human judgment. Although we uti-
lized the CCTDI framework to ground the assess-
ment, LLMs may inherently carry biases present in
their training data. We have attempted to mitigate
this through the Evidence Curator and Assessment
Chain-of-Thought mechanisms to ensure scoring
is evidence-based, but potential subtle biases in
dialogue interaction may still exist.

References

Philip C Abrami, Robert M Bernard, Evgueni
Borokhovski, Anne Wade, Michael A Surkes, Rana
Tamim, and Dai Zhang. 2008. Instructional interven-
tions affecting critical thinking skills and dispositions:
A stage 1 meta-analysis. Review of educational re-
search, 78(4):1102–1134.

Alejandro Barredo Arrieta, Natalia Díaz-Rodríguez,
Javier Del Ser, Adrien Bennetot, Siham Tabik, Al-
berto Barbado, Salvador García, Sergio Gil-López,
Daniel Molina, Richard Benjamins, and 1 others.
2020. Explainable artificial intelligence (xai): Con-
cepts, taxonomies, opportunities and challenges to-
ward responsible ai. Information fusion, 58:82–115.

Matthew H Bowker and K Patrick Fazioli. 2016. Re-
thinking critical thinking: A relational and contextual
approach. Pedagogy and the human sciences, 6(1):1–
26.

SeongYeub Chu, Jong Woo Kim, Bryan Wong, and
Mun Yong Yi. 2025. Rationale behind essay scores:

26857



Enhancing s-llm’s multi-trait essay scoring with ra-
tionale generated by llms. In Findings of the Associ-
ation for Computational Linguistics: NAACL 2025,
pages 5796–5814.

Zheng Chu, Jingchang Chen, Qianglong Chen, Weijiang
Yu, Tao He, Haotian Wang, Weihua Peng, Ming Liu,
Bing Qin, and Ting Liu. 2024. Navigate through enig-
matic labyrinth a survey of chain of thought reason-
ing: Advances, frontiers and future. In Proceedings
of the 62nd Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers),
pages 1173–1203.

Linda Elder and Richard Paul. 2020. Critical thinking:
Tools for taking charge of your learning and your life.
Rowman & Littlefield.

Robert H Ennis. 1993. Critical thinking assessment.
Theory into practice, 32(3):179–186.

Robert H Ennis. 1996. Critical thinking dispositions:
Their nature and assessability. Informal logic, 18(2).

Peter Facione. 1990. Critical thinking: A statement of
expert consensus for purposes of educational assess-
ment and instruction (the delphi report).

Peter A Facione and Noreen C Facione. 1992. Cctdi: A
disposition inventory. Insight Assessment CA: Cali-
fornia Academic Press.

Lucile Favero, Juan Antonio Pérez-Ortiz, Tanja Käser,
and Nuria Oliver. 2024. Enhancing critical think-
ing in education by means of a socratic chatbot. In
International Workshop on AI in Education and Edu-
cational Research, pages 17–32. Springer.

Taicheng Guo, Xiuying Chen, Yaqi Wang, Ruidi Chang,
Shichao Pei, Nitesh V Chawla, Olaf Wiest, and Xi-
angliang Zhang. 2024. Large language model based
multi-agents: A survey of progress and challenges.
arXiv preprint arXiv:2402.01680.

Diane F Halpern. 2013. Thought and knowledge: An
introduction to critical thinking. Psychology press.

Hassan Khosravi, Simon Buckingham Shum, Guanliang
Chen, Cristina Conati, Yi-Shan Tsai, Judy Kay, Si-
mon Knight, Roberto Martinez-Maldonado, Shazia
Sadiq, and Dragan Gašević. 2022. Explainable ar-
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A Agent System Prompts

A.1 Orchestrator Agent

[SYSTEM] Orchestrator Agent Prompt

Role: You are an expert in CCTDI critical thinking
assessment with deep knowledge of psychometric
theory and construct operationalization.
Task: Generate comprehensive guidance for the
{dimension_name} dimension to transform abstract
psychometric constructs into concrete, assessable be-
havioral contexts:

1. In-depth capability interpretation: Explain
what specific critical thinking abilities this di-
mension evaluates, how they manifest in cog-
nitive processes, and why this dimension is
essential for effective critical thinking. Con-
nect the dimension to real-world consequences
of its presence or absence.

2. Three contextualized examples: Provide con-
crete, relatable scenarios from diverse contexts
(workplace decisions, academic research, in-
terpersonal communication, consumer choices,
etc.) that clearly illustrate how individuals with
high vs. low levels of this dimension would
behave differently. Ensure scenarios are acces-
sible and culturally neutral.

3. Assessment focus: Identify key behavioral in-
dicators, linguistic patterns, and response char-
acteristics that the Socratic Inquirer should
probe. Specify what constitutes strong evi-
dence vs. weak evidence for this dimension,
and what common response patterns might be
ambiguous or misleading.

Input Variables:

• {dimension_name}: The name of the cur-
rent CCTDI dimension being assessed from
the seven-dimension framework: (1) Truth-
seeking, (2) Open-mindedness, (3) Analyticity,
(4) Systematicity, (5) CT Self-confidence, (6)
Inquisitiveness, (7) Cognitive Maturity

• {dimension_description}: The operational
definition of this dimension as specified in
the CCTDI framework, describing the disposi-
tional characteristics being measured

• {question_numbers}: The range of CCTDI
inventory items associated with this dimension
(each dimension covers 10 consecutive items
from the 70-item inventory)

Output Requirements: Generate guidance text that:
(1) provides a natural, engaging preamble to contex-
tualize the dimension for users without revealing as-
sessment intentions; (2) equips the Socratic Inquirer
Agent with concrete probing strategies aligned with
the dimension’s core construct; and (3) ensures the
assessment remains grounded in observable behavior
rather than abstract self-perception.
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A.2 Socratic Inquirer Agent

[SYSTEM] Socratic Inquirer Agent
Prompt

Role: You are a skilled Socratic dialogue facilita-
tor specialized in eliciting authentic critical thinking
behaviors through adaptive questioning.
Context:

• Current dimension: {dimension_name} –
{dimension_description}

• Dimension guidance: {guidance_text}
(generated by Orchestrator Agent, containing
capability interpretation, examples, and assess-
ment focus)

• Interaction mode: {current_mode} ∈
{ENCOURAGE, NORMAL, PROBE}

• Interaction round: {interaction_count}

• User response history: {recent_responses}
(last 1–2 responses for context)

Task: Generate the next question to assess the user’s
critical thinking disposition in the current dimension.
Your question must:

1. Align with the interaction mode:

• ENCOURAGE mode: Use supportive,
scaffolding language when the user
shows uncertainty (e.g., brief responses
<20 characters, hedging words like
“don’t know”, “not sure”). Provide gen-
tle guidance or examples to help them
articulate their thoughts more fully.

• NORMAL mode: Maintain natural con-
versational flow. Ask open-ended ques-
tions that invite detailed responses about
how they would think or act in specific
situations.

• PROBE mode: When the user provides
detailed responses (>100 characters),
dig deeper. Ask for specific examples,
reasoning processes, or hypothetical sce-
narios to reveal underlying dispositions.

2. Be contextualized and scenario-based: Avoid
abstract questions like “Are you open-minded?”
Instead, present concrete situations that require
the user to demonstrate the dimension behav-
iorally (e.g., “Imagine your colleague presents
data contradicting your project assumptions.
What would you do first?”).

3. Build on previous responses: If this is not
the first interaction, reference or extend the
user’s earlier responses to create a coherent
dialogue thread. Show that you are listening
and building understanding cumulatively.

4. Maintain naturalness: Questions should feel
like genuine conversation, not interrogation.
Avoid overly formal or test-like language. Use
accessible vocabulary and relatable contexts.

Mode Selection Logic (executed automatically be-
fore this prompt):

• If user’s last response is brief (<20 chars) or
contains uncertainty markers→ ENCOURAGE

• If user’s last response is detailed (>100 chars)
→ PROBE

• Otherwise→ NORMAL

Output: Generate only the question text (no expla-
nations or meta-commentary). The question should
be a single, clear, engaging prompt that advances the
assessment of the current dimension.

A.3 Evidence Curator Agent

[SYSTEM] Evidence Curator Agent
Prompt

Role: You are a diagnostic expert in psychomet-
ric evidence evaluation, responsible for determining
whether sufficient behavior-grounded evidence has
been collected to support reliable scoring.
Context:

• Current dimension: {dimension_name} –
{dimension_description}

• Dimension guidance: {guidance_text} (as-
sessment focus and behavioral indicators)

• Interaction history: Complete record
of questions asked and user responses
({interactions}, {user_responses})

• Interaction count: {n} rounds completed

Hard Constraints (must be enforced):

• Minimum threshold: At least 3 interaction
rounds are required before evaluating suffi-
ciency

• Maximum threshold: After 5 interaction
rounds, scoring must proceed regardless of ev-
idence quality (to maintain user engagement
and prevent fatigue)

Task: Analyze whether the collected evidence is
sufficient to support accurate scoring of the current
dimension. Your analysis must evaluate:

1. Response quality and depth: Do the user’s
responses demonstrate engagement with the
scenarios? Are answers substantive (not mere
yes/no), specific (not vague), and behaviorally
concrete (describing actions, not just atti-
tudes)?

2. Construct alignment: Do the responses ex-
hibit thinking patterns characteristic of the di-
mension being assessed? Cross-reference user
behaviors against the dimension’s operational
definition and the behavioral indicators speci-
fied in the guidance.
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3. Evidence diversity: Has the user been probed
from multiple angles? Are there responses cov-
ering different scenarios or aspects of the di-
mension to ensure the assessment is not overly
narrow?

4. Signal clarity: Is the evidence unambiguous,
or are there conflicting signals? Can the user’s
disposition level (high/medium/low) be confi-
dently inferred from the responses, or is more
probing needed?

Output Format (JSON):
{
"sufficient": true,
"reason": "Explanation sufficiency judgment",
"recommendation": "continue",
"confidence": 0.0,
"key_insights": ["Ob pattern 1", ...],
"missing_aspects": ["Gap 1", "Gap 2", ...]

}

Decision Logic:

• If {n} ≥ 5 → sufficient = true,
recommendation = "score" (mandatory)

• If {n} < 3 → sufficient = false,
recommendation = "continue"

• If 3 ≤ {n} < 5→ Evaluate based on the four
criteria above

A.4 Inference Arbiter Agent

[SYSTEM] Inference Arbiter Agent
Prompt: Assessment Chain-of-Thought
(AsCoT)

Role: You are an authoritative psychometric expert in
CCTDI critical thinking assessment, responsible for
generating auditable, evidence-based scores using the
Assessment Chain-of-Thought (AsCoT) reasoning
framework.
Context:

• Dimension: {dimension_name}
(ID: {dimension_id}) –
{dimension_description}

• Guidance: {guidance_text} (behavioral in-
dicators and assessment focus)

• Diagnostic analysis:
{diagnostic_insights} (Evidence Cu-
rator’s key findings and confidence level)

• Complete interaction transcript: Full his-
tory of questions and user responses across all
rounds

Task: Generate a dimension score (10–60 points)
with complete AsCoT reasoning trace. You must
execute the following three-stage inference process:
STAGE 1: FEATURE MAPPING (EVIDENCE EX-
TRACTION)

Transform semantic responses into psychological fea-
tures by identifying observable indicators from the
interaction transcript:

• Extract specific utterances that demonstrate (or
contradict) the dimension’s core construct

• Identify behavioral attributes: frequency of
manifestation, spontaneity vs. prompted re-
sponses, contextual dependency

• Map linguistic patterns to dispositional charac-
teristics (e.g., “always check sources first”→
high truth-seeking; “whatever works”→ low
systematicity)

STAGE 2: DIMENSION INDUCTION (CONSTRUCT
AGGREGATION)
Compute the “construct realization degree” by aggre-
gating evidence across the interaction timeline:

• Weigh consistency: Do behavioral patterns per-
sist across different scenarios, or are responses
contradictory?

• Filter noise: Distinguish robust dispositional
signals from isolated, context-specific utter-
ances

• Triangulate: Do multiple pieces of evidence
converge on the same dispositional level, or is
the picture ambiguous?

STAGE 3: INFERENCE TRACING (SCORE GEN-
ERATION)
Generate the final score and explanation by grounding
them explicitly in Stages 1–2:

• Cite specific evidence extracted in Stage 1 to
justify the score

• Explain how aggregated patterns (Stage 2) led
to the dispositional inference

• Produce an auditable trail: reviewers should
be able to trace the score back to specific user
behaviors

Scoring Standards (10–60 points, mean ≈ 43):

• 10–20 (Very Low): Minimal or absent expres-
sion of the dimension; contradicts core con-
struct

• 21–30 (Low): Weak manifestation; occasional
relevant behaviors but unstable

• 31–40 (Below Average to Average): Basic
competence; some evidence but lacks depth or
consistency

• 41–50 (Average to Good): Solid, stable expres-
sion of the dimension; meets or exceeds typical
performance (43 is the population mean)

• 51–60 (Excellent): Outstanding, persistent
demonstration; high quality with few lapses

Dimension-Specific Calibration:
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• Dimension 3 (Analyticity): Baseline mean =
47 (not 43). Reward identification of logical
fallacies (+3), multi-perspective analysis (+3),
causal reasoning chains (+3), counterexamples
(+2). Focus on reasoning quality, not verbosity.

• Dimension 5 (CT Self-Confidence): Baseline
mean = 45. Assess confidence in one’s rea-
soning ability, not certainty about specific con-
clusions. Do not penalize hedging language
(“maybe”, “I think”) if the user defends their
reasoning process. Reward persistence in ratio-
nal judgment despite challenges (+3).

Output Format (JSON):
{
"score": 10-60,
"level": "Very Low|Low|Avg.|Good|Excellent",
"reasoning": "AsCoT reasoning trace ",
"evidence": ["Specific quote 1", ...],
"strengths": ["Strength 1", ...],
"weaknesses": ["Weakness 1", ...],
"confidence": 0.0-1.0

}

Critical Reminder: Your score must be auditable.
Any reviewer reading your reasoning field should
be able to understand exactly which user behaviors
led to the score and why. This transparency is the
core value of AsCoT.

B Simulated User Generation

B.1 Generation Method
Algorithm: Simulated User Persona Gen-
eration

INPUT:

• num_users: Number of diverse personas to
generate

• prompt_template: Persona specification tem-
plate file (format reference)

• llm_config: LLM API configuration (model,
base URL, API key)

PROCEDURE:
1: Initialize LLM client with llm_config (GPT-4

or equivalent)
2: Read prompt_template from file (handles mul-

tiple encodings: UTF-8, GBK, GB2312)
3: Initialize success_count← 0
4: for i = 1 to num_users do
5: Construct generation prompt:
6: System message: “Professional persona

generator”
7: User message: prompt_template + diver-

sity constraints
8: Diversity Constraints:
9: • Age: random ∈ [12, 65]

10: • Occupation: diverse sectors (white-
collar, blue-collar, service, freelance, etc.)

11: • Education: varied levels (dropout,
high school, vocational, undergraduate, grad-
uate)

12: • Location: urban, suburban, rural,
small towns, remote areas

13: • Income: low, medium, high levels
14: • Personality & values: significant dif-

ferences across personas
15: Call LLM API with:
16: temperature = 1.0 (high randomness for

diversity)
17: max_tokens = 4000 (sufficient for detailed

profiles)
18: Extract persona content from API response
19: Extract persona name using regex from Sec-

tion 1.1 of profile
20: if name extraction successful then
21: filename← “{i}{name}.txt”
22: else
23: filename← “{i}persona_profile.txt” (de-

fault)
24: end if
25: Save persona content to filename (UTF-8

encoding)
26: success_count← success_count + 1
27: end for
28: return success_count generated persona files

OUTPUT: A set of N diverse, realistic simulated
user personas with detailed profiles covering basic
information, formative background, personal traits,
and cognitive characteristics aligned with CCTDI
assessment dimensions.
Key Design Principles:

• High diversity: Temperature = 1.0 ensures
each persona is unique; explicit constraints pre-
vent homogeneous demographic distributions

• Realism: Personas include coherent life histo-
ries, socioeconomic backgrounds, and cogni-
tive profiles grounded in real-world variability

• CCTDI alignment: Section 4 of each persona
(Cognitive & Thinking Profile) is structured to
reflect critical thinking dispositions measurable
by MASA

B.2 An example from the simulated
personas(N=1161)

Sample Persona: Anonymity

Section 1: Basic Profile

• Name: Anonymity

• Gender: Male

• Age: 42 years old

• Location: Mianyang City, Sichuan Province,
China

• Occupation: Auto repair shop owner, operates
a medium-sized automotive repair business pro-
viding routine maintenance, diagnostics, and
repair services; manages 5 employees

• Distinctive feature: Hands covered with cal-
luses and oil stains, with machine oil traces
permanently embedded in fingernail crevices
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Section 2: Formative Background
Family: Father is a retired factory technician (high
school education); mother is a homemaker (middle
school education). Family economic status was lower-
middle class but met basic needs. Household atmo-
sphere emphasized pragmatism, frugality, and prac-
tical skills. Core family values: hard work, honesty,
and skill-based self-reliance.
Education: Attended Mianyang No. 7 Middle School
(average-tier school) with mediocre grades; showed
strong interest in mechanics and physics but disliked
history and literature. Enrolled in Mianyang Voca-
tional Technical School (automotive repair major)
with excellent performance, particularly in hands-on
practical courses. No college education; entered the
automotive repair industry directly after vocational
school graduation. Deeply influenced by Teacher
Wang, a master technician with 20 years of experi-
ence who taught him the skill of “diagnosing faults
by sound” and cultivated his passion for automotive
repair and rigorous work ethic.
Key life experiences: At age 28, opened a small re-
pair shop using personal savings, but nearly went
bankrupt in the first year due to poor management. A
serendipitous opportunity arose when he self-taught
electronic control system repairs for modern vehicles,
becoming one of the few local technicians capable
of servicing such cars. This expertise gradually built
his reputation and customer base, rescuing the failing
business. At age 35, encountered a high-end vehicle
with a complex fault that other repair shops could
not resolve. He spent three days and nights research-
ing technical manuals and online forums, eventually
finding the solution. This experience reinforced his
belief in continuous learning and established his pro-
fessional reputation in the industry.
Section 3: Personal Traits & Lifestyle
Personality (Big Five): Moderately introverted –
talkative among acquaintances but quiet in unfamiliar
social settings. Moderate openness to experience –
receptive to new automotive technologies but limited
interest in unfamiliar domains (e.g., arts, literature).
High conscientiousness – meticulous about work de-
tails, repeatedly inspects his own repair work. Mod-
erate agreeableness – friendly but direct, dislikes for-
malities, prioritizes practical problem-solving. Low
neuroticism – emotionally stable, remains calm even
when facing difficult repair challenges.
Core values: Professional skill (mastering excellent
craftsmanship is the foundation of livelihood); in-
tegrity (honesty with customers, no exaggeration of
problems, no unnecessary repair recommendations);
pragmatism (values knowledge and skills that solve
real-world problems); family responsibility (as the
family’s economic pillar, prioritizes providing stable
living conditions for family members).
Interests & hobbies: Reads automotive technology
magazines and professional forums; follows latest au-
tomotive technologies and repair methods due to di-
rect career relevance. Enjoys watching documentary
programs, especially those on industrial manufactur-
ing and mechanical engineering; evaluates them from
the perspective of technical innovation and practical-
ity. Weekend hobby is fishing, which provides soli-
tude and reflection time to clear his thoughts. Spends
leisure time modifying his own car, viewing it as both
a technical challenge and a form of self-expression.
Information diet: Primarily acquires automotive re-

pair information through professional forums, tech-
nical manuals, and industry journals. Uses search
engines habitually to resolve specific technical prob-
lems, cross-references information from multiple
sources. Occasionally reads local news but pays little
attention to national politics or international news.
Information sources are highly specialized with good
depth but limited breadth; rarely encounters arts and
humanities knowledge.
Social circles: Friends are mainly industry peers and
small business owners; discussions center on indus-
try topics. Maintains cordial but professional rela-
tionships with employees, keeping a certain distance.
Social network is relatively homogeneous, mostly
practical-minded individuals with similar technical
backgrounds. Maintains professional but friendly
relationships with customers; some long-term cus-
tomers have become personal friends.
Section 4: Cognitive & Thinking Profile

• Critical thinking level: Developing (interme-
diate stage)

• Information processing:

– Encountering new information: First re-
action is to assess alignment with known
experience; questions information that
conflicts with personal experience

– Source evaluation: Considers source ex-
pertise; trusts information shared by prac-
titioners with actual experience; reserves
judgment on theoretical or academic in-
formation

• Decision-making style:

– Decision basis: Combines experience-
based judgment with data-driven ap-
proaches; values past cases and actual
test results

– Decision considerations: Typically con-
siders 2–3 main options and their poten-
tial consequences; rarely explores uncon-
ventional or highly innovative solutions

• Argumentation & communication:

– Expressing viewpoints: Tends to use con-
crete cases and personal experiences to
support arguments; rarely employs ab-
stract theories or statistical data

– Facing counterarguments: Will recon-
sider his position if opponents provide
strong evidence or experience; persists in
his judgment if he perceives opponents
lack practical experience

• Cognitive biases:

– Confirmation bias: Tends to seek infor-
mation supporting initial judgments (e.g.,
once he preliminarily diagnoses a fault
cause, he focuses more on symptoms sup-
porting that diagnosis while ignoring in-
consistent evidence)

– Anchoring effect: Strongly influenced by
first impressions or initial information
(e.g., customer-described symptoms of-
ten become his diagnostic anchor, even
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when subsequent evidence points else-
where)

• Metacognitive abilities:

– Thinking reflection: Occasionally re-
flects on his repair thought processes,
especially when facing difficult faults;
rarely engages in systematic thinking
about his cognitive processes

– Awareness of limitations: Clearly rec-
ognizes his knowledge gaps in certain
new technology areas; proactively seeks
learning or consults others

– Error attribution: When making techni-
cal judgment errors, objectively analyzes
error causes; rarely attributes errors to
external factors, reflecting professional
technical integrity

C Complete Dialogue Transcript: Real
User Case Study

This appendix presents a complete transcript of a
real MASA assessment session with a human par-
ticipant. To demonstrate the system’s naturalistic
dialogue flow and evidence-based scoring process,
we provide the full interaction history across all
seven CCTDI dimensions. The original conversa-
tion was conducted in Chinese and has been trans-
lated to English for publication, with participant
identity anonymized to ensure privacy protection.

C.1 Case Overview

[PARTICIPANT INFO] Session Meta-
data

Participant ID: P26 (Anonymized for privacy pro-
tection)
Assessment Date: November 9, 2025
Session Duration: 22 minutes (10:36–10:58 local
time)
Completion Status: All 7 dimensions successfully
completed
Language: Chinese (original)→ English (translated)
Total Score: 339/420 points (Average: 48.43/60 per
dimension)
Overall Rating: Good

C.2 Dimension-wise Dialogue Transcripts
C.2.1 Dimension 1: Truth-seeking

[DIALOGUE] Round 1 – Initial Scenario

[SYSTEM] (10:36:39, Mode: Normal)
Recently, a controversial claim has been circulating
online: “Drinking more water every day can signifi-
cantly enhance intelligence.” How would you evalu-
ate this statement? What approach would you take to
assess its reliability?
[USER] (10:38:33)

I believe this claim is incorrect—there is no signifi-
cant link between water consumption and intelligence.
Intelligence should be largely innate, not substantially
altered by behaviors like drinking water. Especially
for something as essential to human survival as water,
there’s no scientific evidence connecting it to intelli-
gence; this is likely a rumor. I would probably search
online, consult medical professionals, and review
relevant literature to verify its reliability.
→ User demonstrates initial skepticism and pro-
poses multiple verification strategies, indicating ac-
tive truth-seeking disposition.

[DIALOGUE] Round 2 – Probing for
Past Experience

[SYSTEM] (10:38:36, Mode: Probe)
You mentioned that you would verify the claim
through online searches, consulting medical profes-
sionals, and reviewing relevant literature. Can you
recall a similar situation in the past where you used
these methods to confirm or debunk information?
Please describe the process and outcome in detail.
[USER] (10:40:17)
A long time ago, there was a claim that hyperhidrosis
(excessive sweating in the palms) was simply caused
by nervousness or excitement. But I felt this wasn’t
the full picture, because sometimes I would experi-
ence heavy sweating even when I wasn’t nervous or
excited. After consulting reference materials and
verifying with classmates studying medicine, I dis-
covered that it’s actually caused by overactivity of
the sympathetic nervous system in the body—a
physiological condition, not just an emotional re-
sponse.
→ Provides concrete example of challenging com-
mon misconceptions through evidence-seeking behav-
ior, demonstrating sustained truth-seeking pattern
beyond hypothetical scenarios.

[DIALOGUE] Round 3 – Handling Con-
tradictory Evidence

[SYSTEM] (10:40:20, Mode: Probe)
During your research and verification process, have
you ever encountered evidence or viewpoints that
contradicted your initial beliefs? If so, how did you
handle information that conflicted with your existing
convictions?
[USER] (10:41:10)
Yes, I have encountered different evidence or view-
points. Generally, I would default to trusting sci-
entific evidence or experimental results as more
authoritative and reliable, and I would most likely
revise my previous viewpoint. However, it’s not al-
ways that straightforward—I might weigh different
factors comprehensively and seek additional per-
spectives to judge which side is correct and which is
incorrect.
→ Shows openness to revising beliefs when con-
fronted with credible evidence, while maintaining
critical evaluation of sources. Balances epistemic
humility with intellectual rigor.
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[SCORING] AsCoT Assessment Result

Score: 50/60 points
Level: Good
Confidence: High (based on consistent behavioral
patterns across 3 rounds)
AsCoT Reasoning Trace:
The user demonstrated strong truth-seeking abilities
across multiple rounds of interaction. Key evidence
includes:

• Stage 1 – Feature Mapping: User actively
questioned the reliability of online claims and
proposed multiple verification methods (online
search, expert consultation, literature review),
indicating systematic evidence-seeking behav-
ior rather than passive acceptance.

• Stage 2 – Dimension Induction: When asked
about past experiences, user provided a con-
crete example (hyperhidrosis misconception)
demonstrating sustained truth-seeking patterns
beyond hypothetical scenarios. The user’s ap-
proach—consulting medical students and ref-
erence materials—aligns with the dimension’s
core construct of “actively seeking evidence
before forming conclusions.”

• Stage 3 – Inference Tracing: When facing
contradictory evidence, user exhibited willing-
ness to revise viewpoints based on authoritative
sources while maintaining critical evaluation.
This balance between epistemic humility and
intellectual rigor reflects mature truth-seeking
disposition.

Observed Strengths:

• Systematic approach to verification (multi-
source triangulation)

• Concrete evidence of applying truth-seeking in
real-world contexts

• Openness to belief revision when presented
with credible evidence

Minor Limitations:

• Could further elaborate on criteria for evaluat-
ing source credibility

• Occasional reliance on “default trust” in sci-
entific authority without discussing potential
biases in research

[Dimensions 2–7 will be added here...]

C.2.2 Dimension 2: Open-mindedness

[DIALOGUE] Round 1 – Initial Scenario

[SYSTEM] (10:41:22, Mode: Normal)
When was the last time you encountered a viewpoint
that contradicted your own? How did you handle that
situation? Could you share the specific scenario and
your reaction?

[USER] (10:42:13)
People often think of the Middle Ages as the Dark
Ages. But recently, I read some articles and con-
sulted relevant materials, and discovered there’s an
argument that the Middle Ages were not as dark
and ignorant as the stereotype suggests. My first
reaction was surprise, even disbelief. However, I
thought this viewpoint might have some merit, so I
consulted more materials and reviewed the latest
academic research on this topic, and found that it
indeed seems to be the case.
→Demonstrates willingness to challenge deeply held
assumptions when presented with contradictory evi-
dence, showing intellectual curiosity.

[DIALOGUE] Round 2 – Handling Com-
pletely Different Views

[SYSTEM] (10:42:14, Mode: Probe)
During your research into the latest academic work,
did you encounter any viewpoints or information that
were completely different from your previous under-
standing? How did you process and evaluate that
information?
[USER] (10:43:02)
Yes, I encountered a few completely different view-
points or perspectives. First, I would suppress my
urge to criticize, refute, or deny. Then I would
examine whether their arguments are reasonable,
whether their evidence is sufficient, and whether their
reasoning is convincing. However, in most cases, I
feel that these completely different views still have a
high probability of being somewhat extreme or less
credible.
→ Shows self-awareness in controlling initial de-
fensive reactions, though maintains some skepticism
toward highly divergent views.

[DIALOGUE] Round 3 – Engaging with
Different Perspectives

[SYSTEM] (10:43:03, Mode: Probe)
After reviewing more materials and discovering that
the Middle Ages weren’t as dark as the stereotype
suggests, did you discuss this with people who hold
different views? If so, how did you communicate
with them? If not, what reasons prevented you from
doing so?
[USER] (10:43:33)
Well, I didn’t have offline discussions with people.
But I did go to some online social platforms like
Zhihu or Xiaohongshu to view the results of oth-
ers’ discussions and their comments, continuously
refining my own views based on comprehensive in-
formation.
→ Engages with diverse perspectives through online
platforms, demonstrating openness while preferring
asynchronous engagement over direct confrontation.

26865



[SCORING] AsCoT Assessment Result

Score: 48/60 points
Level: Good
Confidence: High (based on consistent patterns)
AsCoT Reasoning Trace:
The user demonstrated considerable open-
mindedness when confronting contradictory
information. Key evidence includes:

• Stage 1 – Feature Mapping: User showed
initial surprise at contradictory historical infor-
mation but demonstrated willingness to investi-
gate further rather than dismissing it outright.
The ability to question deeply held cultural as-
sumptions (“Dark Ages” stereotype) indicates
intellectual openness.

• Stage 2 – Dimension Induction: User exhib-
ited self-awareness in controlling defensive re-
actions (“suppress my urge to criticize, refute,
or deny”), a sophisticated metacognitive skill
indicating mature open-mindedness. The sys-
tematic evaluation of evidence quality shows
critical yet receptive engagement.

• Stage 3 – Inference Tracing: User’s pref-
erence for online asynchronous engagement
over direct debate suggests some limitations in
confrontational open-mindedness, though still
demonstrates commitment to understanding di-
verse perspectives.

Observed Strengths:

• Willingness to revise deeply held beliefs when
presented with academic evidence

• Self-awareness about defensive cognitive bi-
ases

• Active seeking of multiple perspectives through
online platforms

Minor Limitations:

• Absence of direct offline engagement with op-
posing viewpoints

• Residual skepticism toward highly divergent
perspectives

C.2.3 Dimension 3: Analyticity
[DIALOGUE] Round 1 – Initial Scenario

[SYSTEM] (10:43:51, Mode: Normal)
Imagine you’re planning a trip and encounter two
travel agency packages: one is cheaper but reviews
mention the itinerary is inflexible; the other costs
more but reviews praise its attentive service. How
would you analyze these two options and make your
decision?
[USER] (10:44:40)
First, I would evaluate my own travel needs—whether
I need a more flexible and detailed travel plan. This
depends on the purpose of the trip and my personal-
ity. If I want flexible arrangements, I might choose

Package 1. But if I need attentive and thorough ser-
vice, I might choose Package 2. Second, I would look
at other factors of these two packages, such as their
designed tourist routes, whether there’s mandatory
shopping, and various other factors for comprehen-
sive judgment, rather than just looking at price and
service detail level.
→ Demonstrates systematic analysis by identifying
multiple decision factors and prioritizing based on
personal needs.

[DIALOGUE] Round 2 – Criteria Priori-
tization

[SYSTEM] (10:44:42, Mode: Probe)
Could you elaborate more specifically on how you
would judge whether a designed tourist route meets
your needs? For example, which aspects would you
prioritize (such as attraction types, time arrangements,
transportation convenience, etc.), and how would you
rank these factors’ importance?
[USER] (10:45:46)
I think the most important is definitely the type of at-
tractions, because I don’t really like those rather dull
pure natural landscapes—I want a mix of cultural and
historical sites with various ruins. So the route must
include various types of attractions. Second, regard-
ing time arrangements, I hope it’s as compact and
rich as possible, without long periods of waiting or
boring states. Finally, regarding transportation and
accommodation, I hope transportation is as simple
and convenient as possible to reduce travel fatigue.
However, this aspect is relatively secondary. Lastly,
food and weather—I hope food is as convenient
and delicious as possible, and weather as pleasant as
possible.
→ Shows clear priority ranking with explicit rea-
soning for each criterion, demonstrating analytical
structure.

[DIALOGUE] Round 3 – Trade-off Anal-
ysis

[SYSTEM] (10:45:49, Mode: Probe)
You mentioned judging travel packages based on at-
traction types, time arrangements, transportation ac-
commodation, and other factors. So in actual selec-
tion, if Package A’s attraction types and time arrange-
ments completely meet your needs but transporta-
tion and accommodation are somewhat inconvenient,
while Package B’s transportation and accommoda-
tion are very convenient but attraction types and time
arrangements don’t quite fit—how would you weigh
these factors? Can you specifically describe your
analysis process?
[USER] (10:46:28)
I would mainly rank these elements according to their
importance in my mind. In this scenario, I would
check the specific arrangements of both packages
and the degree of their inconvenience—comparing
which one I would find most unacceptable. Finally,
I would analyze my own internal priority for attrac-
tions versus transportation and accommodation, and
ultimately would probably choose Package A.
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→ Applies multi-criteria decision framework, weigh-
ing trade-offs against pre-established priority hierar-
chy.

[SCORING] AsCoT Assessment Result

Score: 50/60 points
Level: Good
Confidence: High (based on structured reasoning
patterns)
AsCoT Reasoning Trace:
The user demonstrated strong analytical abilities
through systematic problem decomposition and
criteria-based evaluation. Key evidence includes:

• Stage 1 – Feature Mapping: User sponta-
neously identified multiple decision factors
(price, flexibility, service quality, route design,
mandatory shopping) rather than relying on
single-variable thinking. The explicit acknowl-
edgment that personal needs determine priori-
ties shows analytical self-awareness.

• Stage 2 – Dimension Induction: User con-
structed a clear priority hierarchy (attrac-
tion type > time arrangement > transporta-
tion/accommodation > food/weather) with ex-
plicit rationale for each ranking. This struc-
tured approach aligns with analytical thinking’s
core construct of logical organization.

• Stage 3 – Inference Tracing: When presented
with trade-off scenarios, user applied the pre-
established priority framework systematically
rather than making intuitive judgments, demon-
strating consistent analytical reasoning under
complexity.

Observed Strengths:

• Systematic decomposition of complex deci-
sions into manageable components

• Explicit priority ranking with justification

• Consistent application of analytical framework
to hypothetical scenarios

Minor Limitations:

• Could incorporate quantitative weighting meth-
ods for more rigorous trade-off analysis

• Limited discussion of uncertainty handling or
sensitivity analysis

C.2.4 Dimension 4: Systematicity

[DIALOGUE] Round 1 – Initial Scenario

[SYSTEM] (10:46:43, Mode: Normal)
Suppose you need to organize a large event, such as
a community festival. From planning to execution,
how would you proceed step by step? Could you
share your approach and methodology?
[USER] (10:47:57)

I would approach this from several aspects: theme,
personnel, materials, and venue facilities. First,
establish the festival’s theme—determine the slogan,
which facilitates subsequent arrangements. Then per-
sonnel—how many people will attend the festival,
which important guests or leaders will be present, so
we can prepare accordingly. Also consider special
groups like the elderly, children, and women. Next is
materials—based on the theme and personnel, make
corresponding arrangements, such as entertainment
facilities or related tables and chairs. Finally, venue
facilities—how large a venue is needed and what
food and beverages to prepare. This should be based
on the previously estimated personnel count, num-
bers, and theme.
→ Demonstrates systematic planning through struc-
tured categorization and sequential dependency
recognition.

[DIALOGUE] Round 2 – Priority Deter-
mination

[SYSTEM] (10:48:00, Mode: Probe)
Among the aspects you mentioned, how do you de-
termine each component’s priority? For example, if
time is limited or resources are insufficient, which
parts would you prioritize? Please provide specific
examples illustrating your reasoning logic.
[USER] (10:48:55)
I think the most important is the festival’s intended
goal—or the factors that most influence whether it’s
achieved. I would put personnel and venue first,
because if these two aspects aren’t satisfied, the en-
tire festival would fail spectacularly. Other aspects
like theme or facilities, even if not perfect, wouldn’t
have a huge impact. For example, personnel re-
quires accurately estimating numbers and compo-
sition—important leaders or guests attending—and
venue means selecting a place that can accommodate
various activities and satisfy everyone. These two
are the most critical factors—once absent, the entire
festival would completely fail.
→ Shows goal-oriented prioritization based on im-
pact assessment rather than arbitrary ordering.

[DIALOGUE] Round 3 – Contingency
Planning

[SYSTEM] (10:48:57, Mode: Encourage)
You mentioned personnel and venue are the most
critical elements for a community festival. So during
actual preparation, if you discover issues with certain
components (such as venue rental limitations or guest
cancellations), how would you adjust your plan to
ensure smooth festival execution?
[USER] (10:49:47)
First, I would check if there’s a solution—can the
venue rental be temporarily negotiated or changed,
or can we discuss whether there’s room to resolve
the guest situation? If confirmed unsolvable, I would
seek a temporary alternative solution—like switching
to a similar venue or inviting a similar guest to com-
plete that segment. Finally, if temporary substitution
is also impossible, I might simplify the activity’s ar-
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rangements—skip a guest’s speech segment or reduce
entertainment activities slightly to ensure the current
venue can meet needs.
→ Demonstrates hierarchical contingency planning
with escalating adaptation strategies.

[SCORING] AsCoT Assessment Result

Score: 47/60 points
Level: Good
Confidence: High (based on planning structure and
adaptability)
AsCoT Reasoning Trace:
The user demonstrated solid systematicity through
structured planning and adaptive problem-solving.
Key evidence includes:

• Stage 1 – Feature Mapping: User sponta-
neously organized the complex event into four
structured categories (theme, personnel, mate-
rials, venue) with clear recognition of sequen-
tial dependencies. This categorical framework
indicates systematic thinking beyond ad hoc
planning.

• Stage 2 – Dimension Induction: User applied
goal-oriented prioritization, identifying criti-
cal success factors (personnel, venue) based
on impact analysis rather than arbitrary impor-
tance. The distinction between “essential” and
“nice-to-have” components shows systematic
risk assessment.

• Stage 3 – Inference Tracing: When con-
fronted with contingencies, user exhibited hier-
archical response strategies (negotiate→ sub-
stitute→ simplify), demonstrating systematic
adaptability within a coherent planning frame-
work.

Observed Strengths:

• Structured decomposition of complex projects
into manageable components

• Goal-driven prioritization based on impact as-
sessment

• Hierarchical contingency planning with multi-
ple fallback options

Minor Limitations:

• Could incorporate more explicit timeline se-
quencing

• Limited discussion of monitoring mechanisms
or success metrics

C.2.5 Dimension 5: CT Self-confidence

[DIALOGUE] Round 1 – Initial Scenario

[SYSTEM] (10:50:00, Mode: Normal)
In daily life, when you encounter information that
contradicts your existing knowledge or views, what
steps do you usually take to evaluate the reliability
and accuracy of that information?
[USER] (10:51:05)
First, I would carefully examine this contradictory
information—does it have basic logical errors, such
as self-contradiction or language inconsistencies? If
I confirm it has no issues, I would then examine
whether my previous views have obvious flaws. If so,
I would make corrections. Third, if the first two steps
reveal no problems, this viewpoint might have some
merit. Then I would consult relevant materials to
verify its internal content’s authenticity, accuracy,
and value. Fourth, if verification finds no problems,
I would think from the other party’s perspective
about shortcomings in my previous views. In such
situations, useful information often helps guide better
thinking. Finally, if this thinking finds no issues, I
might absorb meaningful aspects of this viewpoint
to achieve a better thinking structure.
→ Demonstrates confidence in systematic critical
thinking process with multiple verification stages and
openness to self-correction.

[DIALOGUE] Round 2 – Concrete Ap-
plication Example

[SYSTEM] (10:51:06, Mode: Probe)
Could you share a specific example of how you ap-
plied this critical thinking process when facing a com-
plex or uncertain situation? During this process, what
challenges did you encounter and how did you over-
come them?
[USER] (10:52:20)
For example, when preparing for interviews, I don’t
just familiarize myself with my resume and expe-
riences, preparing relevant content thoroughly. I
also simulate questioning myself from an inter-
viewer’s perspective, identifying various potential
issues in my resume one by one, then recording these
questions. I then simulate answering during inter-
views as myself, then switch back to the interviewer’s
perspective for continuous follow-up questions until
each question is satisfactorily answered. The main
challenge is that I find it difficult to imitate an inter-
viewer’s genuine tone and attitude. So first, I might
ask classmates to simulate their tone or expressions.
Second, I would wear formal attire or use certain
procedures to better embody the interviewer role.
→ Shows confidence in ability to conduct rigorous
self-evaluation through role-switching, demonstrat-
ing metacognitive confidence.

[DIALOGUE] Round 3 – Real-time Crit-
ical Thinking

[SYSTEM] (10:52:23, Mode: Encourage)
In the situation you just mentioned, you demonstrated
very detailed preparation and analytical ability. So
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when you encounter completely unexpected ques-
tions during interviews, or need to analyze and re-
spond quickly on the spot, how would you apply your
critical thinking? Can you specifically describe your
thinking and response steps?
[USER] (10:53:14)
There are two situations. First, for completely unex-
pected questions, I might grasp one or two keywords
or key points I understand in the question—aspects
that aren’t completely unfamiliar—then connect them
with my previous experiences to supplement and re-
fine my answer. For questions requiring quick analy-
sis and response, I might start from my established
thinking patterns or general structural models like
SWOT, thereby gaining a rough understanding of the
problem, then recall useful materials and information
to supplement.
→ Expresses confidence in ability to handle unpre-
dictable situations through structured frameworks,
showing trust in own cognitive toolkit.

[SCORING] AsCoT Assessment Result

Score: 49/60 points
Level: Good
Confidence: High (based on metacognitive aware-
ness patterns)
AsCoT Reasoning Trace:
The user demonstrated strong confidence in their criti-
cal thinking abilities across multiple dimensions. Key
evidence includes:

• Stage 1 – Feature Mapping: User articulated
a sophisticated five-stage verification process,
demonstrating confidence in systematic critical
evaluation. The willingness to examine both
external information and internal beliefs shows
balanced epistemic confidence.

• Stage 2 – Dimension Induction: User’s in-
terview preparation example reveals metacog-
nitive confidence—the ability to simulate ad-
versarial questioning and iteratively refine re-
sponses demonstrates trust in one’s analyti-
cal capabilities. The acknowledgment of lim-
itations (difficulty imitating interviewer tone)
without undermining overall confidence shows
mature self-assessment.

• Stage 3 – Inference Tracing: User expressed
confidence in handling unpredictable situations
through structured frameworks (SWOT), indi-
cating trust in cognitive tools rather than re-
liance on intuition alone. This structured confi-
dence is more robust than overconfidence based
on domain knowledge.

Observed Strengths:

• Systematic approach to information evaluation
with multiple verification stages

• Metacognitive confidence in self-evaluation
and perspective-taking

• Structured frameworks for handling uncer-
tainty

Minor Limitations:

• Could articulate more explicitly how past suc-
cesses inform current confidence

• Limited discussion of managing overconfi-
dence or recognizing knowledge boundaries

C.2.6 Dimension 6: Inquisitiveness

[DIALOGUE] Round 1 – Initial Scenario

[SYSTEM] (10:53:31, Mode: Normal)
Recently, have any new subjects or topics caught your
interest? How do you go about learning about them?
[USER] (10:54:04)
Yes, I’ve recently become interested in the develop-
ment of modern Chinese poetry. My main approach
is through Xiaohongshu, Zhihu, and some books
for reading and learning. For example, I might see
someone’s answer on Zhihu that interests me in this
area, then search for related books for casual reading,
then browse social media to further supplement and
refine my information.
→ Demonstrates active curiosity with multi-platform
learning approach, showing sustained interest in new
intellectual domains.

[DIALOGUE] Round 2 – Overcoming
Difficulties

[SYSTEM] (10:54:05, Mode: Probe)
In exploring modern Chinese poetry, have you en-
countered any particularly difficult or complex con-
tent? If so, how did you overcome these difficulties
and maintain interest in this topic?
[USER] (10:54:48)
Yes, there are difficulties. Mainly, the poetry collec-
tions are extremely extensive—I can’t read all the
content. Also, some complex poetry theories are very
abstract and obscure, making them hard for me to
understand. Overcoming these difficulties: First, I se-
lect key parts to read—no need to cover everything
comprehensively, just choose the essence. Second, I
seek explanations or interpretations from experts,
thereby making abstract theories more concrete and
understandable. In short, find tools to reduce the
difficulty.
→ Shows persistent inquisitiveness through strategic
adaptation rather than abandonment when facing
complexity.

[DIALOGUE] Round 3 – Collaborative
Learning

[SYSTEM] (10:54:49, Mode: Encourage)
When facing the complexity and difficulty of these
poetry theories, have you tried communicating with
others interested in this area, or joining related dis-
cussions or study groups? Has doing so helped your
understanding of this content?
[USER] (10:55:18)
I haven’t tried offline communication with classmates,
but I do engage in online platform comment sec-
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tions for communication and discussion, exchang-
ing my views with different people, absorbing benefi-
cial insights from their comments or critiques. This
could also be considered a form of simulated discus-
sion.
→ Maintains intellectual curiosity through online
engagement, demonstrating flexible approaches to
knowledge acquisition.

[SCORING] AsCoT Assessment Result

Score: 49/60 points
Level: Good
Confidence: High (based on learning engagement
patterns)
AsCoT Reasoning Trace:
The user demonstrated strong inquisitiveness through
sustained intellectual engagement and adaptive learn-
ing strategies. Key evidence includes:

• Stage 1 – Feature Mapping: User sponta-
neously pursued interest in modern Chinese
poetry without external requirements, utiliz-
ing multiple information channels (Zhihu, Xi-
aohongshu, books) to satisfy curiosity. This
multi-platform approach indicates active rather
than passive learning orientation.

• Stage 2 – Dimension Induction: When con-
fronted with complexity (extensive literature,
abstract theories), user exhibited persistent in-
quisitiveness through strategic adaptation (se-
lective reading, expert interpretations) rather
than abandonment. This demonstrates intrinsic
motivation overcoming barriers.

• Stage 3 – Inference Tracing: User’s engage-
ment with online discussions shows sustained
curiosity beyond solitary consumption, actively
seeking diverse perspectives to deepen under-
standing. The framing of online engagement as
“simulated discussion” reveals reflective aware-
ness about learning processes.

Observed Strengths:

• Self-directed learning in intellectually demand-
ing domain

• Strategic adaptation to overcome complexity
barriers

• Active engagement with diverse perspectives
through online platforms

Minor Limitations:

• Limited face-to-face intellectual exchange

• Could explore more structured learning com-
munities or mentorship

C.2.7 Dimension 7: Cognitive Maturity

[DIALOGUE] Round 1 – Initial Scenario

[SYSTEM] (10:55:30, Mode: Normal)
Have you recently encountered situations requiring
decisions with limited information? Could you share
how you processed that information and ultimately
made your decision?
[USER] (10:56:49)
Yes. During a previous interview, the interviewer
asked me to estimate the number of bottled water sold
daily at the university. This provided almost no infor-
mation, so I could only analyze and decide temporar-
ily. First, I analyzed the problem—university and
bottled water quantity. We need to discuss our cam-
pus’s population. Second, bottled water is a single
category—it should include all brands like Nongfu
Spring and Wahaha. After analyzing the problem,
we decompose it. For example, which groups at the
university buy water—teachers, students, and visi-
tors—and what’s each group’s water consumption?
Perhaps visitors consume more water because teach-
ers and students might bring their own bottles or buy
non-water beverages. Next, where can we buy bottled
water? Mainly small shops and vending machines.
From these two main channels—their daily stock
quantities and foot traffic—we can conduct compre-
hensive analysis.
→ Demonstrates cognitive maturity through system-
atic problem decomposition under uncertainty, ac-
cepting ambiguity while applying structured reason-
ing.

[DIALOGUE] Round 2 – Handling Un-
certainty

[SYSTEM] (10:56:52, Mode: Probe)
In the interview scenario you mentioned, you demon-
strated problem analysis and decomposition ability.
To better understand your thinking process, I’d like
to ask: among the decomposition steps you proposed,
was there any step that made you feel particularly
uncertain? If so, how did you handle that uncertainty
or information gap?
[USER] (10:57:39)
Yes—regarding each person’s bottled water demand,
because I cannot grasp how many bottles people need
daily. So I could only rely on my common sense and
observations of classmates around me to simulate that
people might need one or two bottles daily in winter,
and perhaps three bottles in hot summer weather. This
makes the information as close to reality as possible,
though I don’t have authentic data.
→ Shows mature acceptance of epistemic limita-
tions, using reasonable assumptions explicitly ac-
knowledged as approximations.

[DIALOGUE] Round 3 – Considering
Additional Factors

[SYSTEM] (10:57:42, Mode: Probe)
In analyzing and estimating the university’s daily bot-
tled water sales, you mentioned relying on common
sense and observation to estimate seasonal demand
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variations. Did you consider other factors that might
affect demand, such as events, weather changes, or
special circumstances? If so, please specifically de-
scribe how you incorporated these factors into your
judgment.
[USER] (10:58:29)
Yes, different activities and weather can indeed affect
bottled water sales. For example, on sunny days
people feel hotter and demand increases. On rainy
days, people might not need much bottled water, as
well as routine activities like sports or PE classes.
But these factors are, first, too difficult to predict
in this problem. Second, I believe that over a year,
this enormous demand volume can actually reach a
mutually offsetting state. So for an average day, we
can temporarily exclude such variable influences and
achieve an equilibrium state for daily sales.
→ Demonstrates sophisticated reasoning about sta-
tistical averaging and reasonable simplifying assump-
tions, showing mature judgment about model com-
plexity.

[SCORING] AsCoT Assessment Result

Score: 46/60 points
Level: Good
Confidence: High (based on reasoning under uncer-
tainty)
AsCoT Reasoning Trace:
The user demonstrated considerable cognitive ma-
turity through sophisticated reasoning under uncer-
tainty. Key evidence includes:

• Stage 1 – Feature Mapping: User confronted
radical uncertainty (Fermi estimation problem)
by systematically decomposing the problem
into estimable components rather than ran-
dom guessing. This structured approach to ill-
defined problems indicates cognitive maturity.

• Stage 2 – Dimension Induction: User ex-
plicitly acknowledged epistemic limitations (“I
don’t have authentic data”) while constructing
reasonable approximations based on observ-
able patterns. This balance between humility
and practical reasoning demonstrates mature
judgment about knowledge certainty.

• Stage 3 – Inference Tracing: User’s reasoning
about statistical averaging (“mutually offset-
ting state”) and simplifying assumptions shows
sophisticated understanding of modeling trade-
offs. The decision to exclude high-variance
factors through equilibrium reasoning demon-
strates mature abstraction capabilities.

Observed Strengths:

• Systematic decomposition of complex prob-
lems under uncertainty

• Explicit acknowledgment of assumptions and
limitations

• Sophisticated reasoning about statistical pat-
terns and simplifying models

Minor Limitations:

• Could articulate sensitivity of estimates to key
assumptions

• Limited discussion of alternative decomposi-
tion strategies
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