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Abstract

Measurement scales play a crucial role in quan-
tifying the nuanced dimensions of human cog-
nition and behavior, however, their develop-
ment typically demands extensive manual la-
bor, and current methodologies lack system-
atic automation and standardized evaluation.
In this paper, we introduce AutoScale, a pio-
neering multi-agent framework that automates
scale development by leveraging collaborative
AI agents. Our contributions are threefold:
(1) a novel multi-agent LLM-based frame-
work for end-to-end scale generation that repli-
cates expert collaboration and iterative data-
driven refinement, (2) the first comprehensive
dataset, SCALE-1.2K, comprising 1.2K vali-
dated scales across 16 psychological domains,
establishing a benchmark for automated scale
development, and (3) a multi-dimensional eval-
uation system, featuring Muti-LLM-as-judge
for conceptual and linguistic assessment and
simulated large-scale testing for rigorous psy-
chometric verification. Experimental results
demonstrate that AutoScale streamlines the
scale development process while maintaining
rigorous quality standards, significantly reduc-
ing manual effort and paving the way for more
efficient and objective measurement design in
diverse research fields.

1 Introduction

Measurement scales are indispensable tools for
capturing the subtleties of human cognition and
behavior, allowing researchers to quantify latent
constructs such as attitudes, traits, and perceptual
biases (Boateng et al., 2018). These instruments
play a critical role in diverse fields, including psy-
chology (Nunnally, 1978), cognitive science (Mis-
levy, 2008), and behavioral (Boateng et al., 2018)
research by providing validated metrics to guide
data collection and analysis. High-quality mea-
surement scales facilitate robust hypothesis testing,
cross-cultural comparisons, and the development

Figure 1: Depict the growth trend of the number of
research works related to scale development from 2019
to 2024.

of evidence-based interventions, underscoring their
importance in both theoretical exploration and prac-
tical application (Huppert, 2017). Figure 1 shows a
trend: Research on measurement scales is growing
year by year. This trend highlights the urgent need
for accurate quantitative research in both academic
and industrial circles.

Despite their significance, scale development re-
mains a challenging and time-consuming endeavor,
primarily due to three factors. First, verifying and
iteratively refining each item within a scale de-
mands rigorous methods (e.g. factor analysis) and
expert insights (Ribeiro et al., 2020), which com-
plicates the entire generation process. Second, the
lack of standardized evaluation systems and au-
tomated methodologies hinders consistent quality
control, making it difficult to benchmark newly
created scales (Rotou and Rupp, 2020). Third, the
scarcity of large-scale, domain-spanning datasets
limits opportunities for comparative studies and
restricts the scope of automation in scale design.
Recent breakthroughs in Large Language Mod-
els (LLMs) suggest that these models possess sub-
stantial capabilities in text generation (Celikyilmaz
et al., 2020), reasoning (Wei et al., 2022), and con-
text understanding (Vaswani, 2017), positioning
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them as strong candidates to address these long
standing challenges.

In this paper, we introduce a novel multi - agent
framework named AutoScale, which exploits the
power of LLMs to simulate the entire expert -
driven process of scale development. We begin
by deploying multiple AI agents (Sun et al., 2024;
Feng et al., 2024), each representing a distinct area
of expertise, to collaboratively define the scale ar-
chitecture and compile the initial scale. Next, addi-
tional agents, functioning as simulated respondents,
complete the initial scale in large quantities to gen-
erate synthetic response data. The expert agents
then analyze this data using psychometric tech-
niques such as Exploratory Factor Analysis (EFA)
and Confirmatory Factor Analysis (CFA) to refine
items iteratively. By cycling through these phases
of generation, data collection, and statistical veri-
fication, the framework converges on a final scale
that upholds rigorous psychometric standards—all
with minimal human intervention.

To further advance research in automated scale
development, we collect a dataset, SCALE-1.2K,
comprising 1.2K validated scales across 16 psy-
chological domains. The dataset addresses the is-
sue of data scarcity by providing a benchmark for
comparing model performance on scale generation
tasks, and serves as a valuable resource for future
research on automated measurement design.

We design a multidimensional evaluation sys-
tem to comprehensively evaluate the quality of
the generated scales. First, we employ the Multi-
LLM-as-Judge strategy (Li et al., 2024a,b) to as-
sess comprehensiveness, unbiasedness, read ability
and coherence validity. Using multiple LLMs, this
strategy minimizes bias and ensures a balanced
and comprehensive evaluation, upholding rigor-
ous academic standards. Second, we simulate a
social experiment in which large groups of agent
respondents complete the scale and the resulting
data are subjected to psychometric analyses (e.g.,
Cronbach’s α, factor analysis) to produce concrete
evidence of reliability and validity. Together, these
two approaches form a robust evaluation system
that gauges both the textual quality of the scales
and their empirical performance in simulated real-
world conditions.

In conclusion, our main contributions are as fol-
lows:

• We propose AutoScale, a novel multi-agent
LLM-based framework for end-to-end scale

generation, replicating expert collaboration
and iterative data-driven refinement.

• We curate SCALE-1.2K, the first comprehen-
sive dataset containing 1.2K validated scales
from 16 psychological domains, establishing
a benchmark for automated scale develop-
ment.

• We develop a multi-dimensional evaluation
system: LLM-as-judge for linguistic assess-
ment, and simulated large-scale testing for
rigorous psychometric verification.

Experimental results demonstrate that our ap-
proach greatly reduces the manual burden of scale
creation while achieving psychometric outcomes
comparable to traditional expert-driven methods,
laying the groundwork for more efficient, scalable,
and objective measurement design across a multi-
tude of research domains.

2 Related Work

2.1 Multi-Agent Collaboration
A series of studies have explored how to enhance
overall capability beyond the performance of a
single LLM through a collaborative framework in-
volving multiple LLM agents (Li et al., 2023; Wu
et al., 2023a). One common framework is multi-
agent debate, an adversarial approach where agents
compete or debate to find the best solution to a
problem. The interactions in debates can improve
reasoning quality and provide richer informational
support for final decisions (Du et al., 2023). De-
bate strategies are effective tools because LLMs
can adapt based on additional contextual informa-
tion (Zhang et al., 2023), enhancing the factuality,
mathematical capabilities and reasoning abilities
of multi-agent solutions (Du et al., 2023; Liang
et al., 2023).

Another framework is role-playing (Zhang,
2018; Jiang et al., 2023; Chen et al., 2023, 2024).
The development of this method has benefited from
advancements in LLM functionalities, including
contextual learning (Brown et al., 2020), step-by-
step reasoning (Wei et al., 2022) and instruction
following (Ouyang et al., 2022). In role-playing,
the most critical criterion is the LLM’s ability to
align with specific roles or characters (Chen et al.,
2023; Tu et al., 2023). Within this framework, each
agent is responsible for portraying a specific role,
and tasks are decomposed into sub-steps and re-
solved collaboratively (Li et al., 2023; Wu et al.,

33496



Figure 2: The AutoScale Pipeline for Generate Scales With High Reliability And Validity.

2023a). The application of role-playing has ex-
panded to various fields, including AI agents for
fictional characters (Wu et al., 2024) and digital
clones of humans (Gao et al., 2023).

2.2 Agent-based Social Simulation

Agent-based Social Simulation (ABSS) employs
Agent-Based Models (ABMs) to analyze complex
social systems. Agents interact via predefined rules
and environmental constraints, enabling the study
of emergent social phenomena through dynamic
decision-making and evolutionary behaviors over
time (Dilaver and Gilbert, 2023).

Recent studies explore integrating LLMs into
Agent-Based Models (ABMs) to boost agent intel-
ligence and interaction. This integration enhances
ABSS’s capacity to analyze complex social dynam-
ics (e.g., norm propagation, financial markets, epi-
demic spread) and evaluate policy impacts (Ghaf-
farzadegan et al., 2024; Li et al., 2024c; Williams
et al., 2023). Researchers highlight LLMs’ trans-
formative potential in simulation research (Vezh-
nevets et al., 2023; Wu et al., 2023b; Chen and
Wilensky, 2023), sparking debates on their broader
societal applications.

2.3 Automatic Writing

Recently, automatic writing has made significant
progress. Traditionally, methods in this field have
primarily focused on generating text that is fluent

and coherent(Cho et al., 2018). With the intro-
duction of LLMs, there has been a revolutionary
breakthrough. In automatic writing tasks, LLMs
have demonstrated a far superior ability to gener-
ate text compared to traditional methods. This has
led to broader attention on various aspects such as
logical structure, privacy protection, and ethical
biases(Schramowski et al., 2022). For example, Pa-
perRobot(Wang et al., 2019) improves the structure
of generated content by incrementally generating
key elements to write paper abstracts. At the same
time, a study on large language models has ex-
plored how to implement privacy protection mech-
anisms(Zhao and Song, 2024), while other research
focuses on how language models can reflect and ex-
acerbate existing social inequalities(Blodgett et al.,
2020).

3 Method

In this section, we introduce the methodology that
AutoScale employs to automate the generation of
high-quality scales. Our framework proceeds in
three main phases: (1) Initial Scale Generation, (2)
Scale Filling and Data Collection, and (3) Data
Analysis and Refinement. Each phase is carefully
tailored to address the specific challenges inherent
in creating scales, thereby improving both the ef-
ficiency of the process and the overall quality of
the resulting scale documents. The pseudo code
of AutoScale can be found at Algorithm 1. The
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details of AutoScale can be found at Appendix E.

Algorithm 1 AutoScale
1: Input: Scale target T
2: Output: Final refined scale Sfinal
3: Stage 1: Initial Scale Generation
4: Generate the initial architecture Ainit ← T .
5: Draft the initial scale Sinit ← Draft(Ainit)
6: for each round of iteration t = 1 to T do
7: Stage 2: Scale Filling and Data collec-

tion
8: for each agent llm Li in L in parallel do
9: Fill scale Di ← Fill(Si, Li)

10: Collect data D ← Collect(Di)
11: end for
12: Stage 3: Data Analysis and Refinement
13: Obtain statistical results R← Analyze(D)
14: Refine scale St+1 ← Refine(St, R)
15: end for
16: Return: Final refined scale Sfinal

3.1 Initial Scale Generation
The development of the initial scale requires mul-
tiple experts to collaboratively design a scale ar-
chitecture, then the initial scale is designed based
on this architecture. To enhance generalizabil-
ity, a large language model (LLM) first interprets
the target T , identifying the necessary domains
of expertise, then we instantiate domain experts
via prompts. For instance, developing a Nursing
Personnel Risk Perception Scale requires expertise
in psychology, statistics, and nursing, whereas a
Teacher Perceived Marginalization Scale involves
experts in education rather than nursing. We em-
ploy multiple agents, each representing a different
domain expert, and engage them in Multi-agent
Debates(Park et al., 2023), converging on a unified
scale architecture Ainit, forming the initial scale
Sinit.

3.2 Scale Filling and Data collection
Scale refinement proceeds through iterative data
collection and analysis. Here, we simulate human
respondents by employing LLM-based agents Li
to complete the scale Si. First, an LLM identi-
fies appropriate respondent demographics, for ex-
ample, only teachers contribute responses to the
Teacher Perceived Marginalization Scale, minimiz-
ing irrelevant data. Each agent is then initialized
with random attributes—such as age, gender, per-
sonality traits, and interpersonal relationships—to

ensure response diversity. We apply the Text-to-
Persona method(Ge et al., 2024), whereby agents
refine their roles based on a corpus of text relevant
to the scale’s context, thus increasing the realism
of the simulated survey. Afterward, we filter out
invalid responses according to predefined criteria,
forming a curated dataset D. This procedure can
be represented by: D = Collect(Di), where Di =
Fill(Si, Li).

3.3 Data Analysis and Refinement

With the collected data, we conduct item-total
correlation analyses, item discrimination tests,
homogeneity checks, and both exploratory fac-
tor analyses(EFA) and confirmatory factor analy-
ses(CFA). Based on these results, expert agents
determine which items should be removed, re-
vised, or whether any dimensions require adjust-
ment. The scale is refined, and the Scale Filling
and Data Collection stage is repeated until a final,
validated scale is achieved. This procedure can be
represented by: St+1 = Refine(St, R), where R =
Analyze(D).

4 Experiment

In this section, we introduce the SCALE-1.2K
dataset, the evaluation framework, and present both
the main experimental results and the findings from
our ablation study.

4.1 SCALE-1.2K

In constructing the SCALE-1.2K dataset, we col-
lected 1,286 articles on scale development from
Google Scholar. From a psychological research
perspective, the scales in these articles were classi-
fied into 16 categories based on their design objec-
tives: clinical and health psychology, personality
and social psychology, developmental psychology,
educational and school psychology, organizational
and industrial psychology, cognitive and neuropsy-
chology, consumer and economic psychology, ju-
dicial and criminal psychology, environmental psy-
chology, sports and exercise psychology, art psy-
chology, gender psychology, transportation psy-
chology, military psychology, religious psychol-
ogy, and forensic psychology. Figure 4 shows the
distribution of these 16 categories.

Each article includes four key components: the
target of the scale, a validated version of the scale
after experimental trials, the demographic distribu-
tion of respondents in formal testing, and reliability
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Figure 3: An example in the SCALE-1.2K dataset.

Figure 4: The distribution of the SCALE-1.2K dataset.

and validity scores. In the scale generation task,
the scale target serves as the input, while the val-
idated scale constitutes the gold-standard answer.
The respondents distribution and reliability/validity
scores are subsequently used to evaluate the qual-
ity of the model-generated questionnaire (see the
Evaluation section 4.2 for details). We extracted
these four elements from each article to form a
single data instance, resulting in the SCALE-1.2K
dataset (1,286 instances in total). Figure 3 provides
an example of such a data instance. On average,
each instance contains 1,456.92 tokens: 227.44
tokens for the scale target, 935.37 tokens for the
scale content, 174.11 tokens for the respondentst
distribution, and 120 tokens for reliability and va-
lidity scores. Please refer to Appendix A for more
detailed statistics.

4.2 Evaluation System
In this section, we introduce the evaluation frame-
work we designed for the scale generation task. It
is a multi-dimensional evaluation system, featuring
Muti-LLM-as-judge for conceptual and linguistic
assessment and simulated large-scale testing for
rigorous psychometric verification.

• Muti-LLM-as-judge: Multi-LLM-as-Judge
method assesses generated scale across four
main dimensions: (1) Comprehensiveness,
verifying that the scale fully encapsulates all
relevant facets of the targeted construct, (2)
Unbiasedness, ensuring that the scale is free
from bias and offers a balanced representa-
tion of diverse perspectives, (3) Readability,
evaluating the clarity, conciseness, and acces-
sibility of the language used in the scale items,
and (4) Coherence, determining the logical
organization and internal consistency of the
scale’s structure. For the specific scoring cri-
teria, please refer to the Appendix D.1.

• Simulated large-scale testing: By simulat-
ing a social experiment, a large groups of
agent-respondents complete the scale, and
then the resulting data is subjected to calcu-
lations of statistical metrics. Specific calcu-
lation metrics include Adjusted goodness of
fit index(AGFI), Comparative fit index(CFI),
Normed fit index(NFI), Non - normed fit in-
dex(NNFI), Root mean square error of approx-
imation(RMESA), Cronbach’s α coefficient
and Split - half reliability. Please refer to the
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Methods Speed Comprehensive Unbiased Readability Coherence Avg ASD

CoT-based LLM generation 63.58 4.15±0.27 4.35±0.42 4.56±0.42 4.35±0.42 4.35 0.18
0-shot-based LLM generation 151.70 3.67±0.42 3.74±0.23 3.97±0.28 4.21±0.56 3.89 0.33
1-shot-based LLM generation 120.92 4.03±0.51 4.03±0.51 4.17±0.31 4.28±0.31 4.12 0.24
2-shot-based LLM generation 103.41 3.91±0.23 4.41±0.29 4.27±0.28 4.47±0.39 4.26 0.16
3-shot-based LLM generation 115.19 3.82±0.34 4.18±0.55 4.12±0.34 4.35±0.42 4.11 0.29
RAG-based LLM generation 79.77 4.12±0.48 4.28±0.36 4.21±0.53 4.50±0.52 4.28 0.14

AutoScale 17.81 4.39±0.28 4.41±0.29 4.62±0.25 4.69±0.59 4.46 0.07
Human writing 0.45 4.42±0.11 4.55±0.16 4.31±0.25 4.52±0.22 4.45 -

Table 1: Results of AutoScale and baseline models. Note that the "Speed" column in the table is measured in the
number of scales written per hour.

Appendix D.2 for the specific data metrics
calculation formulas.

We employ the Average Statistical Devia-
tion (ASD) to measure the average deviation
between the statistical metrics of our gener-
ated questionnaire and those of the Golden
Data. Specifically, ASD quantifies the statisti-
cal stability and consistency of the generated
questionnaire by computing the mean of the
absolute differences between each indicator
and its corresponding reference value in the
Golden Data. Formally, we define ASD as:

ASD =
1

n

n∑

i=1

|min(Si −Gi, 0)| , (1)

where Si denotes the i-th statistical indicator
of the generated questionnaire, Gi denotes
the corresponding statistical indicator in the
Golden Data, and n is the total number of
statistical metrics. In practice, we compute
ASD only for cases where the generated in-
dicator Si is lower than Gi. If Si ≥ Gi, it
is treated as satisfying the requirement and
does not contribute to the deviation. Con-
sequently, a smaller ASD value indicates a
closer fit between the generated questionnaire
and the Golden Data, suggesting that the gen-
erated questionnaire is more reliable from a
statistical perspective.

4.3 Baselins
We compare AutoScale against large language
model (LLM) that employ chain-of-thought (CoT),
in-context learning (ICL), retrieval-augmented gen-
eration (RAG) and human writing on the SCALE-
1.2K test set. For the ICL-based LLM, we ex-
plore both zero-shot and few-shot prompting strate-
gies. Meanwhile, the RAG-based LLM retrieves

the three most relevant questionnaires from the
SCALE-1.2K training set to enhance the genera-
tion process. For the human writing, we directly
sampled 50 samples randomly from the SCALE-
1.2K test set and asked six human experts to col-
laborate on authoring them.

4.4 Setup
We employ Qwen-long as the LLM backbone
for AutoScale and Baselines due to its cost-
effectiveness and well-documented ability to han-
dle extremely long contexts. For AutoScale, the
iteration number T is set to 2. For evaluations, we
employ a combination of GPT-4o, Deepseek-R1,
and Qwen-Max1.

4.5 Main Results
The results of our experiments comparing human
writing, baseline LLM generation, and AutoScale
for generating measurement scales are summarized
in Table 1. The key findings are:

• AutoScale consistently outperforms all base-
lines in Comprehensiveness (4.35), Unbiased-
ness (4.41), Readability (4.62) and Coher-
ence (4.67). These findings suggest that Au-
toScale’s multi-agent collaboration and itera-
tive optimization enable a more holistic rep-
resentation of the target constructs, while si-
multaneously mitigating biases and ensuring
internal consistency. Notably, CoT-based gen-
eration, while performing well in some as-
pects, fails to match AutoScale’s ability to
maintain conceptual depth across multiple per-
spectives.

• AutoScale demonstrates competitive perfor-
mance compared to human writing. The av-

1Specifically, we use gpt-4o-20241120, deepseek-reasoner
and Qwen-Max-0919.
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Base LLM Speed Cost Comprehensive Unbiased Readability Coherence ASD

Qwen-long 17.81 0.11 4.39±0.28 4.41±0.29 4.62±0.25 4.69±0.59 0.07
Deepseek-R1 3.89 1.23 4.57±0.31 4.59±0.11 4.73±0.23 4.81±0.27 0.05

GPT-4 15.77 0.57 4.51±0.24 4.64±0.15 4.49±0.33 4.74±0.32 0.07

Table 2: Performance of AutoScale with different base LLM. Note that the "cost" column in the table is measured
in dollars per scale generated.

Methods Comprehensive Unbiased Readability Coherence ASD

AutoScale 4.39±0.28 4.41±0.29 4.62±0.25 4.69±0.59 0.07
AutoScale w/o data-driven refinement 4.21±0.36 3.98±0.51 4.03±0.33 4.22±0.47 0.27

AutoScale w/o expert collaboration 3.77±0.64 4.01±0.45 4.11±0.43 4.32±0.52 0.19

Table 3: Ablation study results for AutoSurvey with different components removed.

erage score of AutoScale is 4.46, which is
very close to human writing (4.45). While
human writing achieves slightly higher scores
in some dimensions, such as Comprehensive
(4.42 vs. 4.35) and Unbiased (4.55 vs. 4.41),
the differences are relatively small. This in-
dicates that AutoScale has the potential to
generate scales with quality comparable to
human experts.

• AutoScale provides a balanced trade-off be-
tween quality and efficiency. It can gener-
ate 17.81 scales per hour, which is much
faster than human writing (0.45) and baseline
LLM methods while maintaining high-quality
standards. This suggests that AutoScale can
greatly reduce the time and effort required for
scale creation while ensuring rigorous quality.

The experiments indicate that AutoScale pro-
vides a compelling alternative for generating mea-
surement scales. It achieves near-human levels of
comprehensiveness, unbiasedness, and coherence
while maintaining a significantly lower time cost.
While human writing still leads in some aspects
of quality, the efficiency and performance of Au-
toScale make it a valuable tool for automated scale
generation. Baseline LLM methods, though effec-
tive to some extent, fall short in several key areas
compared to both human writing and AutoScale,
making them less preferred for generating high-
quality measurement scales.

4.6 Ablation study

To systematically evaluate the contribution of in-
dividual components to AutoScale’s performance,
we conduct an ablation study by sequentially re-

moving key elements: expert collaboration, data-
driven refinement, and iteration. Furthermore, we
evaluate the influence of using different base LLMs
on framework performance. In addition, we vali-
date the practical utility of our evaluation system
through systematic comparisons with human ex-
pert assessments.

Table 2 presents the results of AutoScale using
different base LLMs. Deepseek-R1 and GPT-4
exhibit slightly superior performance compared
to Qwen-long, particularly in Comprehensive-
ness (4.57 vs. 4.35) and Unbiasedness (4.59 vs.
4.41), indicating that stronger base models fur-
ther enhance the quality of the generated scales.
However, AutoScale maintains competitive perfor-
mance even with Qwen-long, achieving compara-
ble Coherence (4.67 vs. 4.74) and ASD (0.07 vs.
0.07). These results suggest that AutoScale’s multi-
agent collaboration and iterative optimization com-
pensate for variations in base model strength, en-
suring stable performance across different LLM
architectures. Moreover, when the requirements
for system latency and cost are high, choosing a
model with lower base capabilities can also achieve
satisfactory task performance.

Table 3 shows the effect of removing different
components from AutoScale. The absence of data-
driven refinement leads to a noticeable decline in
Unbiasedness (4.41 to 3.98) and Comprehensive-
ness (4.35 to 4.21), highlighting the critical role of
statistical validation and psychometric feedback in
ensuring well-rounded, unbiased scales. Similarly,
removing expert collaboration results in a sharp
drop in Comprehensiveness (4.35 to 3.77) and Co-
herence (4.67 to 4.32), indicating that multi-agent
expert modeling is essential for capturing complex
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Judge Comprehensive Unbiased Readability Coherence

Human 4.35 4.48 4.57 4.74
LLM judges 4.35 4.41 4.42 4.67

Table 4: Ablation study results for our evaluation system vs human expert.

Figure 5: Iteration’s Impact on AutoScale Performance.

construct relationships and maintaining logical con-
sistency. Furthermore, both ablated versions ex-
hibit higher ASD scores (0.07 to 0.19/0.27), con-
firming that these components contribute to greater
alignment with golden data and statistical stability.

To address the limitation of lacking real-world
validation in our evaluation system, we conducted
a rigorous supplementary study involving 30 ran-
domly sampled AutoScale-generated scales as-
sessed by six qualified experts using double-blind
protocols calibrated to achieve inter-rater reliabil-
ity (Cohen’s Kappa > 0.81). Table 4 demonstrated
strong alignment between human and automated
assessments, with mean absolute error (MAE) of
0.07 and root mean square error (RMSE) of 0.09
across four critical dimensions (comprehensive-
ness, unbiasedness, readability, coherence), where
statistical significance tests (paired t-tests) con-
firmed no substantial discrepancies (p > 0.05).
These empirical results demonstrate the practical
utility of our evaluation system.

Figure 5 presents the effect of different iteration
counts on the performance of AutoScale. The re-
sults show that increasing the number of iterations
from 1 to 5 leads to a slight improvement in overall
content quality, with diminishing returns after the
second iteration.

The ablation study demonstrates that Au-
toScale’s robustness is rooted in its multi-agent
collaboration, iterative refinement, and statistical
validation mechanisms. While stronger base LLMs

improve performance, AutoScale remains effective
even with lower-tier models. The results confirm
that removing expert collaboration or data-driven
refinement significantly impacts the quality and
consistency of generated scales, emphasizing the
necessity of these core components in ensuring
high-quality, unbiased, and statistically rigorous
scale generation. Moreover, our designed evalua-
tion system is highly aligned with expert assess-
ments, demonstrating the effectiveness and practi-
cality of the system.

5 Conclusion

In this work, we introduced AutoScale, a novel
multi-agent framework for automated measure-
ment scale generation. By leveraging collabora-
tive LLM-based agents, AutoScale systematically
replicates the expert-driven process of scale con-
struction, refinement, and validation. Addition-
ally, we curated SCALE-1.2K, the first large-scale
dataset for benchmarking automated scale gen-
eration across 16 psychological domains. Our
evaluation system, incorporating Multi-LLM-as-
Judge assessments and simulated large-scale test-
ing, demonstrated that AutoScale achieves high-
quality scale generation with substantial reductions
in manual effort. Experimental results confirm that
our framework improves comprehensiveness, unbi-
asedness, and coherence, while maintaining strong
psychometric validity.

This work has advanced multi-agent LLM col-
laboration, which is a core area of NLP research.
Our framework demonstrates how role-playing
agents and the debate mechanism can solve struc-
tured generation tasks, and introduces data-driven
iterative optimization to improve the generation
effect. At the same time, as a novel benchmark, the
SCALE-1.2K dataset can be used to test the capa-
bilities of LLMs in handling structured, constraint-
driven generation and study multi-agent collabora-
tion in complex goal-oriented tasks.

Limitations

While AutoScale demonstrates promising results,
several limitations warrant consideration:
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Cross-Cultural Generalization: A primary lim-
itation is that SCALE-1.2K consists predominantly
of Western-oriented, English-language scales. The
current framework assumes a degree of cultural
neutrality that may not hold for complex psycho-
logical constructs. For instance, concepts like "self-
esteem" or "occupational risk perception" may pos-
sess distinct dimensions or meanings across differ-
ent cultural contexts. Simple linguistic translation
is insufficient to achieve functional equivalence;
it requires deep cultural adaptation to ensure that
the scale items evoke the same psychological re-
sponse in different populations. Currently, Au-
toScale lacks a dedicated mechanism for this level
of nuanced cross-cultural calibration.

Computational Cost: The iterative refinement
process incurs significant API costs, particularly
when using commercial LLMs. While we demon-
strate cost-effective implementation with Qwen-
long, resource-constrained researchers may face
scalability challenges. The specific calculation cost
is detailed in the Appendix C.

Ethical Safeguards: The automated generation
of clinical assessment scales raises ethical con-
cerns about potential misuse. While our current
framework includes basic content filtering, it lacks
granular ethical oversight mechanisms for sensitive
domains like forensic psychology. To address this,
we provide a comprehensive framework for ethi-
cal oversight, including human-in-the-loop check-
points and bias audit protocols, in Appendix B.

These limitations highlight fundamental chal-
lenges in fully automating measurement develop-
ment while maintaining scientific rigor. The pro-
posed solutions outline a roadmap for evolving
AutoScale into a robust, ethically responsible tool
for psychometric research.
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A Details of SCALE-1.2K

Table 5 offers a statistical breakdown of the dataset,
segmented into training, validation, and test splits.
It provides a quantitative overview, detailing the
number of instances in each subset. To our knowl-
edge, it is the first comprehensive scale dataset.

split Number Token

train 900 1,311,519
vaildation 128 186,485

test 258 383,625

Table 5: The statistics of SCALE-1.2K.

B Detail of Responsible Deployment

While AutoScale significantly enhances the effi-
ciency of scale development, we recognize the po-
tential risks associated with the automated genera-
tion of psychological instruments, particularly in
sensitive domains such as clinical diagnostics and
personnel selection. To ensure ethical integrity and
promote responsible use, we propose the following
framework:

• Expert Review of Initial Scale Architecture:
Human experts must validate the initial scale
architecture (Ainit) and the drafted scale
(Sinit) generated in Stage 1 to ensure that
AI-defined constructs and dimensions are the-
oretically sound and align with established
psychological principles.

• Human Sensitivity Audit of the Final Scale:
Prior to any formal deployment, a qualified
professional must conduct a comprehensive
review of the final refined scale (Sfinal). This
audit aims to identify and rectify nuanced
items that may be culturally insensitive, ethi-
cally questionable, or clinically inappropriate.

• Automated Linguistic Bias Screening: The
framework recommends utilizing fairness-
aware NLP modules to automatically scan
generated items for potential biases related to
gender, race, or socioeconomic status. This
step ensures that the language used remains
neutral and objective across diverse popula-
tions.

• Simulated Group Comparison and DIF Anal-
ysis: Leveraging the Text-to-Persona method,
researchers should generate synthetic respon-
dent samples with varied demographic at-
tributes, such as age, gender, and education
levels. Statistical techniques, including Dif-
ferential Item Functioning (DIF) analysis,
should then be performed to detect if specific
items unfairly favor or penalize certain sub-
groups.

• Mandatory Disclosure of AI-Assisted Origin:
To maintain academic and professional trans-
parency, any measurement instrument devel-
oped or refined using the AutoScale frame-
work must explicitly disclose its AI-assisted
origin in all associated documentation and
publications.

• Empirical Validation for High-Stakes Ap-
plications: For high-stakes decision-making
scenarios, such as HR personnel selection
or clinical diagnostics, scales generated by
the framework must undergo rigorous real-
world validation with actual human samples
to confirm their psychometric properties be-
fore practical implementation.

• Primary Status as a Decision-Support Tool:
AutoScale is intended to function as a
decision-support tool for researchers to re-
duce manual labor and streamline the devel-
opment process. It is not designed to replace
professional human judgment, and all final
outputs should remain under expert supervi-
sion.

C Detail of Cost

• Overall Cost Efficiency: The primary back-
bone model used for AutoScale, Qwen-long,
was selected for its high cost-effectiveness,
with a total generation cost of approximately
0.11 per scale. Despite this low cost, the
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model achieves performance levels compa-
rable to human experts in terms of compre-
hensiveness and coherence.

• API Call Volume: Generating a single val-
idated scale typically requires between 450
and 550 total API calls. This volume covers
the entire end-to-end process, from initial tar-
get analysis to the final statistical refinement.

• Cost Breakdown by Stage: The majority of
computational resources are consumed during
Stage 2: Scale Filling and Data Collection. In
this stage, multiple LLM-based agents are
instantiated as simulated respondents to gen-
erate synthetic data in parallel.

• Iterative Refinement Costs: For the standard
configuration of T = 2 iterations, each data-
driven refinement cycle (combining data col-
lection and statistical analysis) costs approxi-
mately 0.05. This iterative approach ensures
that items are psychometrically sound while
maintaining low overhead.

• Comparison with Other Models: While
higher-tier models such as GPT-4 (0.57 per
scale) and Deepseek-R1 (1.23 per scale) of-
fer slight improvements in conceptual depth,
they significantly increase the total expendi-
ture. AutoScale’s multi-agent architecture is
designed to compensate for lower-tier model
capabilities, making Qwen-long a viable and
economical choice.

• Future Resource Optimization: To further im-
prove accessibility for resource-constrained
researchers, future iterations of AutoScale
will focus on integrating open-source large
language models (e.g., Llama or Mistral).
This transition aims to eliminate API costs
entirely while maintaining the framework’s
rigorous psychometric standards.

D Details of Evaluation System

D.1 Evaluation Scoring Criteria
The detailed scoring criteria are provided in Ta-
ble 6.

D.2 Statistical Metrics
This section presents the calculation formulas and
explanations for the following indices:

• Adjusted Goodness of Fit Index (AGFI)

• Comparative Fit Index (CFI)

• Normed Fit Index (NFI)

• Non-Normed Fit Index (NNFI) / Tucker-
Lewis Index (TLI)

• Root Mean Square Error of Approximation
(RMSEA)

• Cronbach’s α Coefficient

• Split-Half Reliability

Adjusted Goodness of Fit Index (AGFI) AGFI
adjusts the Goodness of Fit Index (GFI) by taking
the model’s degrees of freedom into account. Its
formula is:

AGFI = 1− p(p+ 1)

2 df
(1− GFI),

where:

• p is the number of observed variables,

• df is the degrees of freedom of the model,

• GFI is the Goodness of Fit Index.

Comparative Fit Index (CFI) CFI compares
the target model with a baseline (null) model, of-
ten assuming all variables are uncorrelated. It is
calculated as:

CFI = 1− max
(
χ2

model − dfmodel, 0
)

max
(
χ2

null − dfnull, 0
) ,

where:

• χ2
model and dfmodel are the chi-square statistic

and degrees of freedom for the target model,

• χ2
null and dfnull are those for the null model.

Normed Fit Index (NFI) NFI measures the pro-
portional improvement in fit of the target model
relative to the null model:

NFI =
χ2

null − χ2
model

χ2
null

.

A value close to 1 indicates a good fit.

Non-Normed Fit Index (NNFI) / Tucker-Lewis
Index (TLI) NNFI (or TLI) considers both the
chi-square statistic and the model’s degrees of free-
dom:

NNFI =
χ2

null/dfnull − χ2
model/dfmodel

χ2
null/dfnull − 1

.

A value near 1 suggests a better model fit.
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Root Mean Square Error of Approximation
(RMSEA) RMSEA evaluates the extent to which
the model approximates the data in the population.
It is given by:

RMSEA =

√
max

(
χ2

model − dfmodel, 0
)

dfmodel(N − 1)
,

where:

• N is the sample size,

• If χ2
model ≤ dfmodel, RMSEA is typically set

to 0.

Cronbach’s α Coefficient Cronbach’s α as-
sesses the internal consistency of a scale. Its for-
mula is:

α =
K

K − 1

(
1−

∑K
i=1 σ

2
Yi

σ2
X

)
,

where:

• K is the number of items,

• σ2
Yi

is the variance of item i,

• σ2
X is the variance of the total score.

Split-Half Reliability Split-half reliability is es-
timated by dividing the test into two halves, calcu-
lating the correlation r12 between the halves, and
then applying the Spearman-Brown formula:

rsplit-half =
2r12

1 + r12
,

where r12 is the correlation between the two
halves.

E Details of AutoScale

This section presents the prompts utilized at each
stage of AutoScale, detailing how they guide the
model through the scale generation process. Fig-
ure 6, Figure 7, Figure 8, Figure 9, Figure 10 are
prompts for Initial Scale Generation stage. Fig-
ure 11, Figure 12, Figure 13, Figure 14 are prompts
for Scale Filling and Data collection stage. Fig-
ure 15, Figure 16, Figure 17, Figure 18, Figure 19
are prompts for Scale Refine stage.
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Table 6: Scoring Criteria

Criteria Scores

Comprehensiveness Score 1: Severely lacking, with almost none of the key aspects of the target
construct covered.
Score 2: Covers only a very small portion of the aspects, omitting most of the
important content.
Score 3: Basically covers the main aspects, but still omits some details or
secondary elements.
Score 4: Most relevant aspects are covered, with only minor details missing.
Score 5: Thoroughly and meticulously covers all relevant aspects of the target
construct, with complete and flawless content.

Unbiasedness Score 1: Clearly biased, with items extremely favoring a single perspective.
Score 2: Bias is quite noticeable, with some items clearly unbalanced and
lacking diverse perspectives.
Score 3: Generally balanced, though some items exhibit slight bias.
Score 4: Items are relatively balanced, with multiple perspectives mostly
represented; only occasional minor deviations occur.
Score 5: Completely unbiased, with all items balanced and fully reflecting
diverse perspectives.

Readability Score 1: Language is obscure and lengthy, with a disorganized structure
making it very difficult to understand.
Score 2: Some expressions are unclear, featuring redundancy or overly com-
plex sentences that detract from the reading experience.
Score 3: The text is generally clear, although some items may be somewhat
ambiguous or too lengthy.
Score 4: Language is clear and concise, and most content is easy to under-
stand, with only a few expressions being slightly complex.
Score 5: Language is extremely clear and succinct, with a well-organized
structure that makes it immediately comprehensible.

Coherence Score 1: Structure is chaotic, with extremely poor logical flow and a lack of
connection among items.
Score 2: Logical relationships are loose, with poorly organized items and
noticeably insufficient internal linkage.
Score 3: Structure is generally sound, but the logical connection between
some items is not sufficiently tight.
Score 4: Logic is clear, with well-connected items; only occasional minor
details lack coherence.
Score 5: Structure is rigorous and highly logical, with items naturally flowing
together and exhibiting exceptional internal consistency.
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Figure 6: Prompt for Target Analysis.
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Figure 7: Prompt for Scale Drafting.
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Figure 8: Prompt for Multi-Expert Proposal.
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Figure 9: Prompt for Expert Instantiation.
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Figure 10: Prompt for Debate and Consensus.
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Figure 11: Prompt for Demographic Identification.
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Figure 12: Prompt for Persona Construction.

33515



Figure 13: Prompt for Contextual Enrichment.
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Figure 14: Prompt for Response Simulation.
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Figure 15: Prompt for Factor Structure Diagnosis.
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Figure 16: Prompt for Item Performance Evaluation.
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Figure 17: Prompt for Item Dimensionality Adjustment.
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Figure 18: Prompt for Refine Scale.
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Figure 19: Prompt for Sampling Strategy Optimization.
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