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Abstract

Social and behavioral research often needs to examine policy shocks, information interven-
tions, platform-mediated attention, and governance feedback, but direct experiments on
real populations are constrained by ethical risks, intervention costs, and limited repeata-
bility. This study proposes Multi-Agent Social Simulation (MASS), a protocolized form
of large language model-driven agent-based modeling (LLM-driven ABM) designed as a
low-risk, repeatable, and auditable pre-experimental simulation method for quantitative
research. MASS embeds LLMs in an agent-based modeling (ABM) framework and uses
role settings, round-based scheduling, information control, background-rule control, struc-
tured outputs, harness checks, reason-action logs, and replication manifests to transform
open-ended language generation into recordable, checkable, and statistically analyzable
agent-round observations. The method is evaluated through the New Jersey–Pennsylvania
minimum wage natural experiment, the 2016 UK Brexit digital campaigning context, and
the 2023 Zibo barbecue tourism public-opinion event. Results show that protocolized
LLM-driven ABM can generate analyzable and empirically assessable outputs across
policy-shock, information-intervention, and governance-feedback scenarios. The strongest
evidence concerns rule-shock identification, declining undecided share under targeting,
and mechanism-chain consistency among governance response, public sentiment, and be-
havioral intention. MASS is not a substitute for real-world experiments or causal inference;
it is a pre-experimental simulation method for mechanism rehearsal, risk identification,
counterfactual comparison, and research design preparation.

Keywords: multi-agent social simulation; LLM-driven agent-based modeling; quantitative
research methods; computational social science; model validation

1. Introduction
As exemplified by the Stanford Prison Experiment in 1973 [1,2], the social and be-

havioral sciences have long faced a methodological and ethical dilemma. Researchers
need to understand how people respond to institutions, roles, incentives, information, and
group environments, yet they cannot freely place real participants into manipulated social
situations for repeated experimentation. The closer an experiment comes to real social
processes, the more likely it is to produce large and unpredictable consequences. Wage poli-
cies, digital targeting, platform-based public-opinion governance, collective mobilization,
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organizational coordination, and public-emotion interventions may all generate economic,
psychological, or social consequences in real-world settings. Researchers can observe such
consequences after they occur, but it is difficult to actively manipulate, regulate, and repeat
them under controlled conditions in real populations.

The social sciences, therefore, need a simulation sandbox that can be run before
real-world interventions. Such a sandbox would provide a low-risk, repeatable, and
adjustable environment in which researchers can rehearse possible behavioral pathways,
mechanism chains, and counterfactual outcomes before formal policies, communication
interventions, or governance practices are implemented. For research on public policy,
group communication, and social governance, such pre-experimental environments can
supplement real-world evidence by helping researchers identify potential mechanisms,
compare alternative conditions, and improve subsequent empirical research designs under
lower-risk conditions.

To date, the social sciences have developed multiple alternative and simulation-based
methods to address the ethical constraints, costs, and limited repeatability of real-world
experiments. Natural experiments, quasi-experimental designs, wargaming, policy games,
tabletop exercises, system dynamics, microsimulation, and agent-based modeling (ABM)
each provide different ways of handling this problem.

Natural experiments and quasi-experimental designs provide social scientists with
a real-world logic for causal identification. Researchers use policy changes, institutional
differences, or external shocks that have already occurred to construct treatment and
control groups and then evaluate intervention effects through methods such as difference-
in-differences, pre-trend tests, and placebo tests [3–5]. For example, Card and Krueger’s
study [6,7] of the New Jersey–Pennsylvania minimum wage case used a real policy change
to construct treatment and comparison conditions, allowing researchers to compare changes
in wages, employment, and prices. The advantage of natural experiments lies in their
proximity to real social processes, but their limitation is that researchers cannot actively set
the timing, intensity, external disturbances, or repeated implementation of the intervention.

Wargaming, policy games, and tabletop exercises provide another process-oriented
simulation pathway. These methods use structured scenarios, role assignment, multi-
round actions, strategic interaction, and situational adjudication to explore complex social
processes. Policy games, role-playing simulations, serious games, and participatory simula-
tions extend this logic by allowing participants to act in different roles and make continuous
decisions within constrained environments [8]. Such methods can represent incomplete
information, conflicting goals, and strategic adaptation among multiple actors. However,
they are often limited by weaker reproducibility, insufficient quantitative outputs, and a
dependence on participant experience or expert adjudication.

Computational social simulation further transforms social processes into executable
models. System dynamics is suitable for modeling macro-level feedback loops, microsimu-
lation is suitable for projecting policy effects at the individual level, and ABM simulates
macro-level emergence through heterogeneous agents, local interactions, and environmen-
tal rules [9–12]. ABM allows researchers to define agent types, behavioral rules, interaction
structures, and environmental states, and to observe system behavior through repeated
runs. However, the behavioral rules of agents in ABM are usually specified manually
by researchers. When the research object involves linguistic action, role interpretation,
institutional meaning, local information, and situational judgment, fixed functions and
heuristic rules often struggle to capture the behavioral logic of real actors. Put simply,
in traditional ABM, agents cannot use natural language to describe or explain their own
behavior in detail.
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LLM-driven ABM lies at the intersection of these methodological traditions. It ab-
sorbs the treatment-control and counterfactual logic of natural experiments, extends the
multi-role, multi-round, and situational interaction logic of wargaming and policy games,
preserves the agent modeling, state updating, and repeatable execution of ABM, and
uses large language models (LLMs) to enhance linguistic, role-based, and context-sensitive
behavioral generation. The introduction of LLMs gives ABM a more dynamic and language-
sensitive form of behavioral simulation. Agents can generate actions and reasons based on
role cards, local information, external rules, and current-round events, while researchers
can transform these actions into structured variables for statistical testing, process auditing,
and cross-case comparison.

1.1. The Rise of AI-Driven Social Simulation Platforms and the Methodological Gap

In recent years, several representative AI-driven social simulation systems have
emerged. Generative Agents demonstrated the ability of LLM agents to generate memory,
reflection, planning, and everyday interaction in a small sandbox society [13]. Agent Hos-
pital embeds agents such as doctors, nurses, and patients into a virtual hospital workflow
to simulate multi-stage medical behavior [14]. OASIS and AgentSociety further extend this
line of work toward social media diffusion and large-scale social-life simulation, exploring
information diffusion, group polarization, external shocks, and public policy [15,16]. These
studies show that AI-driven social simulation has moved from proof of concept toward
platformized practice, but existing platforms are still mostly organized around specific
scenarios, fixed environments, or system capabilities.

Unlike AI social simulation platforms centered on fixed scenarios, this study focuses
on a transferable research method: how to organize LLM-driven agent-based modeling
(LLM-driven ABM) into a configurable, auditable, and empirically assessable simulation
experiment. This study operationalizes the method as Multi-Agent Social Simulation
(MASS), whose core lies in a reusable research protocol. Researchers need to define role
types, temporal granularity, background rules, information boundaries, output structures,
and validation indicators around specific research questions, while maintaining compa-
rable experimental designs across treatment, control, and counterfactual conditions. This
approach extends the ABM literature on model transparency, process description, and
reproducibility. For example, the ODD protocol emphasizes that model purpose, enti-
ties, state variables, scales, processes, scheduling, initialization, and input data should be
explicitly reported to improve the transparency and reproducibility of simulation mod-
els [17,18]. For LLM-driven ABM, this model-description requirement must be further
extended to prompts, role cards, information boundaries, background rules, experimental
conditions, output schemas, model versions, runtime configurations, and validation targets.
Accordingly, prompt design, role cards, background rules and experimental conditions,
output schemas, logging mechanisms, and validation matrices are not merely engineering
configurations; they are components of the research design, corresponding respectively to
behavioral generation, variable construction, experimental conditions, process auditing,
and methodological validity assessment.

Protocolization is the key condition for transforming LLM-driven ABM from narrative
role-playing into a reviewable research method. Naive LLM-agent simulations usually
provide models with role prompts and ask them to continuously output actions or opinions.
Such practices can rapidly generate seemingly plausible narrative results, but they are prone
to temporal-order errors, role-identity deviation, data contamination, rule-or-condition
errors, outputs without structured fields, numerical out-of-range errors, and difficulties
in reproduction. Recent research on LLM-empowered ABM and generative social sim-
ulation has also noted that although LLMs enhance ABM in environmental perception,
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heterogeneous-agent expression, reasoning and decision-making, and action generation,
they also introduce new challenges related to output reliability, model-version dependence,
action validity, and validation standards [19,20]. Therefore, LLM-driven ABM for social sci-
ence research cannot remain at the level of free conversation or narrative rehearsal. It must
integrate rounds, roles, information, rules, outputs, checks, and validation into an explicit
protocol. Only in this way can the simulation process be recorded, the simulation results
audited, and different runs, conditions, and cases form a basis for empirical comparison.

1.2. Research Questions and Contributions

Based on the methodological positioning above, this study proposes three research questions.
RQ1: Can LLM-driven ABM serve as a method for simulating social behavior in

behavioral science?
RQ2: What methodological failures arise in naive LLM-agent simulation, and what

forms of protocolized control are needed to mitigate them?
RQ3: After protocolized control is introduced, can LLM-driven ABM generate au-

ditable, empirically assessable simulation outputs with evidence of cross-scenario applica-
bility across different social–behavioral settings?

This study makes four main contributions in relation to these questions.
First, starting from the ethical boundaries of real-world social experimentation, this

study proposes the value of LLM-driven ABM as a low-risk pre-experimental method.
This method does not replace experiments with real participants or natural experiments.
Rather, it provides a simulation space for mechanism rehearsal, risk identification, and
counterfactual comparison.

Second, this study diagnoses the typical failure modes of naive LLM-agent simulation
and translates temporal-order errors, role-identity deviation, data contamination, rule-or-
condition errors, unstructured outputs, invalid numerical values, and replication difficulties
into operational protocol-control items.

Third, this study proposes a protocolized LLM-driven ABM framework that incorpo-
rates prompts, role cards, background rules, experimental conditions, information bound-
aries, output schemas, harness checks, and validation targets into the research design.
Through this framework, LLM-driven ABM can generate behavioral simulation outputs
that are auditable, reproducible, and empirically comparable.

Fourth, this study conducts a multi-evidence evaluation through three social-
behavioral cases: a minimum wage policy shock, a digital campaigning information in-
tervention, and urban tourism public-opinion dynamics. These three cases jointly test the
method’s data analyzability, counterfactual comparability, group-ordering consistency, and
process-explanation capacity.

2. Literature Review
To answer the research questions above, this study first situates LLM-driven ABM

within the broader methodological landscape of social simulation and behavioral science.
The key issue is not only what existing methods have already solved, but also where
gaps remain in reproducibility, auditability, behavioral rule specification, and validity
assessment. Clarifying these methodological foundations is necessary for explaining why
protocolized LLM-driven ABM is needed and what forms of evaluation it should undergo.

This chapter proceeds in three steps. First, it returns to the problem of behavioral rule
specification in ABM. It discusses how traditional ABM explains macro-level emergence
through agents, environments, rules, and state updating, while also showing why hand-
written rules and fixed functions face expressive pressure when the research object involves
linguistic interaction, role identity, institutional interpretation, local information, and situa-
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tional judgment. Second, it discusses replication and process auditing in LLM-driven ABM.
LLMs can extend the behavioral generation capacity of ABM, but they also introduce new
problems such as prompt sensitivity, role-identity deviation, data contamination, output
instability, and model-version dependence. These problems call for protocolized controls
such as prompt manifests, replication manifests, reason-action logs, harness checks, and
structured outputs. Third, the chapter discusses validity assessment in generative social
simulation. For LLM-driven ABM, the central issue is not whether the model can generate
text that “looks plausible,” but whether it can produce simulation data that are structurally
clear, process-auditable, and empirically comparable.

2.1. ABM, LLM-Driven ABM, and the Problem of Behavioral Rule Specification

ABM consists of agents, environments, state variables, behavioral rules, and interac-
tion mechanisms. It is well suited for studying how local interactions among heterogeneous
agents generate macro-level social outcomes. Its advantages lie in controllability, repeatabil-
ity, counterfactual reasoning, and the ability to observe emergent structures and nonlinear
processes [9,12]. In the social sciences, ABM has often been used to explain group seg-
regation [21], norm diffusion, organizational behavior, market change, public-opinion
dynamics, and policy outcomes.

A central challenge in traditional ABM is the specification of behavioral rules. Re-
searchers usually need to define in advance how agents perceive the environment, choose
actions, update states, and interact with other agents. These rules may be derived from
rational choice, bounded rationality, empirical statistics, expert judgment, or existing theory.
Simon’s discussion [22] of bounded rationality suggests that real-world actors often make
satisficing decisions under incomplete information, limited cognitive capacity, and com-
plex situations. In many social–behavioral settings, action is also shaped by role identity,
institutional interpretation, linguistic framing, local information, social expectations, and
situational meaning. When traditional ABM handles such behavior, complex action is often
compressed into fixed functions or heuristic rules.

For social–behavioral simulation, the methodological significance of LLM-driven ABM
first derives from the corpus-based foundation of large language models. LLMs do not
generate actions from abstract rules in a vacuum; rather, they learn conditional relationships
among roles, contexts, norms, attitudes, and response patterns from large-scale human
text corpora. Existing research has shown that, under appropriate conditioning and clearly
specified task constraints, language models can to some extent approximate the response
distributions of particular human samples or subgroups. Argyle et al. introduced the con-
cept of “algorithmic fidelity,” arguing that language models conditioned on demographic
and social background information can generate attitude distributions corresponding to
multiple human subgroups [23]. Aher et al. further proposed “Turing Experiments” to
examine the ability of language models to replicate classic human-subject experiments,
showing that LLMs can generate responses close to human experimental patterns in several
tasks in economics, psycholinguistics, and social psychology [24]. AITurk-related research
also suggests that ChatGPT 4.0 can imitate the psychological and behavioral responses
of human participants at relatively high rates in several online crowdsourcing research
contexts [25]. Taken together, these studies suggest that LLMs can be viewed as conditional
behavior generators grounded in accumulated public language data, rather than as mere
text-completion tools.

This provides a new possibility for specifying behavioral rules in ABM. Traditional
ABM requires researchers to predefine how agents perceive environments, choose actions,
and update states. This may compress complex role identities, institutional interpretations,
local information, and social expectations into fixed functions or heuristics. LLM-driven
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ABM does not remove the researcher’s control over model structure. Rather, it extends
behavioral rules from static handwritten rules to protocolized generative rules. Researchers
remain responsible for defining role types, background rules, experimental conditions,
information boundaries, state variables, and validation indicators. Within these constraints,
LLMs generate concrete actions based on role cards, local information, and current-round
events. In this way, situational judgment, linguistic expression, and role-based response in
social behavior can be incorporated into a recordable and auditable simulation process.

However, the approximation of human responses by LLMs is not unconditional.
Model outputs may be affected by training corpora, prompts, model versions, alignment
mechanisms, and social desirability bias. They may also produce overly consistent, over-
confident, or majority-oriented responses in particular tasks. Therefore, this study does not
treat LLM agents as substitutes for real individuals or real samples. Instead, it embeds them
into ABM as constrained behavior generators. Role cards determine the social position and
behavioral preferences of agents; local information determines their visible environment;
background rules and experimental conditions specify institutional constraints; round-
based scheduling defines the boundary of state updating; structured outputs transform
actions into analyzable variables; and harness checks and validation targets are used to
examine role consistency, information boundaries, numerical validity, and result compa-
rability. In this sense, the key to LLM-driven ABM is not to let models freely simulate
human beings, but to transform human response patterns embedded in language corpora
into reproducible, comparable, and empirically assessable social-simulation data through
protocolized control.

2.2. Replication, Process Auditing, and Model Description

The credibility of social simulation models depends on reproducibility and auditability.
The ABM field has long emphasized the importance of model description. The ODD
protocol requires researchers to describe the model’s purpose, agents, state variables,
scales, processes, scheduling, initialization, input data, and submodels in a standardized
manner, thereby improving model transparency, replicability, and comparability [17,18].
For LLM-driven ABM, model description must also cover prompts, role cards, information
boundaries, background rules, experimental conditions, output schemas, model versions,
randomness settings, retry policies, and validation targets.

In LLM-driven ABM, replication is more challenging than in traditional ABM. Techni-
cally, Transformer-based language models generate subsequent tokens through conditional
probabilities. Vaswani et al. noted in the Transformer paper that decoder outputs are
converted by softmax into predicted next-token probabilities [26]. In actual generation pro-
cesses, outputs are also affected by decoding strategies, temperature, top_p, random seeds,
context length, and server-side backend configurations. Holtzman et al.’s study of neural
text degeneration shows that, even with exactly the same neural language model, different
decoding strategies can significantly affect generated outputs [27]. The reproducible-
output example in the OpenAI Cookbook also notes that the seed parameter can improve
output consistency, but that its effect depends on identical request parameters and sys-
tem_fingerprint and cannot guarantee absolute determinism [28]. Therefore, a single run
of LLM-driven ABM should not be treated as a stable conclusion. Researchers need to
reduce the influence of single-run stochastic output through multiple independent runs,
directional consistency checks, and cross-condition comparisons.

To standardize replication, researchers need to build both a prompt manifest and a
replication manifest. The prompt manifest records role prompts, background prompts, rule
prompts, output prompts, forbidden information, and visible information boundaries. The
replication manifest records model names, running time, parameter settings, data versions,
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case configurations, round granularity, randomness controls, failure-retry mechanisms, and
backend-configuration identifiers. Without these records, it is difficult for third parties to
determine whether simulation results arise from social mechanisms, prompt induction,
model priors, backend changes, or random output variation.

Process auditing is another key requirement for LLM-driven ABM. When LLMs gener-
ate behavior, researchers need not only structured variables but also auxiliary materials that
can trace the behavior-generation process. A reason-action log can record how an agent
understands local information in each round, how it chooses actions, and how those actions
are translated into state changes. Its function is to serve as process-auditing material, record-
ing behavioral generation pathways and checking output consistency. Researchers can use
reason-action logs to examine whether actions conform to role boundaries, whether they
reference forbidden information, whether hindsight contamination occurs, and whether
they are consistent with the direction of numerical outputs. Structured fields provide the
primary objects of analysis, while explanatory text provides auxiliary auditing material.

Output structure and runtime checking mechanisms determine whether simulation
data can enter statistical analysis. Naive LLM-agent simulations often generate long natural
language outputs, making it difficult for researchers to compare different runs, conditions,
and cases. LLM-driven ABM for behavioral science research requires structured outputs,
value ranges, state-update boundaries, and format checks so that simulation results can
be statistically analyzed, visually compared, and checked for anomalies. Reproducibility,
process auditing, and output structure therefore jointly determine whether LLM-driven
ABM can move from narrative simulation to a verifiable research method. In Section 3, this
study further operationalizes these principles as prompt manifests, replication manifests,
harness checks, local checks, structured outputs, and full-log preservation.

2.3. Validity, Reliability, and the Evaluation Gap in Generative Social Simulation

The credibility of simulation models cannot rely solely on whether their results “look
reasonable.” For social simulation, reliability and validity involve at least two levels. Relia-
bility concerns whether a model can generate stable, reviewable, and repeatedly analyzable
outputs under identical or similar conditions. Validity concerns whether model structure,
agent behavior, process mechanisms, and outcome directions form an interpretable corre-
spondence with the target social process. In other words, a social simulation model should
not only generate an outcome; it should also explain how that outcome is produced by
agents, rules, environments, and interaction processes, and whether that generative process
can be recorded, reviewed, and compared.

Existing simulation research provides important theoretical foundations for this is-
sue. Guala [29] argues that complex relationships exist among models, simulations, and
experiments, and that simulations explore mechanisms and possibilities through artificially
constructed systems. Morgan [30] discusses forms of experimentation without material
intervention, showing that model experiments and virtual experiments can also play a role
in scientific reasoning. Sugden [31] proposes the concept of “credible worlds,” emphasiz-
ing that the value of a model lies not in replicating every detail of the real world but in
constructing an internally coherent artificial world that can carry theoretical mechanisms
and support reasoning. For ABM, this means that model validity should not be judged only
by endpoint outcomes. It also requires examining whether agent settings, behavioral rules,
interaction structures, state updates, and macro-level outputs are internally consistent.

This issue becomes even more prominent in LLM-driven ABM. Recent reviews have
pointed out that large language models strengthen ABM in environmental perception,
heterogeneous agent representation, reasoning and decision-making, and action genera-
tion, while also introducing new challenges related to human alignment, action reliability,
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evaluation standards, and cross-scenario validation [19]. Larooij and Törnberg [20] fur-
ther argue that validation is the central challenge for generative social simulation: many
studies still rely mainly on subjective judgments of whether simulations “appear credible,”
while providing limited evidence that models are operationally valid. For this study, this
means that LLM-driven ABM should not merely demonstrate narrative plausibility or
role-playing capacity. It must provide reviewable structural evidence, process evidence,
and outcome evidence.

Accordingly, this study designs validity and reliability assessment as a multi-evidence
framework rather than relying on a single indicator. At the structural level, the model must
specify whether agent types, state variables, temporal granularity, rule conditions, and
information boundaries reasonably represent the target social process. At the behavioral
level, the model must examine whether agent actions conform to role positions, local
information, and institutional constraints. At the process level, the model must preserve
reason-action logs, public messages, state changes, and harness results so that behavioral
generation pathways can be audited. At the outcome level, the model must form compara-
ble relationships with real-world references, natural-experiment findings, counterfactual
conditions, known group orderings, or mechanism chains.

Based on this logic, Section 3 uses three complementary cases to examine validity and
reliability. Case 1 uses the New Jersey–Pennsylvania minimum wage natural experiment,
with treatment, comparison, and counterfactual groups, and uses DID and DDD to test
whether the minimum wage rule shock can stably enter managerial decision-making. Case
2 compares targeting and no-targeting conditions to examine whether a digital targeting
mechanism can generate distinguishable changes in group attitudes, and uses known
group ordering to check whether role settings remain consistent. Case 3 compares active
governance and passive governance conditions to examine whether platform attention,
offline experience, and governance feedback form a directionally consistent mechanism
chain. Together, the three cases cover rule-shock identification, information-intervention
differentiation, and multi-agent interaction with process consistency in a public information
environment, thereby providing multiple types of evidence for the reliability and validity
of MASS.

This leads to the literature gap and research positioning of the present study. Natural
experiments provide treatment-control logic and causal identification in the real world, but
researchers cannot actively repeat or adjust intervention conditions. Wargaming, policy
games, and role-playing simulations provide multi-role, multi-round interaction, but their
reproducibility and quantitative outputs are limited. Traditional ABM provides a repeatable
computational framework, but its behavioral rules are often static. LLM agents provide
linguistic and role-based behavioral generation capacity, but are prone to prompt sensitivity,
role-identity deviation, data contamination, and difficulties in replication. The protocolized
LLM-driven ABM proposed in this study builds a bridge among these methodological
capacities. It preserves the repeatability and counterfactual capacity of ABM, introduces the
contextual behavioral generation capacity of LLMs, and uses structured outputs, process
auditing, and a multi-evidence validation framework to examine whether it can serve as an
auditable, reproducible, and empirically assessable method for social simulation research.

3. Materials and Methods
3.1. Naive LLM-Agent Baseline and Failure Modes

This study first constructs a naive LLM-agent baseline as a methodological reference
to illustrate the problems that may arise when large language models are directly connected
to agent simulation. The baseline follows a simple process: researchers write role prompts
for each agent; in each round, the system provides the current situation to the model; the
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model outputs an action or opinion; and the researchers feed the output into the next-round
state. This process can quickly generate narrative simulation results, but it lacks strict
temporal boundaries, role boundaries, information boundaries, and output constraints,
making it difficult to use directly as a reviewable behavioral science research method. In
this study, the baseline is the methodological starting point and the underlying foundation
of the project: using LLMs to conduct social simulation through text as the medium.

The main problem with the naive baseline is that its generated behavior lacks stable
experimental discipline. An agent may predict the future within the same round, step
outside its own role identity to provide narrator-like explanations, or refer to researcher-side
information or real final outcomes. Natural language outputs may also lack computable
fields, making it difficult to compare different runs, conditions, and cases. Therefore, this
study treats naive LLM-agent simulation as an initial form that must be protocolized and
summarizes eight typical failure modes accordingly.

To connect the risks of naive LLM-agent simulation with MASS control mechanisms,
Table 1 summarizes the eight failure modes identified in this study, their typical manifesta-
tions, their research implications, and the corresponding forms of protocolized control.

Table 1. Major failure modes of the naive LLM-agent baseline and MASS control mechanisms.

Failure Mode Typical Manifestation Research Implication MASS Control Mechanism

Temporal-order errors Predicting the future too early
or repeatedly updating states

Unstable behavioral
trajectories Fixed round-based scheduling

Role-identity deviation Shifting from the assigned
role to another role Distorted behavioral subject Role cards and role-boundary

checks

Data contamination

Accessing information that
should not be available,

leaking final outcomes, or
leaking researcher-side

information

Backward reasoning or
misattribution

Information control, locally
visible information, and case

blinding

Rule-or-condition errors

Changing background
settings, policy conditions,
price constraints, or action

ranges autonomously

Loss of
experimental-condition

control

Locked background rules and
experimental conditions

Outputs without structured
fields Long text without stable fields Difficult statistical analysis Structured output schema

Numerical or logical errors Out-of-range values or
internal contradictions Distorted state updating Local numerical checks

Missing process records Results without auditable
reasons Difficult process review Reason-action logs

Missing reproducibility
information

Missing prompts, model
names, or configurations Difficult third-party review Prompt and replication

manifests

The failure modes above provide the basis for the protocol design in this study. Proto-
colization aims to place the open-ended generative capacity of LLMs within a controllable
ABM structure so that agent actions can retain linguistic, role-based, and context-sensitive
features while also satisfying the requirements of state updating, output recording, and
empirical validation.

3.2. Protocolized Control Scheme, System Architecture, and Operational Implementation

This study operationalizes a protocolized LLM-driven ABM as a MASS simulation
workflow. Researchers first define the research question; specify the number, types, and
relationships of agents; prepare background information; and define state variables, output
fields, and experimental conditions. These elements are then recorded in a config file
or configured through the MASS platform. At runtime, MASS uses the configuration to
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schedule rounds, assemble contexts, call the model, parse structured outputs, run local and
harness checks, update states, preserve logs, and export data for analysis.

Case design provides the methodological starting point for MASS. It specifies the
social process to be simulated, the roles and experimental conditions, the information
visible to agents, the variables to be analyzed, and the criteria for acceptable outputs. At
runtime, MASS translates the design into executable role definitions, background rules,
information boundaries, output schemas, checking rules, and logging procedures. This
places LLM-generated language within the round structure, rules, states, and validation
framework of ABM, producing agent-round observations that can be recorded, audited,
reproduced, and statistically analyzed.

Figure 1 illustrates the researcher workflow for designing and configuring a MASS
simulation. Researchers define a question; specify agent numbers, types, and functional
roles; design inter-agent relationships; prepare the background information required by
the LLM agents; and identify data fields and state variables. These specifications are con-
solidated into a config file or entered into the MASS platform. Pilot runs and preliminary
analysis then test whether agent settings, background information, variables, and prelim-
inary outputs serve the research purpose. Identified issues feed back into configuration;
once the configuration is stable, formal simulation and validation analysis begin.

Figure 1. Researcher workflow for designing and configuring a MASS simulation.

3.2.1. Overall Architecture and Agent Scheduling Mechanism

After the case design and platform configuration shown in Figure 1 are completed,
MASS converts the config file or platform inputs into a structured experimental configura-
tion. The round scheduler then advances the simulation according to the preset temporal
granularity. The case background, role structure, experimental conditions, variable fields,
output formats, and validation targets specified during configuration serve as runtime
constraints; agents cannot alter them during the simulation. In each round, the system as-
sembles each agent’s visible context, invokes the designated LLM, and passes the resulting
output to downstream parsing, checking, state-updating, and log-preservation procedures.

MASS processes each agent output in a fixed sequence. In a given round, the output
normally passes through six steps: first, the system assembles the prompt context from the
role card, current-round events, background rules, visible information from the previous
round, and the output schema; second, it calls the LLM and receives the raw output; third,
the structured output parser and local format check assess whether the output conforms to
the required structure; fourth, the case-specific harness check assesses whether it violates
role boundaries, information boundaries, or case-specific rules; fifth, deterministic local
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checks assess fields, formats, value ranges, and basic logical consistency; sixth, records
that pass the checks enter state updating, the public board, and the formal analysis table.
If any stage fails, the system triggers a correction retry according to the configuration. A
record that still fails after the maximum number of retries remains in the full log and is not
manually completed, imputed, or included in the formal statistical analysis.

The current-round context of each agent comprises five categories of information:
A. Role settings, including identity, social position, action goals, decision concerns,

and communication permissions;
B. Current-round events and background rules;
C. Locally visible information, including previous-round state summaries and public-

board fields that the agent is permitted to read;
D. The output schema, namely the structured fields and formats that the agent must

return; and
E. Formatting requirements, prohibitions, and boundary reminders specified by the

case-specific harness or local checks.
MASS does not rely on model-side long-term memory. State preservation, public-

board updating, log recording, and data export are all handled by MASS, and every round’s
visible information is assembled from researcher-defined context rules.

3.2.2. Role Settings

In MASS, an agent typically represents a social role or actor group rather than a single
real individual. Researchers use role cards to define an agent’s identity, social position,
action goals, visible information, behavioral preferences, and communication permissions,
allowing it to maintain a specific role identity throughout the simulation. Group-level
agents are better suited to meso- and macro-level social processes than direct simulations
of individuals and reduce interference from individual heterogeneity.

During runtime, the system constrains roles through role prompts, identity fields,
visible-information fields, and the output schema. In each round, an agent may generate
actions or state updates only from its own role, local information, and current-round
rules; it cannot access the complete experimental design, hidden validation targets, or final
outcomes. If an output clearly exceeds the role boundary, for example by making decisions
for another role, summarizing final outcomes from the researcher’s perspective, or citing
information unavailable to the current role, the harness check flags a role-boundary or
information-boundary violation and triggers a correction retry. Role settings therefore both
support behavior generation and delimit role boundaries.

3.2.3. Agent Interaction Mechanism

MASS organizes interactions among agents through information boundaries and a
public board. The public board is a system-maintained shared information area that records
information agents are permitted to disclose and makes it available in later rounds to agents
with reading permission. Here, public denotes visibility within the simulated environment;
it is unrelated to actual public disclosure or real-platform data.

Agent communication is implemented through prompt-mediated interaction. Public
fields written by one agent in the current round are filtered by the system and injected into
the prompt contexts of relevant agents in the next round. The main communication fields
used in this study are action_summary, public_message, hierarchical report, and broadcast;
action_summary is a brief structured summary of an agent’s action in the current round;
public_message is information written to the public board for authorized agents to read in
subsequent rounds; hierarchical report is a structured report transmitted by organizational
or hierarchical agents to superiors, subordinates, or coordinating agents; and broadcast is
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an event announcement preconfigured by researchers or produced by a rule-based process
to inject exogenous events, policy changes, platform rules, or governance requirements into
relevant agents at specified rounds.

The scheduler mediates agent interaction, which is governed by round order, role
permissions, and field-level access ranges. Role permissions define the types of information
that each agent class may send, receive, or read under the case design. A field-level access
range is a whitelist of fields that an agent class may read and that may therefore enter
its next-round prompt. To prevent data contamination, the public board exposes only
explicitly permitted fields, such as agent_id, round_index, event_id, action_summary, and
public_message. Hidden fields, including state_before, state_delta, state_after, confidence,
evidence_basis, validation_targets, researcher notes, official outcome summary, and final
real-world results, do not enter agent-visible contexts. Field-level information boundaries
separate simulation-internal public information from researcher-side validation information
and reduce the risk that agents infer hidden states or final outcomes.

This study uses the public board, hierarchical report, broadcast, and prompt-context in-
jection to manage agent interaction and does not introduce direct communication protocols
such as A2A or MCP. The emphasis is on information boundaries, process auditing, and
reproducibility control within a single simulation environment; these mechanisms provide
the interaction functions required here while reducing additional external dependencies
and uncontrolled information flows.

3.2.4. Background Rules and Experimental Condition Control

MASS uses pre-specified background rules and experimental conditions to control
common constraints and between-group differences. In the case design, researchers specify
policy changes, information interventions, platform rules, governance responses, or event
shocks, together with their timing, target population, and scope. At the relevant stage, the
system writes the applicable rules or conditions into agent-visible contexts so that agents
can adjust their actions under the specified conditions.

Differences among treatment, control, and counterfactual groups are specified at the
research-design stage. Agents may adjust their own actions under the assigned rules, but
they cannot alter policies, platform mechanisms, governance conditions, or event shocks.
For example, in the minimum-wage case, the New Jersey wage increase is an exogenous
rule specified in the case design: agents may adjust starting wages, employment, or prices
in response, but cannot decide whether the policy occurs. In the digital campaign case,
targeting and no-targeting are researcher-defined conditions that agents cannot change
during runtime. In the public-opinion governance case, active governance and passive gov-
ernance are preset counterfactual conditions to which agents respond. These arrangements
preserve comparability across experimental conditions and reduce the risk of uncontrolled
simulations caused by agents rewriting the conditions.

3.2.5. Structured Outputs, State Updating, and Formal Analysis Tables

Drawing on failures observed in prior runs, this study requires agents to return
structured fields under a predefined schema. Structured outputs convert natural-language
actions into analyzable variables and facilitate format checks, field checks, and subsequent
statistical analysis. Different research settings may use different state variables, but every
variable must be defined in the experimental configuration in advance, including its field
name, type, value range, update method, and inclusion in the formal statistical analysis.

In MASS, state variables are updated from structured state fields returned by an agent
in each round and passed through the checks. Agents submit their current-round actions,
explanations, and state variables; the system accepts only fields that pass the parser, local
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checks, and harness checks. Accepted fields are recorded as the agent’s state in that round
and may become part of the next round’s historical summary, public-board information, or
formal analysis data.

State updating follows the principle of round boundaries. An agent outputs only
current-round actions and state changes, and state variables are updated after system pars-
ing and checking. For direct state-value variables, such as leave_support, undecided_share,
positive_sentiment, visit_intent, and trust_in_official_response, the checked output value in
the current round is recorded as the agent-round state value. For settings with state_before,
state_delta, and state_after, the system requires all fields and checks whether the relation
between state_before, state_delta, and state_after is consistent. If state_after clearly conflicts
with state_before + state_delta, or a state variable falls outside its preset range, the record is
treated as a state-update error and triggers a retry or enters the full log.

In Case 1, starting_wage, target_fte, and price_full_meal_after_tax are closer to man-
agerial decision variables. Each agent returns its planned weekly value; after checking field
format, numerical range, and case rules, the system records the value as that agent-round’s
decision state. Valid wage ranges mainly derive from policy rules and minimum-wage
constraints; for example, starting_wage should not fall below the minimum_wage_floor
applicable to the current round. Price checks focus on numerical plausibility and abnormal
changes; for example, negative, missing, or extreme values are not permitted. The sources
of these checks differ: wage ranges derive primarily from institutional rules, whereas
price ranges derive from researcher-defined variable ranges and data-cleaning rules in the
case design.

The formal analysis table contains only agent-round observations that are successfully
parsed and retained. Failed calls, timeouts, invalid outputs, missing fields, format errors,
and out-of-range values enter the full log or audit log and are not manually repaired
or imputed before formal statistical analysis. Formal analysis therefore uses simulation
records that have undergone structured parsing and runtime checking, while the complete
logs preserve failures and anomalies for process auditing.

3.2.6. Output Validation Mechanism

MASS validates output through local checks and case-specific harness checks, which
serve distinct functions. Local checks address structural, formatting, and deterministic
hard-rule requirements, including whether an output can be parsed, conforms to the JSON
or key-value capsule structure, contains required fields, uses correct field types, converts
numerical fields to numbers, and places variables within their preset ranges. The Structured
Output Parser is the entry point to local checks: it first determines whether the raw LLM
output can be parsed into structured fields that the system can process. When the structure
cannot be parsed, a required field is missing, or a field type is clearly incorrect, the record
triggers a format-correction retry and does not enter state updating.

Harness checks address more complex case-specific review. Each harness is generated
before runtime for a specific case. The researcher-defined case background, role structure,
experimental conditions, information boundaries, output schema, and background rules
provide the source material. The system uses an LLM to extract invalid-output rules from
these materials and forms case-specific harness rules. These rules are then applied during
runtime to identify outputs that clearly violate the case setting, role boundary, information
boundary, or background rules. Thus, the harness is used for runtime invalid-output
detection, rather than for outcome-level validity assessment.

Harness checks examine whether an agent output violates role boundaries, informa-
tion boundaries, or case-specific rules. For example, the system checks whether an agent
cites final real-world results or the official outcome summary; uses researcher-side infor-
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mation such as validation_targets or researcher notes; writes hidden state fields such as
state_after or state_delta into a public_message; makes decisions for another role; changes a
preset policy condition, governance condition, or platform rule; or uses future information
that should not be visible in the current round. Such issues usually fall outside ordinary
format checking and therefore require case-specific harness review.

In this study, invalid output includes JSON format errors, missing fields, incorrect
field types, out-of-range values, inconsistent state-update relations, hidden-field leakage,
role-boundary violations, information-boundary violations, and agent-initiated rewrites
of experimental conditions. For example, an unparseable state field or the absence of a
schema-required field is a structural error; a clear inconsistency between state_after and
state_before + state_delta is a state-update contradiction; writing validation_targets, final
real-world results, or researcher notes into a public_message is hidden-information leakage;
and independently declaring a policy change or making a decision for another role is a rule
or role-boundary error.

When an output fails local checks or harness checks, the system triggers a correction
retry according to the configuration. A retry does not alter the experimental conditions or
manually supply content for an agent; the model must return an output that satisfies the
schema and boundary requirements under the same role, rules, and visible information. If
the maximum retry count is reached without success, the record is marked and retained
in the full log but does not enter the formal analysis table. For repeated failures of the
same key rule, MASS stops the current run so that the researcher can revise the case
design, background materials, output schema, or variable-range settings before initiating
a new run. MASS thereby distinguishes analyzable records, audit records, and run-level
configuration issues through a retry, marking, log retention, formal analysis exclusion, and
run-stopping procedure.

Runtime checking and outcome validation operate at different levels. Local checks
and harness checks determine whether an individual agent-round observation has the
correct format, complete fields, compliant boundaries, and basic logical usability. DID,
DDD, group ordering, directional consistency, and mechanism-chain tests evaluate the
overall results after simulation and assess whether they provide evidence for the reliability
and validity of MASS.

Figure 2 summarizes the MASS runtime workflow. After researchers complete the
case design and platform configuration, the system translates them into a scenario con-
figuration and the round scheduler advances each round. Each agent-round observation
proceeds through agent-context building, LLM request-response, structured-output pars-
ing, local-format checking, case-specific harness checking, local deterministic checking,
state updating/public-board updating/logging, and data export. Records that pass the
checks enter the formal analysis table, whereas records that still fail after retries remain in
the full audit log.

Within this architecture, the case design determines the simulation object, experimental
conditions, and validation targets; role settings, information boundaries, and background
rules delimit the action space of agents; the structured output parser and local checks
handle parsing, formatting, and basic numerical checks; and case-specific harness checks
address role boundaries, information boundaries, and complex case rules. The formal
analysis table receives only agent-round observations that pass parsing and checking, while
failed or anomalous records remain in the full logs. MASS outputs therefore retain explicit
role, temporal, conditional, action, and state information for subsequent statistical analysis,
process auditing, and reliability and validity assessment.
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Figure 2. MASS architecture and runtime workflow.

3.3. Three Behavioral Simulation Cases

As shown in Table 2, this study selects three differentiated social–behavioral scenarios
for methodological testing. The three cases correspond respectively to a policy shock,
an information intervention, and platform-governance feedback. Case selection follows
two principles: first, each case has a real-world reference and can be compared with existing
empirical data or real-world processes; second, the cases involve different mechanisms,
enabling tests of the applicability of protocolized LLM-driven ABM across different social-
behavioral scenarios.

Table 2. Design of the three behavioral simulation cases.

Case Setting Behavior Source Mechanism Validation Target

1
Managerial

decisions under
rules

Economic
policy Natural/quasi experiment

Minimum-wage
shock in wage,

employment, and
price decisions

Policy-shock
identification

2

Group attitudes
under differential

information
exposure

Political
attitudes

Scenario simulation/information-
intervention counterfactual

Digital targeting
shapes issue salience

and attitudes

Information-
intervention

differentiation

3

Collective behavior
under platform
attention and
governance

feedback

Public-opinion
event

Open public-opinion
simulation/mechanism-chain test

Platform
amplification, offline

experience, and
governance response
shape sentiment and

intention

Mechanism-chain
consistency

The first case is based on the New Jersey–Pennsylvania minimum wage natural
experiment [6,7]. The simulated actors are fast-food store-manager groups. Each agent
represents several store managers and makes weekly decisions regarding the minimum
wage rule, profit pressure, employment constraints, and price adjustment. The main
analysis variables retain starting_wage, target_fte, and price_full_meal_after_tax. This case
is used to test whether the model can generate comparable policy-shock responses across
treatment, control, and counterfactual groups.
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The second case uses the Cambridge Analytica controversy and the 2016 UK Brexit
referendum digital campaigning context as real-world references [32,33]. It operationalizes
data analytics and targeted advertising delivery as simulation conditions and compares
differences in voter-group attitudes between the targeting condition and the no-targeting
control condition. The main analysis variables include leave_support, remain_support,
undecided_share, turnout_intent, trust_in_experts, and issue_salience. This case is used
to test whether the model can generate distinguishable group-attitude changes between
conditions with and without a digital targeting mechanism.

The third case uses the 2023 Zibo barbecue tourism public-opinion event as a real-
world reference to examine the capacity of MASS to simulate an open-ended public-
opinion event. The distinctive feature of this case is that complete posts, interaction
networks, recommendation mechanisms, tourist-flow data, and consumption microdata
from real social media platforms are difficult to obtain in full and difficult for third parties
to reproduce. Therefore, this study does not expect the case to directly fit or replicate
real platform data, but instead treats it as a public-opinion process simulation case with a
publicly available real-world reference. This study uses the Baidu Index search trend for
the keyword “Zibo barbecue” as an external reference [34] to assess whether the simulation
window covers the broad real-world process from low-level warm-up, rapid diffusion, and
peak attention to post-peak decline. It should be emphasized that the Baidu Index does
not enter the DID, DDD, or mechanism-correlation models, and it is not used as real-world
causal validation data. The main evidence in Case 3 comes from the comparison between
the active governance condition and the passive governance counterfactual condition,
as well as from whether governance response, public sentiment, trust, and behavioral
intention form theoretically expected relationships. In this case, Groups A-F constitute
independent runs under the active-governance condition, and Group G is the passive-
governance counterfactual condition. Variables are divided into organizational-response
and public-response categories. Accordingly, Case 3 should be understood as a case of
public-opinion process simulation and mechanism-chain testing, rather than as a direct
reproduction of real social media data or real tourism-consumption outcomes. Table 2
above summarizes the differences among the three cases in social setting, mechanism type,
and validation target.

3.4. Validation Strategy

This study adopts a multi-evidence validation strategy. For generative simulation
methods such as LLM-driven ABM, validation must simultaneously consider data com-
pleteness, behavioral boundaries, counterfactual differences, directional consistency, and
mechanism transmission.

The study uses difference-in-differences (DID) to compare pre-post changes be-
tween treatment and control groups. Its basic form is: DID = (treatment group
post-period—treatment group pre-period)—(control group post-period—control group
pre-period). In Case 1, DID is used to compare differences between NJ and PA before
and after the minimum wage policy shock. In Case 2 and Case 3, DID is used to compare
pre-post differences between treatment conditions and control or counterfactual conditions.

The study also introduces difference-in-difference-in-differences (DDD), which adds a
third comparison dimension to DID and is used to compare differences in DID estimates
across policy conditions or experimental conditions. Its basic form is: DDD = DID_policy
condition—DID_counterfactual condition. In Case 1, DDD is used to compare the NJ-PA
DID difference between the A/B/D policy-shock groups and the C counterfactual group,
in order to determine whether the minimum wage rule shock comes from the researcher-
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specified policy condition rather than from a historical prior automatically generated
by the model.

In addition to DID and DDD, this study uses the multi-evidence validation strategies
shown in Table 3 to avoid judging the reliability and validity of MASS on the basis of a
single indicator. Different cases use different evidence combinations according to their
social mechanisms and data structures: Case 1 focuses on rule-shock identification, Case 2
on information-intervention differentiation and group ordering, and Case 3 on governance
feedback and mechanism-chain consistency.

Table 3. Validation strategies and applicable cases.

Validation Evidence Main Role Applicable Focus

Data completeness and protocol compliance Checks whether outputs are analyzable All three cases
Counterfactual contrast Compares treatment and control groups Case 1, Case 2, Case 3

Placebo and pre-trend tests Rules out false pre-intervention differences Case 1, Case 2
Repeated runs and directional consistency Checks result stability All three cases

Known group ordering Checks whether role differences are reasonable Case 2
Mechanism-chain tests Checks whether variable transmission is consistent Case 3

3.5. Reproducibility Materials and Data Processing

The data analyzed in this study were generated during the continuous development
and protocolized refinement of the MASS platform, and they do not all come from the same
version. To avoid misinterpreting differences in platform version, model setting, or group
purpose as differences in simulation results, this section distinguishes the data source,
runtime condition, model name, and analytical use of each case, as shown in Table 4.

Table 4. Case groups, model versions, and analytical uses.

Case Groups Condition MASS Version Stage LLM Setting Analytical Role

Case 1 A, B, D NJ minimum wage
shock

Agent 4 Science
version GPT-4o Main DID/DDD

policy-shock groups

Case 1 C No NJ minimum
wage shock

Agent 4 Science
version GPT-4o Main DID/DDD

counterfactual group

Case 1 E
NJ–PA benchmark

scenario with
post-harness checks

Harness MASS
version DeepSeek-R1-0528

Supplementary
harness-check run only;

not included in the
main DDD estimates

Case 2 A–F Targeting condition Harness MASS
version DeepSeek-R1-0528 Targeting treatment

runs

Case 2 G–H No-targeting
condition

Harness MASS
version DeepSeek-R1-0528 No-targeting control

runs

Case 3 A–F Active governance
condition

Harness MASS
version DeepSeek-R1-0528 Active-governance

treatment runs

Case 3 G Passive governance
condition

Harness MASS
version DeepSeek-R1-0528 Passive-governance

counterfactual run

It should be noted that the number of runs in the three cases is not fully balanced. The
main goal of this study is not to precisely reproduce a particular real-world case or estimate
an average treatment effect under a strictly balanced experiment, but to test the basic
reliability and validity of MASS as a protocolized LLM-driven ABM platform and research
protocol. The three cases are used to examine whether MASS can generate parseable,
auditable, and comparable agent-round observations across different social processes,
and whether it can form multiple types of validation evidence through counterfactual
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differentiation, directional consistency, known group ordering, and mechanism-chain tests.
The larger number of runs under treatment conditions is mainly used to observe mechanism
unfolding and output stability, while control or counterfactual groups provide baseline
comparisons. Given this data structure, this study confines its results to a multi-evidence
test of MASS reliability and validity rather than a strict average treatment effect estimate.

Groups A-D in Case 1 belong to the same batch of historical benchmark data as the
NJ-PA minimum wage simulation data used in the authors’ earlier MASS methodological
exploration paper presented at the Open Conference of AI Agents for Science 2025 [35].
This study does not present these data as newly generated data. Instead, it incorporates
them as an early-version historical benchmark into a unified cross-case methodological
validation framework and re-conducts data cleaning, DID/DDD calculation, and result
interpretation. Group E in Case 1 and all runs in Cases 2 and 3 come from the subsequent
post-harness stage and are used to further test the functioning of later MASS builds in
structured output, runtime checking, log preservation, and data export.

Groups A-D in Case 1 are the historical benchmark from the initial conference-version
implementation, which used GPT-4o. From Group E in Case 1 onward, all subsequent runs
use DeepSeek-R1-0528 through the same provider. Neither the model nor the provider
changes across these runs.

Subsequent debugging and optimization changes to MASS do not alter its main archi-
tecture. Later versions retain the core workflow of front-end experimental setup, structured
runtime configuration, role configuration, round scheduling, OpenAI-compatible API
calls, structured outputs, harness checks, local numerical checks, log preservation, and
data export.

LLM calls are completed through an OpenAI-compatible API and do not rely on
vendor-side conversational memory. In each round, for each agent, the MASS scheduler
reassembles messages and requests the model once. Agent history enters the next round in
the form of structured summaries or restricted fields; the relevant information-boundary
and hidden-field controls are described in Section 3.2.

Data processing follows the principle of separating the formal analysis table from full
logs. The formal analysis table retains only final successful and parseable agent-round
observations for statistical analysis, while the full log retains prompts, model responses,
failure reasons, harness results, and structured fields for process auditing. If a model call
fails, the output is invalid, required fields are missing, or numerical values are out of range,
the system triggers a retry according to local validation rules or retains the record in the
full log. Records that do not successfully enter the formal analysis table are not manually
rewritten or imputed. The numbers of formal analysis records and supplementary records
for each case are reported in the data-completeness table in Section 4.

Statistical analysis is conducted in Python 3.12 in Google Colab, mainly using pandas,
statsmodels, and openpyxl. The specific tests for each case follow the validation strategy
described in Section 3.4, and all confidence intervals and p values are generated from the
Colab statistical scripts.

Scenario configurations, exported data, statistical scripts, and necessary audit materials
related to reproducibility will be described in the Supplementary Materials or the Data
Availability Statement. Materials involving API keys, account information, platform access
credentials, and security-sensitive runtime identifiers are not publicly released.

4. Results
4.1. Data Completeness and Protocolized-Control Effects

This section analyzes the formally exported datasets from the three cases. Unless
otherwise specified, all statistical results in this section are based on MASS simulation

https://doi.org/10.3390/ai7080279

https://doi.org/10.3390/ai7080279


AI 2026, 7, 279 19 of 30

exports. External real-world data are used only as case references, event-stage anchors, and
validation background. They are not merged with simulation records into the same statisti-
cal model. All statistical tables were generated from exported CSV/XLSX files in Google
Colab. GPT-assisted analysis was used only for exploratory checking, code debugging, and
interpretation support, and was not used as the source of formal statistical results.

This section uses only parseable agent-round observations that enter the formal anal-
ysis table. Failed calls, timeouts, invalid outputs, or missing records are retained in the
full log or audit records. They are not manually repaired or imputed and do not enter the
formal statistical analysis. Table 5 summarizes the formal analysis records, supplementary
records, and analytical uses for the three cases. Group E in Case 1 is used only as a supple-
mentary post-harness verification run and is not included in the main DID/DDD estimates
for Case 1.

Table 5. Data completeness across the three cases.

Case Conditions/Runs Rounds Agents per
Run

Formal Analysis
Records

Supplementary
Records Main Use in Analysis

Case 1 4 main + 1
supplementary 46 20 3680 918

Groups A-D are used for
the main DID/DDD

analysis; Group E is used
only as a supplementary

harness-check run

Case 2 8 18 11/10 1548 0
Groups A-F are targeting

runs; Groups G-H are
no-targeting controls

Case 3 7 12 24 2016 0

Groups A-F are
active-governance runs;

Group G is the
passive-governance

counterfactual

Table 5 shows that all three cases produced parseable formal analysis data, and the
subsequent statistical analyses are based on these exported datasets.

4.2. Case 1: Managerial Decision-Making Under Rule Constraints

Case 1 uses the NJ–PA minimum wage natural experiment as its empirical reference
and examines managerial decision-making under a minimum wage rule shock. Groups
A, B, and D are policy-shock groups. After Round 9, NJ agents are subject to the mini-
mum wage increase, while PA agents remain under the original wage rule. Group C is
the counterfactual group, in which the NJ minimum wage increase is not implemented.
This study defines Rounds 1–8 as the pre-intervention period and Rounds 9–46 as the
post-intervention period, and compares changes between NJ and PA before and after the
intervention. Group E is reported only as a supplementary verification run for the later
protocolized version and is not included in the main DDD estimates in Table 6.

Table 6 shows that the DDD estimate for the A/B/D policy-shock groups relative to
the C counterfactual group is +0.753, p < 0.001, indicating that the minimum wage rule
consistently influences NJ managers’ starting-wage decisions, whereas the same wage-
increase pattern does not automatically appear in Group C when the policy shock is
not implemented. The price variable also shows a significant but weaker pass-through
result, indicating that the wage-rule shock can be partially reflected in price adjustments.
By contrast, the DDD result for target_fte does not reach conventional significance and
therefore should not be interpreted as a stable reproduction of real employment effects.
Accordingly, the main evidence in Case 1 is rule-shock identification rather than precise
prediction of real-world employment effects from the minimum wage.
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Table 6. DID and DDD results for the main analysis groups in Case 1.

Variable A DID B DID D DID
Mean

DID of
A/B/D

C Counter-
factual

DID
DDD A/B/D vs. C 95% CI for DDD p E Supplementary

DID

starting_wage 0.734 0.641 0.638 0.671 −0.079 0.753 [0.649, 0.857] <0.001 −0.078
target_fte 19.679 −10.936 0.695 3.146 −28.979 32.296 [−10.938, 75.530] 0.143 2.572

price_full_meal_after_tax 0.092 −0.009 0.147 0.077 −0.261 0.337 [0.030, 0.644] 0.031 −0.171

Note 1. Groups A, B, and D are policy-shock runs. Group C is the counterfactual run without the NJ minimum
wage shock. Group E is reported only as a supplementary harness-check run and is not included in the main
DDD estimates. Formal analysis records refer to parseable agent-round records. DID/DDD estimates in the table
are calculated using non-missing observations for the corresponding variables.

Overall, Case 1 shows that MASS can identify explicit institutional rule changes and
translate them into structured managerial decision outputs. The wage variable provides the
strongest evidence, the price variable provides auxiliary evidence, and the employment vari-
able indicates that MASS is better suited as a mechanism-rehearsal and pre-experimental
simulation tool than as a precise prediction model for real economic effects.

4.3. Case 2: Group Attitudes Under Differentiated Information Exposure

Case 2 uses the Cambridge Analytica controversy and the 2016 UK Brexit referen-
dum digital campaigning context as empirical references to examine whether a targeting
mechanism can generate distinguishable group-attitude changes under simulation condi-
tions. This case does not claim that Cambridge Analytica, AggregateIQ, or digital targeting
determined the referendum result, nor does it use Cambridge Analytica internal data or
real-world polling microdata for causal estimation [36,37]. Real-world materials are used
mainly to construct the digital campaigning context, define data analytics and targeted-
delivery mechanisms, set the campaign time window, and provide external reference points
for voter-cluster ordering. Table 7 provides a descriptive comparison between the official
referendum result and the MASS post-period means. The DID results in Table 8 are based
on MASS simulation outputs, not on a re-estimation of real referendum survey data.

Table 7. Descriptive comparison between the real referendum result and MASS post-period means in
Case 2.

Comparison Indicator Real Reference Data MASS Targeting
Post-Period Mean

MASS No-Targeting
Control Post-Period Mean

Leave share among decided voters 51.90% 51.90% 51.80%
Remain share among decided voters 48.10% 48.10% 48.20%

Turnout/turnout intention 72.20% 70.30% 69.30%
Undecided share Not applicable 21.80% 26.80%

Note 2. Real reference data are from the official 2016 UK referendum results published by the UK Electoral
Commission [38,39]. Leave received 17,410,742 votes, Remain received 16,141,241 votes, and the official turnout
was 72.2%. The real Leave/Remain shares are calculated among valid votes as Leave/(Leave + Remain) and
Remain/(Leave + Remain). MASS targeting and no-targeting control post-period means are based on the exported
Case 2 simulation data. In MASS, the Leave/Remain proportions are re-normalized among decided attitudes
as leave_support/(leave_support + remain_support) and remain_support/(leave_support + remain_support).
turnout_intent is a simulated voting-intention variable and is not equivalent to real turnout. undecided_share has
no corresponding ballot category in the final referendum result. This table is used only for descriptive external
alignment and not as evidence of real-world causal estimation or true vote prediction.

Groups A–F are targeting conditions that include data analytics and targeted-
communication agents. Groups G and H are no-targeting control conditions used to
compare attitude evolution without a precision delivery mechanism. This study defines
Round 10 as the beginning of the post-period after the strengthening of targeting and
compares Rounds 1–9 with Rounds 10–18.
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Table 8. DID results for targeting and no-targeting conditions in Case 2.

Variable Targeting Pre Targeting Post Control Pre Control Post DID 95% CI p

leave_support 0.371 0.404 0.368 0.379 0.022 [−0.005, 0.049] 0.105
remain_support 0.339 0.374 0.317 0.353 −0.001 [−0.034, 0.033] 0.967
undecided_share 0.286 0.218 0.292 0.268 −0.044 [−0.082, −0.005] 0.028

turnout_intent 0.676 0.703 0.667 0.693 0.001 [−0.035, 0.037] 0.944
trust_in_experts 0.496 0.496 0.487 0.505 −0.017 [−0.053, 0.019] 0.352

issue_salience_immigration 0.574 0.6 0.585 0.598 0.014 [−0.048, 0.075] 0.664
issue_salience_economy 0.627 0.661 0.593 0.659 −0.032 [−0.086, 0.023] 0.253

Table 7 shows that the Leave/Remain proportions in the MASS post-period means are
descriptively close to the official referendum result. This comparison is only an auxiliary
reference. It does not show that MASS predicted the real referendum result, nor does
it provide causal evidence that Cambridge Analytica, AggregateIQ, or digital targeting
affected the real referendum result. The main methodological evidence in Case 2 still comes
from the comparison between targeting and no-targeting conditions.

In Case 2, the most stable condition difference is the decline in undecided_share under
the targeting condition. Table 8 shows that the DID estimate for undecided_share is −0.044,
p = 0.028, indicating that, compared with the no-targeting control, the targeting mechanism
more clearly reduces the undecided-group share. The direction of change in leave_support
is consistent with expectations, but it does not reach conventional significance. Variables
such as remain_support, turnout_intent, trust_in_experts, and issue_salience also do not
form stable significant differences. Therefore, the validation evidence for Case 2 should
not be described as targeting significantly increasing Leave support. It should instead be
understood as “a decline in undecided share plus stable group ordering.”

Known group ordering further supports the behavioral validity of Case 2. Leave-
leaning or swing voter groups consistently show higher leave_support than young urban
Remain voters, indicating that MASS does not merely generate aggregate average changes
but also preserves the group differences expected from the role settings. Together with the
significant decline in undecided_share, this result constitutes the main validation evidence
for Case 2.

Accordingly, Case 2 shows that MASS can generate distinguishable group-attitude
evolution between conditions with and without a digital targeting mechanism. The
main evidence in this case comes from the significant decline in undecided_share and
the stability of voter-group ordering, rather than from a significant change in any single
support-rate variable.

4.4. Case 3: Collective Behavior Under Platform Attention and Governance Feedback

Case 3 uses the public diffusion process of Zibo barbecue on Chinese social media
platforms in 2023 as a real-world reference and focuses on whether MASS can simulate
the development of platform public opinion under multi-agent interaction. This case does
not use real Weibo posts, platform recommendation logs, real individual tourist data, or
consumption microdata for model training or causal estimation, and it does not claim to
reproduce the real social media network structure. Real-world materials are used mainly to
construct the event background, divide attention stages, and set the simulation window.
Relevant real-world background can be found in Fang [40], Jiang et al. [41], and Zhang
et al. [42]. The Baidu Index search trend for the keyword “Zibo barbecue” [34] is used as
an external attention-stage anchor, with the query set to nationwide, PC+mobile, from 1
March to 24 May 2023. The index is used only to show that the simulation rounds cover
the main attention cycle of the real event, from low-level warm-up and rapid diffusion to
the peak around the May Day holiday and subsequent post-peak decline. It is not directly
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numerically fitted to MASS governance variables, sentiment variables, or behavioral-
intention variables, and it does not enter the DID, DDD, or mechanism-correlation models.

Groups A-F are independent runs under the active governance condition, and Group
G is the passive governance counterfactual condition. Case 3 uses more active-governance
runs because, compared with the first two cases, its real platform data are harder to obtain
in full, the public-opinion process is more open-ended, the influencing factors are more
complex, and the simulation granularity is coarser. Groups A-E were first used to examine
whether MASS could produce stable directions in the main mechanism variables and a stage
pattern broadly aligned with the Baidu Index attention stages in Table 9. Group F was then
added as an additional stability-check run; after its inclusion, the later-period cumulative
means and directional relationships of the main mechanism variables did not change
substantively. Group G was subsequently used as the passive-governance counterfactual
reference. In combination with the external stage alignment in Table 9, Rounds 1–3 are
treated as the low-level warm-up and early diffusion stage, while Rounds 4–12 are treated
as the later stage from diffusion initiation to governance response and continued diffusion.
The analysis focuses on organizational-response variables, public-sentiment variables,
visit-intention variables, and directional relationships among them.

Table 9. Correspondence between MASS rounds and Baidu Index attention stages in Case 3.

MASS Rounds Approximate Dates Baidu Index Attention Stage Use in This Study

R1–R3 1 March–21 March 2023 Low baseline and early attention Initial diffusion stage
R4–R6 22 March–11 April 2023 Pre-surge transition Transition before large-scale diffusion

R7–R8 12 April–25 April 2023 Rapid rise and high attention Diffusion acceleration and
service-pressure buildup

R9–R10 26 April–9 May 2023 Peak and immediate post-peak decline Peak attention and
governance-response pressure

R11–R12 10 May–24 May 2023 Post-peak decline and long-tail attention Continued response and stabilization

Note 3. Baidu Index provides an external reference for search-attention trends and helps confirm that the
simulation window for Case 3 is broadly aligned with the real-world attention cycle. It does not enter the DID,
DDD, or mechanism-correlation models and is not used as real-world causal-test data.

The DID results for Case 3 are shown in Table 10. Overall, compared with the pas-
sive governance condition, the active governance condition produces clearer directional
differences in organizational response, public sentiment, behavioral intention, and trust
in governance. Active governance increases resource_level, channel_effectiveness, posi-
tive_sentiment, visit_intent, recommend_intent, and trust_in_official_response, and de-
creases compliance_risk and negative_sentiment. The direction for message_coherence is
positive but does not reach conventional significance; therefore, it is not treated as strong
evidence in this case. Accordingly, the main result of Case 3 is not a change in any single
variable, but an overall consistent direction of change among organizational response,
public sentiment, and behavioral intention under the active governance condition.

Table 11 further shows that some variables in Case 3 form correlations consistent
with theoretical expectations. Specifically, compliance_risk is significantly positively cor-
related with negative_sentiment, and positive_sentiment also shows a significant or near-
significant positive relationship with visit_intent. The directions for resource_level with
trust_in_official_response and channel_effectiveness with positive_sentiment are positive,
but they do not reach conventional significance. These results indicate mechanism-chain
consistency within the simulation process and should not be interpreted as causal estimates
of real public-opinion diffusion or tourism-consumption outcomes.
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Table 10. DID results for active governance and passive governance conditions in Case 3.

Variable Active
Early

Active
Later

Passive
Early

Passive
Later DID 95% CI p Round 12

Difference

message_coherence 0.615 0.740 0.599 0.699 0.025 [−0.014, 0.065] 0.208 0.043
resource_level 0.567 0.569 0.548 0.506 0.044 [0.017, 0.071] 0.001 0.089

channel_effectiveness 0.612 0.760 0.594 0.671 0.071 [0.038, 0.104] <0.001 0.110
compliance_risk 0.275 0.288 0.297 0.351 −0.041 [−0.072, −0.011] 0.008 −0.065

positive_sentiment 0.446 0.465 0.433 0.336 0.115 [0.033, 0.198] 0.006 0.182
negative_sentiment 0.258 0.341 0.273 0.456 −0.100 [−0.159, −0.042] 0.001 −0.174

visit_intent 0.498 0.488 0.507 0.371 0.127 [0.091, 0.164] <0.001 0.170
recommend_intent 0.487 0.487 0.483 0.355 0.127 [0.088, 0.167] <0.001 0.188

trust_in_official_response 0.462 0.507 0.449 0.328 0.166 [0.113, 0.219] <0.001 0.262

Table 11. Mechanism-chain correlations in Case 3 active-governance runs.

Mechanism Pair n Rounds Pearson r p Spearman rho p

compliance_risk → negative_sentiment 12 0.766 0.004 0.762 0.004
positive_sentiment → visit_intent 12 0.669 0.017 0.559 0.059

resource_level → trust_in_official_response 12 0.483 0.112 0.573 0.051
channel_effectiveness → positive_sentiment 12 0.415 0.179 0.455 0.138

Note 4. Correlations are based on round-level aggregate data from active governance runs. These results are used
to interpret mechanism consistency in the simulation process and are not real-world causal estimates.

Overall, Case 3 shows that MASS can generate public-opinion process records of round-
by-round interaction among multiple types of agents in a public-information environment.
Under the active governance condition, organizational response, public sentiment, trust
in governance, and behavioral intention form a relatively clear directional chain. This
indicates that MASS can use the public board and structured outputs to capture processual
outcomes generated through multi-agent interaction. This result should still be limited to
evidence for public-opinion process simulation and mechanism-chain testing, rather than a
direct reproduction of real social media data.

4.5. Cross-Case Validation Summary

The three cases provide different types of evidence for MASS reliability and valid-
ity. Case 1 mainly supports rule-shock identification: the minimum wage rule can enter
managers’ starting-wage decisions, while the counterfactual group without the policy
shock does not automatically generate the same change pattern. Case 2 mainly supports
information-intervention differentiation: the targeting condition significantly reduces un-
decided_share and preserves voter-group ordering. Case 3 mainly supports multi-agent
process simulation: active governance and passive governance form distinguishable di-
rectional differences in organizational response, public sentiment, trust in governance,
and behavioral intention. Overall, the three cases show that protocolized LLM-driven
ABM can generate auditable, comparable, and empirically assessable simulation outputs
in policy-shock, information-intervention, and public-opinion scenarios. However, this
evidence remains pre-experimental simulation evidence and should not be interpreted as
precise prediction of real-world outcomes or an estimation of real causal effects.

5. Discussion
5.1. LLM-Driven ABM as a Quantitative Research Method

The first methodological contribution of this study is to organize LLM-driven ABM
as a social simulation method that can facilitate quantitative analysis. Naive LLM-agent
simulation usually produces natural-language narratives. Although such narratives can
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present role actions and situational judgments, they are difficult to use directly for statistical
comparison, process auditing, and reliability-and-validity assessment. The basic idea of
MASS is to transform each agent’s response in each round into an agent-round observation
so that simulation outputs simultaneously contain role, time, condition, action, public
information, state variable, and validation information.

The foundation of this method is to embed the language-generation capacity of LLMs
into the experimental structure of ABM. An LLM is not treated as a substitute for a real
individual or real sample, but as a behavior generator constrained by role, information
boundaries, background rules, and output schema. Through role settings, round schedul-
ing, rule control, and structured outputs, researchers fix model-generated actions as record-
able, comparable, and reviewable observation units. As a result, LLM-agent outputs are
no longer merely text; they can enter DID, DDD, pre-post comparisons, group ordering,
correlation analysis, and mechanism-chain tests.

The three cases demonstrate different forms of this quantitative transformation. Case 1
uses agent-round observations to test changes in managerial decision-making under a rule
shock. Case 2 compares group-attitude differences between targeting and no-targeting
conditions. Case 3 compares organizational response and public response under active
governance and passive governance conditions. These analyses show that the method-
ological value of MASS does not lie in directly equating LLM outputs with real human
behavior, but in transforming a constrained behavioral generation process into auditable,
reproducible, and empirically assessable simulation data. Thus, MASS is better suited
as a tool for mechanism rehearsal, counterfactual comparison, risk identification, and
research-design preparation than as a substitute for real experiments, natural experiments,
surveys, interviews, or platform-data analysis.

5.2. Methodological Contribution: From Narrative Role-Playing to Protocolized Evidence

The second methodological contribution of this study is to transform common failure
modes in naive LLM-agent simulation into executable research-control procedures. Naive
simulation is prone to temporal-order errors, role-identity deviation, data contamination,
rule-or-condition errors, outputs without structured fields, invalid numerical values, and
reproduction difficulties. The significance of MASS does not lie in simply increasing the
number of agents or expanding the complexity of fixed scenarios, but in translating these
risks into control items in the research design and constraining them through the scheduling,
role, information, rule, output, check, and log mechanisms described in Section 3.2.

This point also distinguishes MASS from existing AI social simulation platforms. Ex-
isting platforms have demonstrated the capabilities of LLM agents in small-scale social
interaction, medical workflows, social media diffusion, and large-scale social-life simula-
tion. This study does not focus on a specific platform scenario itself, but on a transferable
research protocol: how researchers can set roles, rules, information boundaries, experimen-
tal conditions, counterfactual conditions, and validation indicators around specific research
questions, and how they can transform LLM-agent outputs into auditable, reproducible,
and empirically assessable data.

Therefore, the validity of MASS does not automatically come from the LLM itself; it
depends on how researchers design and disclose the simulation protocol. Role settings af-
fect behavioral boundaries, information boundaries affect contamination risk, background
rules affect variable control, output schemas affect statistical analysis, and logs and re-
producibility materials affect third-party review. Only when these elements are clearly
recorded and incorporated into the research design can LLM-driven ABM move from
narrative role-playing to a methodologically meaningful tool for social simulation research.
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5.3. Cross-Case Evidence and Boundary Conditions

The three cases jointly address RQ3, but they provide different types of reliability-and-
validity evidence. The strength of Case 1 lies in rule-shock identification, showing that
explicit institutional rules can enter agents’ structured decision outputs; its boundary is
that the employment variable is unstable and cannot be interpreted as a reproduction of
real employment effects. The strength of Case 2 lies in information-intervention differen-
tiation, showing that the targeting condition can reduce undecided_share and preserve
group ordering; its boundary is that leave_support and most issue-salience variables do not
form stable significant results and cannot be interpreted as evidence that digital targeting
changed the real referendum result. The strength of Case 3 lies in multi-agent process
simulation, showing that MASS can generate directional relationships among governance
response, public sentiment, trust, and behavioral intention in a public-information envi-
ronment; its boundary is that the Baidu Index is only a public attention reference, and
correlation analysis cannot replace causal validation with real platform data.

Accordingly, the three cases provide a “limited but complementary” multi-evidence
test of reliability and validity. Case 1 examines whether rules can stably enter decision-
making, Case 2 examines whether information conditions can distinguish group-attitude
changes, and Case 3 examines whether multi-agent interaction can form an interpretable
process chain. Together, the three cases show that protocolized LLM-driven ABM can
generate auditable, comparable, and empirically assessable simulation outputs under
different social mechanisms. However, these outputs should still be understood as pre-
experimental simulation evidence and should not be interpreted as estimates of real-world
causal effects or predictions of real-world outcomes.

5.4. Limitations, Ethical Boundaries, and Future Research

This study still has several limitations. First, LLM-driven ABM is highly sensitive to
prompts, role settings, model versions, and parameter settings. The granularity of role
cards, the way information is presented, the completeness and executability of background
rules, output schemas, temperature settings, and model-provider environments may all
affect simulation trajectories. This study uses prompt manifests, replication manifests,
local information boundaries, harness checks, and local checks to reduce these risks, but
it cannot claim to have fully eliminated prompt sensitivity or model-version dependence.
Future research should systematically conduct prompt robustness tests, sensitivity analyses,
cross-model replication, and cross-vendor comparisons to examine the stability of results
across different prompts, models, and runtime environments.

Second, the number of independent runs in this study remains limited. The main
analysis of Case 1 relies on the historical benchmark data from the four early Groups
A-D. Although Case 2 and Case 3 already form comparisons between treatment and
counterfactual conditions, the estimation precision for weaker or more volatile variables
such as leave_support, issue_salience, employment, and message_coherence may still
be affected by the number of independent replications, the number of agents, model-
output variance, and the structure of condition groups. This study does not interpret
non-significant results as “simulation failure,” nor does it simply attribute them to an
insufficient number of runs. A more cautious interpretation is that the current results
already support several directional and mechanism-based judgments, but the stability
of weak-effect variables still requires more independent runs for further testing. Future
research can increase independent replications and conduct bootstrap analysis, multi-run
aggregation, cross-model replication, and sensitivity analysis to further assess whether
these variables have stable directions and reviewable effect ranges.
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Third, model outputs require continuous calibration. MASS is not a model that
naturally approaches reality after a single setup. The fluctuation of the employment
variable in Case 1, the lack of significance for most attitude variables in Case 2, and the
simplified platform mechanism and public-information diffusion rules in Case 3 all show
that external data, expert judgment, preliminary trial runs, and error analysis remain
important components of model calibration. Future research should further introduce
more fine-grained real-world data, platform data, interview materials, expert coding,
and event-timeline materials to calibrate agent profiles, information-exposure conditions,
state-variable ranges, and mechanism-chain assumptions, thereby improving the external
validity and structural validity of the model.

Fourth, the risks of training-corpus priors and case contamination remain difficult
to eliminate completely. The NJ-PA minimum wage case, Brexit, and Zibo barbecue may
all exist in model training corpora or public knowledge. This study reduces this risk
through local information boundaries, case blinding, counterfactual groups, hidden-field
restrictions, final-outcome shielding, and contamination checks, but it cannot claim to fully
eliminate model priors. Especially for classic cases, an LLM may already have learned
relevant public narratives. Future research can use synthetic cases, background rewriting,
case blinding, event renaming, cross-model replication, and counterfactual perturbation to
further test whether simulation results depend on existing case memory rather than being
generated under role, rule, and local-information constraints.

Fifth, the evidence type of MASS should still be limited to pre-experimental simulation
evidence. The DID, DDD, group ordering, and mechanism-chain tests in this study are all
based on synthetic agent-round observations generated by MASS, rather than on direct
causal estimation using real-population data. The results of Case 1 cannot be interpreted as
a precise reproduction of real employment effects, the results of Case 2 cannot be interpreted
as the causal impact of Cambridge Analytica or AggregateIQ on the real referendum result,
and the results of Case 3 cannot be interpreted as numerical fitting to the Baidu Index
or real tourism-consumption outcomes. The main value of MASS lies in mechanism
rehearsal, counterfactual comparison, risk identification, and research-design assistance,
rather than in replacing real experiments, natural experiments, surveys, interviews, or
platform-data analysis.

The real platform data for Case 3 are difficult to reproduce fully and publicly. There-
fore, this study uses it only as a public-opinion process simulation case with a pub-
licly available event reference. Its results are mainly used to test the counterfactual
difference between active governance and passive governance, and the directional re-
lationships among organizational response, public sentiment, trust, and behavioral inten-
tion. They cannot be interpreted as causal estimates of real platform-diffusion effects or
tourism-consumption outcomes.

Finally, the use of MASS requires clear ethical boundaries. This study positions
MASS as a pre-experimental simulation method rather than a real-world predictor or
automated decision system. Simulation outputs should not be directly used for real policy
adjudication, voter manipulation, individual profiling, commercial discrimination, public-
opinion manipulation, or unvalidated population interventions. Especially in political
communication, public governance, and platform public-opinion scenarios, researchers
need to disclose model versions, prompt designs, data sources, validation strategies, and
limitations, and avoid packaging simulation results as real-world causal conclusions. The
responsible use of MASS is to treat it as a tool for mechanism exploration, risk anticipation,
and research-design preparation, and to interpret its results together with real-world
evidence, expert review, and public deliberation.
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6. Conclusions
This study proposes and evaluates Multi-Agent Social Simulation as an operational

form of protocolized LLM-driven ABM. Through role settings, round-based scheduling,
information boundaries, background-rule control, structured outputs, harness checks,
reason-action logs, and replication manifests, MASS transforms the open-ended gen-
erative capacity of LLM agents into recordable, auditable, and statistically analyzable
agent-round observations.

With respect to RQ1, this study argues that LLM-driven ABM can serve as a pre-
experimental social-behavioral simulation method in behavioral science. However, its
methodological position should be mechanism rehearsal, counterfactual comparison, risk
identification, and research-design assistance, rather than a replacement for real-world
experiments or causal identification. With respect to RQ2, this study shows that naive
LLM-agent simulation is prone to temporal-order errors, role-identity deviation, data
contamination, rule-or-condition errors, outputs without analyzable fields, invalid nu-
merical values, and replication difficulties. These problems require protocolized control
through role cards, information boundaries, background rules, experimental conditions,
output schemas, harness checks, local checks, and replication manifests. With respect
to RQ3, the three cases provide preliminary cross-scenario evidence: Case 1 supports
rule-shock identification, Case 2 supports information-intervention differentiation, and
Case 3 supports public-opinion evolution simulation under multi-agent interaction in a
public-information environment.

Overall, the value of MASS does not lie in claiming that it can precisely predict real-
world outcomes. Rather, it lies in embedding the contextual generative capacity of LLM
agents into a controllable, reviewable, and statistically analyzable ABM structure. The
three cases show that protocolized LLM-driven ABM can generate empirically assessable
simulation outputs in policy-shock, information-intervention, and public-opinion scenar-
ios. Future research should continue to strengthen prompt robustness, independent-run
replication, external-data calibration, cross-model comparison, case blinding, and open
reproducibility so that LLM-driven ABM can move from an exploratory tool toward a more
mature research method for the social and behavioral sciences.

Supplementary Materials: The following supporting information can be downloaded at https://
www.mdpi.com/article/10.3390/ai7080279/s1. The Supplementary Materials include the versioned
scenario configuration files for the three simulation cases, the prompt manifest, the replication
manifest, exported CSV/XLSX datasets, Python 3.12 statistical analysis scripts, non-sensitive audit
summaries, and Supplementary Figure S1. Supplementary Figure S1 documents the Baidu Index
search trend for the keyword “Zibo barbecue” under nationwide, PC+mobile, 1 March–24 May 2023
conditions. This figure is used only to document the external search-attention trend and event-stage
alignment for Case 3 and is not included in DID, DDD, or mechanism-correlation analyses. Materials
involving API keys, account information, platform access credentials, non-public runtime identifiers,
or information that may expose security-sensitive runtime environments are not publicly released.

Author Contributions: X.H.: conceptualization, methodology development, research design, MASS
system requirement design and functional planning, scenario configuration and case design, data
curation, formal analysis, result interpretation, writing—original draft preparation, writing—review
and editing, and visualization. Y.S.: research supervision, research framework review, manuscript
review, revision suggestions, and academic oversight. All authors have read and agreed to the
published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable. This study did not involve real human-
subject experiments, human biological materials, animal experiments, or direct interventions on

https://doi.org/10.3390/ai7080279

https://www.mdpi.com/article/10.3390/ai7080279/s1
https://www.mdpi.com/article/10.3390/ai7080279/s1
https://doi.org/10.3390/ai7080279


AI 2026, 7, 279 28 of 30

real-world populations. The real-world reference materials used in this study were mainly derived
from published literature, official reports, public platform indices, or publicly available aggregated
data. The formal statistical analyses were based on synthetic simulation outputs generated by the
MASS system.

Informed Consent Statement: Not applicable. This study did not involve real human participants and
did not collect individual-level survey, interview, experimental, or personally identifiable information.
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available as Supplementary Materials or through an external public repository upon publication,
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by an early version of MASS and were previously used in the authors’ earlier conference paper;
their version provenance and reuse relationship will be identified in the replication manifest and
Supplementary Materials. Some runtime logs are not publicly released because they may contain API
configuration details, account-related information, platform access credentials, non-public runtime
identifiers, or other sensitive operational information. For peer review or replication purposes,
restricted materials may be made available from the corresponding author upon reasonable request
after API keys, account credentials, and security-sensitive information have been removed.
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