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Abstract

Unsafe behaviors by construction personnel are the primary cause of construction acci-
dents. How to rationally allocate management resources within limited constraints is a
core challenge in construction safety management. This study develops and validates a
workflow framework integrating Large Language Models (LLMs) and Agent-Based Mod-
eling (ABM), termed LLM-ABM, aimed at achieving intelligent focusing of management
strategies and automated interpretation of simulation results. First, an ABM model was
constructed in the context of petroleum engineering to analyze the association between dif-
ferent management resource allocations and the evolutionary outcomes of unsafe behaviors
under this specific engineering scenario. Second, a complete response surface comprising
231 combinations with a step size of 0.05 was constructed as an evaluation benchmark. On
this basis, a manually designed search framework-guided two-round iterative search flow
of the LLM-ABM was developed, and ten rounds of independent comparative experiments
were conducted against random search to evaluate its strategy-focusing capability. Subse-
quently, the simulation results were fed into the LLM, and three experts were invited to
evaluate the quality of the generated reports from the perspectives of data fidelity, logical
coherence, and recommendation actionability. The comparison of the four typical strategies
showed that, under the current model settings, active management was associated with a
lower mean unsafe personnel ratio (J = 8.05%) and a lower peak unsafe personnel ratio
(Ppax = 10.43%), while the balanced strategy was associated with maintaining late-stage
average safe personnel ratio (5. = 60.63%). In terms of strategy focusing, under the
current discrete grid with a step size of 0.05 and fixed ABM model settings, the Top-10% hit
rate of LLM-ABM reached 20.00%, numerically higher than the 9.50% of random search.
Moreover, the final selected strategies exhibit better global rankings on the discrete grid
with lower variance. Although this difference did not reach statistical significance due to the
limited number of trials, the large effect size preliminarily suggests that LLM-ABM has the
potential to focus search resources on high-quality strategy regions. Regarding report gen-
eration, expert evaluations yielded scores of 0.95 for data fidelity, 0.87 for logical coherence,
and 0.85 for recommendation actionability. This study preliminarily demonstrates that the
LLM-ABM workflow possesses the potential to focus search on high-quality strategy regions
under a limited budget, as well as the feasibility of transforming structured simulation data
into traceable management recommendations, providing a complete technical pathway of
“generation—evaluation—feedback—interpretation” for construction safety management in
petroleum engineering.
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1. Introduction

Due to the complexity, high risk, and uncertainty of their work environments, large-
scale engineering projects have become high-incidence areas for industrial safety acci-
dents [1,2]. Extensive accident investigations indicate that the unsafe behavior of construc-
tion personnel is the most direct and critical cause of accidents [3]. To effectively curb unsafe
behavior, managers typically adopt different resource allocation strategies for managing
such behavior. In theory, a rational combination of these strategies can achieve synergistic
suppression of unsafe behaviors [4]. However, in practice, resources are always limited.
How to identify the optimal combination of management strategies under given resource
constraints to maximize safety performance remains a core challenge to be addressed in the
field of construction safety management.

In recent years, Agent-Based Modeling (ABM) has been widely applied to simulate
the dynamic evolution of construction personnel behavior [5-7]. ABM can capture individ-
ual heterogeneity, social interactions, and environmental feedback, providing a powerful
computational experimental tool for evaluating the effectiveness of different management
strategies. However, existing research still has three significant shortcomings. First, the
coverage of the strategy space is incomplete. In most studies, management scenarios are
predetermined based on expert experience and are limited in number, failing to systemati-
cally explore the entire strategy parameter space. Consequently, researchers find it difficult
to grasp the global structure of strategy effectiveness and are prone to judgments that fall
into local optima [8]. Second, result interpretation relies heavily on manual effort. The
massive volume of data output from simulations is typically analyzed statistically and sum-
marized qualitatively by humans. This process is not only inefficient but also susceptible
to subjective bias, making it difficult to achieve large-scale, automated, and reproducible
strategy evaluation [9]. Third, there is a lack of systematic evaluation of the strategy search
process. Existing research mostly focuses on “whether a particular strategy is effective”,
while overlooking the more practically valuable question of “how to efficiently find a good
strategy within a limited budget” [10].

Large Language Models (LLMs), with their powerful natural language understanding
and generation capabilities, have demonstrated great potential in knowledge reasoning,
solution design, and other domains [11,12]. Theoretically, an LLM can serve as a “strategy
generator”, iteratively proposing new candidate strategies based on historical feedback.
However, the output of an LLM is essentially semantic inference, lacking precise numerical
validation of complex system behaviors [13]. In contrast, while ABM can provide reli-
able quantitative evaluation, it lacks an automated mechanism for strategy generation and
result interpretation. Therefore, combining the semantic generation capability of LLMs
with the numerical evaluation capability of ABM to construct a workflow framework of
“generation-evaluation—feedback” holds significant theoretical value and practical promise.
Nevertheless, existing research has yet to establish a verifiable closed-loop workflow, with
two key gaps remaining. First, there is a lack of empirical studies that quantitatively eval-
uate the strategy-focusing capability of the LLM. Second, there is insufficient assessment
of whether an LLM can generate explanatory reports based on structured simulation re-
sults. To address these challenges, this study aims to answer the following three core
research questions:
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RQ1: Under a fixed risk environment, what dynamic evolution of unsafe behavior
among construction personnel corresponds to different management resource allocations?

RQ2: Can the LLM-ABM workflow, synergistically constituted by human-designed
search rules and LLM semantic reasoning, focus search on high-quality strategy regions
through iterative feedback?

RQ3: Can the LLM generate numerically accurate and traceable explanatory reports
and management recommendations based on structured simulation results?

The main contributions of this study are as follows:

(1) Theoretical contribution: This study proposes a dual role for LLMs within a work-
flow framework—serving as a “candidate strategy generator” for strategy focusing and as
a “simulation result interpreter” for generating explainable reports. The former reveals
the internal mechanism by which, under the guidance of a human-designed search frame-
work, the LLM achieves strategy focusing through semantic understanding and simulation
feedback, distinguishing it from traditional numerical optimization methods. The latter
validates the feasibility of an LLM transforming structured simulation data into traceable
management recommendations. The contribution of this study lies not in “optimization
efficiency surpassing numerical methods,” but in the fact that “the LLM can achieve strategy
focusing through semantic understanding and simulation feedback alone, under conditions
of zero training and zero hyperparameter tuning”—a fundamentally different paradigm
from numerical methods that require extensive parameter tuning or training.

(2) Methodological contribution: This study constructs a workflow framework integrat-
ing LLMs and ABM (LLM-ABM), realizing a workflow ranging from strategy generation
to report generation, and establishes a dual-dimensional evaluation system encompassing
focusing process indicators and explanation quality indicators.

(3) Practical contribution: This study provides a deployable decision support tool for
engineering safety management. It validates the effectiveness of the proposed framework
in rapidly focusing on high-quality strategy regions under limited computational budgets
and automatically generating traceable simulation explanation reports, offering a complete
technical pathway of “generation—-evaluation-feedback—interpretation” for construction
safety management in the field of petroleum engineering.

It should be made clear that the research objective of this study is not to propose a more
efficient numerical optimization algorithm than genetic algorithms (GAs) and Bayesian op-
timization (BO), but rather to explore a lightweight search paradigm centered on semantic
understanding. The core hypothesis of this paradigm is that, under conditions of limited
budget, zero training, and zero tuning, the LLM can leverage its semantic understanding of
domain problems and its natural language parsing of simulation feedback to achieve direc-
tional and interpretable strategy search. This paradigm fundamentally differs from classical
numerical optimization methods in philosophy—the former relies on semantic reasoning,
while the latter depends on mathematical optimization; the former pursues interpretability
and human-machine collaboration, while the latter pursues convergence speed and pre-
cision. Each paradigm has its own applicable scenarios, rather than a simple substitution
relationship. This study adopts random search as the baseline precisely to examine, under
the cleanest conditions, the core proposition of “whether semantic understanding can bring
incremental value beyond uninformed search.”

2. Literature Review
2.1. Construction Risks and Unsafe Behavior

Construction activities typically take place in open, dynamic, and highly coupled
working environments, where factors such as geological conditions, climate change, and
personnel turnover collectively amplify the uncertainty of safety management [14,15].
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Existing research generally agrees that unsafe behavior of construction personnel is a
significant direct cause of construction accidents. However, its formation is not determined
by a single factor but results from the interplay of organizational systems, safety training,
equipment and environmental conditions, and individual cognition [16-18]. These studies
indicate that construction safety behavior exhibits significant agent heterogeneity and
contextual dependence, making it difficult for any single management measure to stably
explain or control unsafe behavior.

From the perspective of management mechanisms, construction safety measures can
be categorized into different types. Based on the point at which safety measures intervene
in the behavioral chain, current safety management measures are mainly classified into
three categories, namely passive, preventive, and active. For example, passive measures
primarily rely on supervision and inspection, penalty for violations, and post-accident
correction, which can constrain explicit violations in the short term, but their effectiveness
often depends on enforcement intensity and inspection frequency. Preventive measures
mainly include safety training, equipment maintenance, work permits, risk pre-control,
and digital monitoring, functioning to reduce the probability of unsafe behavior by improv-
ing knowledge, skills, equipment, and site conditions [19,20]. Active measures enhance
workers’ self-discipline and safety participation awareness through safety culture, incentive
mechanisms, leadership, and peer communication [21,22]. These three types of measures
differ significantly in their mechanisms of action, timeliness, and resource consumption.
Passive measures take effect quickly but address symptoms rather than root causes; pre-
ventive measures require long-term investment but can fundamentally reduce risks; active
measures produce lasting effects by changing the organizational culture. How to achieve
a rational allocation of these three types of measures under limited resource constraints
remains a core challenge to be addressed in the field of construction safety management.

2.2. Application of ABM in Construction Safety Research

ABM provides a suitable computational experimental tool for analyzing unsafe be-
havior of construction personnel. ABM starts from micro-level individual behaviors by
representing workers, managers, site conditions, and interaction rules as heterogeneous
agents and their behavioral mechanisms, thereby simulating how individual decision-
making, social interactions, and environmental feedback collectively generate macro-level
safety performance. In recent years, ABM has been employed to analyze the impact of
construction safety management behaviors, on-site risk environments, and intervention
strategies on worker safety behavior [23-25]. However, existing ABM studies still face the
challenge of insufficient exploration of the strategy space. Most ABM studies on construc-
tion safety typically predetermine a small number of management scenarios based on expert
experience and then compare the simulation results of these scenarios. While this approach
helps to elucidate the mechanisms of typical strategies, it makes it difficult to grasp the
global structure of the complete strategy space. When there are many strategy variables,
the number of parameter combinations expands rapidly as the number of dimensions
increases, making exhaustive enumeration prohibitively costly. Therefore, how to identify
key parameter combinations and locate high-performance strategy regions within a limited
simulation budget has become an important issue in ABM research [26].

Beyond strategy search, the interpretation and validation of ABM results also pose
key challenges in construction safety applications [27]. The output of ABM typically
consists of numerical sequences and evolution diagrams. Although these outputs offer the
advantages of reproducibility and quantifiability, their managerial implications often still
require manual summarization. Furthermore, the heterogeneity of agents and the complex
parameter structure further increase the difficulty of model interpretation [28-30].
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2.3. Application of LLMs in Engineering Management

LLMs have demonstrated strong capabilities in natural language understanding, text
generation, knowledge extraction, and decision support, providing new tools for processing
unstructured data in engineering management [31-33]. In the Architecture, Engineering
and Construction (AEC) domain, LLMs have been applied to tasks such as construction
text classification, specification question answering, risk identification, and accident report
analysis [34-37]. These studies indicate that the strengths of LLMs lie primarily in semantic
understanding, knowledge organization, and human—computer interaction, rather than
directly replacing numerical modeling of complex engineering systems. At the application
level, LLMs have begun to enter construction safety and risk management tasks. For
example, relevant studies have employed GPT or lightweight LLMs for construction safety
training, accident report classification, and personalized safety knowledge dissemination,
demonstrating that LLMSs can assist engineering managers in processing unstructured
text, generating management recommendations, and improving information acquisition
efficiency [38-41].

Despite the outstanding performance of LLMs in text processing, their deep integra-
tion with simulation models remains in its infancy [42,43]. Existing work can be broadly
divided into two categories. One category primarily uses LLMs to generate text reports
but fails to form a linkage with the operation, feedback, and optimization processes of
numerical simulations, resulting in insufficient quantitative verification of strategy effec-
tiveness [44]. The other category attempts to embed LLMs into the simulation workflow,
or even use them to replace certain modeling or decision-making components. However,
such approaches still face issues including physical consistency, numerical reliability, repro-
ducibility, and insufficient validation standards [45]. At present, relevant research has not
yet established a complete and verifiable closed loop encompassing LLM-based strategy gen-
eration, simulation evaluation, result feedback, and iterative optimization, and few studies
have incorporated ABM simulation to conduct the aforementioned examination [46].

2.4. Research Gaps and This Study’s Positioning

Although existing studies have made certain progress, shortcomings remain in the
following aspects. First, the resource allocation of construction safety management strate-
gies lacks a systematic optimization basis. Previous studies have recognized the differences
in mechanisms and timeliness among passive, preventive, and active measures, but most
remain at the level of qualitative discussion or validation of individual strategies, without
conducting systematic evaluation and optimization of different resource allocation combi-
nations within a unified simulation framework. Second, ABM faces the dual challenge of
strategy space exploration and result interpretation in construction safety research. On the
one hand, existing studies mostly rely on expert experience to preset a small number of sce-
narios, making it difficult to locate high-performance regions within the complete strategy
space. On the other hand, the managerial implications of ABM outputs still require manual
summarization, lacking an automated and traceable result interpretation mechanism. These
two constraints hinder the transformation of ABM from a research tool to a decision support
tool. Third, the deep integration of LLMs with simulation models remains in its infancy.
Current applications of LLMs in engineering management are primarily focused on text
analysis and knowledge-based question answering, without forming a collaborative closed
loop with numerical simulation, and there is a particular lack of empirical research on
strategy search efficacy and result interpretability.

To address the aforementioned research gaps, this study proposes and validates an
LLM-ABM framework integrating ABM simulation and LLM. This study takes a petroleum
pipeline engineering project in Abu Dhabi as the case background and conducts simulation
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experiments under fixed risk factor weights. Therefore, the conclusions drawn from this
study are applicable to this specific engineering scenario and similar static risk environments.
When extending these findings to other construction scenarios, a comprehensive assessment
incorporating site-specific conditions is necessary. Furthermore, it should be noted that the
purpose of introducing LLM-ABM for strategy search in this study is not to compete with
classical numerical optimization methods such as GAs or Reinforcement Learning (RL)
in terms of optimization efficiency, but rather to explore an intelligent decision-making
paradigm endowed with semantic understanding and generation capabilities. Methods
such as GAs and RL possess advantages in numerical search within parameter spaces,
but they remain essentially black-box optimization approaches, lacking the ability to se-
mantically understand strategies and integrate domain knowledge, and their outputs are
difficult to directly translate into executable management plans. In contrast, LLM-ABM can
comprehend high-level strategic semantics such as “strengthening active management” or
“increasing preventive investment,” integrate domain knowledge to generate interpretable
plans, and possess the potential for human interaction, laying the foundation for human-—
machine collaborative decision-making. Therefore, this study adopts random search as the
baseline method, aiming to validate the knowledge-guided strategy-focusing capability of
LLM-ABM, rather than pursuing extreme numerical optimization efficiency.

3. Methodology
3.1. Owverall Research Framework

This study takes a petroleum pipeline engineering project in Abu Dhabi as the case
background and proposes an LLM-ABM workflow framework designed to achieve intelli-
gent focusing of management strategies and interpretable output of simulation results. As
shown in Figure 1, the framework comprises four progressive phases. The first phase estab-
lishes domain understanding; the second phase provides a global reference; the third phase
validates the focusing capability, and the fourth phase examines the explanatory capability.
The overall framework balances the reliability of the simulation model, the semantic flexi-
bility of the LLM, and the rigor of evaluation, providing a complete technical pathway for
the intelligent generation and interpretation of construction safety management strategies.

Complete Response Surface
Construction

LLM-ABM Closed-Loop [~~~ LLM-Generated Simulation
Providing Global Reference

Strategy Search ‘:\4 /‘ Result Interpretation Report
Validating Focusing Capability — lidating Capability

ive Traversal of ™

E
Strategy Combinations (Step Size = 0.05)

Recording
Evaluation Metrics

Input to LLM

2 O

Constraints Optimization
Objective

Input Data: From Phase Three ‘

E

Structured
N preprocessing
-—r
Simulation Results of 20
" Representative Strategies

)

Model Strategy
Mechanism Information
Description

5

Simulation with 30 Random Seeds per
Combination

— Simulation Results - > Role | [ Tk J :
- of Strategy - bﬁﬂm_egy " - J ;
- Combinations ombinations (10) :

- | ( . ) Output |
Constructing / Prompt Constraints ‘ L J g
Mapping Database ABM / . J Structure
{7 v )simulation <~ | (s

Evaluation

Complete Response Surface P
; é LLM Interpretation Report Generation

Active Total: 20 strategies per round, repeated for 10 rounds

Round 1 Round 2 Round 3

1.0ptimal Strategy Overview

Control Experiment: Random Search with
Equal Budget @ 2. Key Findings
Passive Preventive
— — T % VS A A — ‘ 3. Management Recommendations
&
Phase Objective: Phase Objective: Phase Objective:

Construct a global mapping database to
provide a ground truth benchmark and an
optimal reference on the discrete grid.

Evaluate the reliability of the LLM
interpreter and quantify the quality of the
Teports.

Evaluate the focusing capability of the
LLM strategy to concentrate the search
on high-quality strategy regions.

Figure 1. Research framework.
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(1) Typical Strategy ABM Simulation. Under a fixed environment, four strategies—balanced
management, passive management, preventive management, and active management—are
selected for simulation. First, the dynamic evolution curves of unsafe behavior of con-
struction personnel in a typical single simulation are presented to reveal the micro-level
behavioral characteristics under different strategies. Subsequently, each strategy is repeated
30 times, and the mean and standard deviation of key metrics are calculated to eliminate
randomness and uncover systematic patterns. This phase aims to validate the behavioral
rationality of the model, reveal the relationship between resource allocation and behavioral
evolution, and provide a domain knowledge benchmark for subsequent LLM experiments.

(2) Complete Response Surface Construction. All management combinations are
traversed with a step size of 0.05. Each combination is run under 30 random seeds, and
evaluation metrics are recorded, thereby constructing a complete mapping database of
“management strategies and risk outcomes,” known as the complete response surface. This
response surface serves a dual function. First, it reveals the global mapping relationship
between management resource allocation and risk levels, identifying optimal strategy
regions and key trade-offs on the discrete grid. Second, it serves as a gold-standard reference
for evaluating the LLM’s strategy-focusing capability, providing a ground truth benchmark
for computing key evaluation metrics.

(3) LLM-ABM Closed-Loop Strategy Search. Under fixed risk conditions and fixed
management budget constraints, the closed-loop interaction between the LLM and ABM is
initiated. First, the LLM is provided with a model mechanism description, risk weights,
budget constraints, and optimization objectives, and the LLM generates 10 candidate man-
agement combinations. After format validation, ABM performs simulation evaluation on
these 10 strategies, and the results are fed back to the LLM in semantic form. Based on
this feedback, the LLM generates 10 revised strategies, which again undergo validation
and simulation evaluation. This search process involving a total of 20 strategies is repeated
10 times and compared against random search with an equivalent budget. This phase aims
to quantitatively evaluate the strategy-focusing capability of the LLM within the closed-loop
feedback—that is, whether it can concentrate search resources on high-quality strategy
regions defined based on the current ABM model and discrete grid.

(4) LLM-Generated Simulation Result Interpretation Report. The simulation results of
the 20 representative strategies generated by the LLM in Phase Three undergo structured
preprocessing. These structured data are then input into the LLM under strict prompt
constraints to generate natural language management analysis reports. This phase aims to
evaluate the reliability of the LLM as a “simulation result interpreter” by quantifying the
quality of the generated reports through metrics.

3.2. ABM of Unsafe Behavior of Construction Personnel
3.2.1. Theoretical Model of Risk Evolution

The evolution process of construction engineering risks can be divided into three
stages, namely risk formation, risk amplification, and risk control. In the risk formation
stage, risk sources exist at the construction site, such as equipment defects, lack of protective
measures, and hazardous working environments. If managers fail to intervene in a timely
manner, unsafe states will accumulate and trigger construction risk events. In the risk
amplification stage, the unsafe behavior of construction personnel further exacerbates risk
diffusion, producing a chain reaction. In the risk control stage, managers need to adopt both
preventive and corrective measures to prevent the continued deterioration of risk events
and restore the construction safety state.

To quantitatively characterize the level of construction risk, this study classifies the
behavioral states of construction personnel into four types. Safe state, indicating that the
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construction personnel strictly comply with safety regulations; Transitional state, indicating
that the construction personnel are influenced by unsafe factors at the organizational system
level and exhibit a tendency toward unsafe behavior; Potentially unsafe state, indicating that
under the influence of unsafe factors at the equipment management level, the construction
personnel may engage in unsafe behavior; and Unsafe state, indicating that the construction
personnel are currently engaging in unsafe behavior. The level of construction risk is
characterized by the number of construction personnel in the unsafe state.

3.2.2. Influencing Factors of Unsafe Behavior of Construction Personnel

Based on the analysis of construction personnel characteristics, statistics of 156 petroleum
engineering safety accidents, and attribution analysis of seven typical accident cases, this
study identified 17 factors influencing the unsafe behavior of construction personnel from
three criterion layers, as shown in Table 1. The weight of each factor was determined using
the entropy weight method based on scoring data from 10 experts. The weights of the
three criterion layers—organizational system, equipment management, and construction
personnel—were 0.2174, 0.4907 and 0.2919, respectively. Throughout all experiments in
this study, the weights of these 17 factors remained fixed to ensure that all management
strategy evaluations were conducted under the same risk environment.

Table 1. Influencing factors and weights of unsafe behavior of construction personnel.

Criterion Layer Criterion Weight Indicator Layer Indicator Weight
Safety Education 0.0163
Safety Climate 0.0372
- Safety Organization 0.0281
Organizational System 0.2174 Safety Meetings 0.1235
Safety Standards 0.0054
Safety Audits 0.0069
Equipment Safety Inspection 0.1321
) Equipment Maintenance 0.0950
Equipment Management 04907 Equipment Storage Environment 0.2424
Safe Operating Procedures 0.0212
Risk Awareness 0.0048
Physical Health 0.0081
Safety Knowledge 0.0201
Construction Personnel 0.2919 Skill Training 0.0065
Psychological Safety 0.1484
Construction Environment 0.0712
Reward and Punishment System 0.0328

3.2.3. Construction of the Multi-Agent Simulation Model

This study employed AnyLogic as the modeling platform and took a pipeline project in
Abu Dhabi as the engineering background. Simulation experiments were conducted under
fixed risk factor weights to construct a multi-agent simulation model of unsafe behavior
of construction personnel. The ABM model constructed in this study is a theory-driven
simulation experiment platform, rather than an exact replica of actual construction sites. The
four-state classification and risk weights in the model were determined based on statistics
from 156 accident cases, analysis of 7 typical incident cases, and ratings from 10 experts,
reflecting the risk structure characteristics specific to a particular engineering context.
However, these parameters have not yet been calibrated or validated against observational
data from real construction sites. Therefore, the function of this model is to provide a
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controlled computational experiment environment for comparing the relative effectiveness
of different management strategies under fixed assumptions, rather than directly predicting
the absolute levels of unsafe behaviors in the real world. The core objective of this study is to
validate the feasibility of the LLM-ABM workflow framework in strategy focusing and result
interpretation, rather than to establish an accurate simulation of real-world construction
safety behaviors.

(1) Three Types of Management Strategies

According to the different nodes at which prevention and control measures intervene
in the risk evolution process, this study classified management strategies into three types:

Passive Management (m,,): Focuses on establishing a sound safety organization, safety
systems, and safety meetings, carrying out risk prevention and control at the organizational
system level.

Preventive Management (mp): Focuses on strengthening equipment inspection and
maintenance and standardizing equipment operation, carrying out risk prevention and
control at the equipment management level.

Active Management (m,,): Focuses on safety education and training and individual
safety reward and punishment systems, carrying out risk prevention and control at the
construction personnel level.

The intensity of each of the three management strategies ranges from [0, 1], and they
satisfy the constraint m;, + m, + m, = 1, representing the budget constraint under limited
management resources.

(2) State Evolution Mechanism

The behavioral states of construction personnel evolve under the combined influence
of organizational system factors, equipment management factors, personnel factors, and the
three types of management measures. The evolution mechanism is illustrated in Figure 2.
This mechanism characterizes the state transition process under the interaction of multi-
layer risk factors and management measures, reflecting the dynamic nature and agent
heterogeneity in the formation of unsafe behavior.

Safe State (S): Initially, all personnel are in the safe state. After being influenced by
risk factors at the organizational system level, they face two decision directions—remaining
in the safe state or transitioning to the transitional state. The decision is determined by the
weight of the organizational system-level factors.

Transitional State (T): Personnel in the transitional state, after being influenced by risk
factors at the equipment management level and passive management, face three decision
directions—remaining in the transitional state, transitioning to the potentially unsafe state,
or returning to the safe state. The decision is determined jointly by the weight of the
equipment management level factors and the intensity of passive management.

Potentially Unsafe State (P): Personnel in the potentially unsafe state, after being influ-
enced by their own risk factors and preventive management, face three decision directions—
remaining in the potentially unsafe state, transitioning to the unsafe state, or returning to
the safe state. The decision is determined jointly by the weight of the construction personnel
factors and the intensity of preventive management.

Unsafe State (U): Personnel in the unsafe state, after being influenced by active man-
agement, face two decision directions—remaining in the unsafe state or returning to the
safe state. The decision is determined by the intensity of active management.

The correspondence between the above three types of management measures and
behavioral states is not arbitrarily preset but established based on the theoretical framework
of construction safety management. Passive management mainly functions at the organiza-
tional system level to form behavioral norms and constraint frameworks, thereby acting
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on the transition state in the model, the initial stage when individuals start deviating from
norms under a safe state. Preventive management targets risks related to equipment and
operating environments to cut off material prerequisites for unsafe behaviors, and thus
applies to the potential unsafe state, the stage where individuals possess conditions for
unsafe behaviors yet have not carried them out. Active management directly focuses on con-
struction personnel’s behavioral decisions, driving the transition from unsafe behaviors back
to safe status via education, incentives and supervision, and accordingly exerts direct effects
on the unsafe state. This hierarchical matching aligns with the core notion in Reason’s Swiss
cheese model [47] and Heinrich’s domino theory [48] that multi-layered defenses function
at different segments of the accident chain. It also matches the common classification of
management measures adopted in contemporary construction safety practices [49].

Evolution Mechanism of
Construction Personnel Status

!

Safety Status

Organizational
System Level
Influence

Passive
Management

) Transition Status ,
Active Preventive

Management Management
Equipment

Management
Level Influence

Potential Unsafe Status

Construction
Personnel Level
Influence

Unsafe Status

Figure 2. State evolution mechanism of construction personnel.

(3) State transition mechanism in the simulation model

The construction personnel agents include four behavioral states, namely Safe state
(S), Transitional state (T'), Potentially unsafe state (P), and Unsafe state (U). The model
adopts the rate transition mechanism from the AnyLogic statechart, and state transitions
are controlled by continuous-time transition rates.
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Risk factors are categorized into three comprehensive influencing dimensions includ-
ing organizational system, equipment management, and construction personnel, with
corresponding transition rates as follows:

I,=02174, I,=04907, I, =02919

Among them, I, controls S — T, I, controls T — P, and I, controls P — U. Three
types of management variables control the transition of personnel from risk states back to
the safe state:

my,: T =S, mp:P—>S, m,:U—>S

For multiple competitive transitions from state i, let:

A= Z Aij (1)
JEA;
Then, within the time interval At, the probability of transitioning to state j is:
P,(At) = i (1 — e~y 2)
ij = Kz e

The probability of remaining in the current state is:
Pll(At) = E_A"At (3)

For example, starting from the transitional state T, there are two competitive transitions,
T — P and T — S, simultaneously existing.

Therefore:
AT = IE + mb = 04907 + mb (4)
Accordingly:
P = ﬂ[ _ 67(0.4907+mh)At] (5)
=P 0.4907 + m,
my,

P — 1— —(0.4907+m,) At
15 = 04907 4y L ¢ Y] 6)

Similarly, starting from the potentially unsafe state P:

Ap = L, +m, = 02919 +m, (7)
0.2919 —(0.2919+m,) At
— — - r
Pr-u = 52919 4 m, [1- ] ®
m

P — P 1 _ ,—(02919+mp)At
pos 0.2919+m,,[ ‘ J ®

Active management acts on the recovery from the unsafe state:
Pu_,s =1- E_m“At (10)

The time unit for the simulation in this study is days, so the units of the management
parameters and risk impact parameters are both day~!. All construction personnel are
initially in the safe state, the total number of agents in the model is 1200, and the simulation
runs for 100 days. Furthermore, it should be noted that this study varied management pa-
rameters under a fixed risk environment, rather than conducting randomized interventions
in actual construction sites. Therefore, the results reflect conditional simulated relationships
under given risk weights, initial states, state transition rules, and simulation durations, and
are not equivalent to causal effects in real-world engineering.
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(4) Statistical Metrics

To scientifically evaluate the performance of each management strategy in the multi-
agent simulation, this study selected three core statistical metrics to quantitatively measure
the simulation results, namely the mean unsafe personnel ratio (J), the peak unsafe person-
nel ratio (P,,,,), and the late average safe personnel ratio (S,,). This study sets | as the
primary evaluation objective, and uses P, and S, as auxiliary diagnostic indicators to
identify peak risk and late-stage safety status. These three metrics can be directly calculated
from the time-series data of the “number of personnel in the safe state” and the “number
of personnel in the unsafe state” output by the AnyLogic 8.9.9 simulation platform. The
specific meaning and optimization direction of each metric are shown in Table 2.

Table 2. Implications of ABM simulation results.

Core Metric Symbol Meaning Direction
Mean unsafe i Overall risk burden during the  The lower, the
personnel ratio entire simulation period better
Peak unsafe P The most severe risk occurring  The lower, the
personnel ratio max during the simulation better
Late average safe Siy Long-term system recovery and  The higher, the
ate

personnel ratio safety maintenance capability better

The specific calculation methods are as follows:
Mean Unsafe Personnel Ratio (J)

1 & U,
J= 7L (11)

where U, represents the number of personnel in the unsafe state on day . N represents the

|

total number of construction personnel. T represents the simulation duration.
Peak Unsafe Personnel Ratio (P,,,,,)

Prax = (}?t?%(ﬁ) (12)

It reflects the risk at the most severe moment. A certain strategy may have a low average
risk, but if a very high-risk peak occurs midway, it is still unacceptable in engineering
management.

Late Average Safe Personnel Ratio (S;,;,)

This study calculates the average value of the last 20 days:

1 «—1w00 S
State = %thsl N (13)

where S, is the number of personnel in the safe state on day t.

3.3. Management Strategy Space and Response Surface Construction
3.3.1. Management Parameter Definition

Based on the three management strategies defined in Section 3.2.3, this study formal-
izes the management strategy space as a ternary parameter combination. Let the passive
management intensity be m,, the preventive management intensity be 1, and the active
management intensity be m,, which satisfy the following constraints:

0<my, m, my<1l, —my+m,+m,=1 (14)

124
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Among them, m;, + m, + m, = 1 represents the budget constraint under limited
management resources, meaning that managers cannot simultaneously raise all three types
of management intensities to the highest level, and must make trade-offs among them.

To enable the complete enumeration of the strategy space and facilitate parameter
mapping in the subsequent AnyLogic model, this study performs discrete sampling of
the three parameters with a step size of 0.05. Under the constraint that the sum is 1, there
are a total of 231 discrete combinations. Therefore, the management strategy space can be
expressed as:

M = {(my, m,,m,) | m; €{0,0.05,...,1},  my +m, +m, =1} (15)

The selection of this resolution is based on the following considerations. If the step size
is too large, key strategy regions may be missed; if the step size is too small, the number of
combinations will increase sharply, leading to excessively high computational costs. A step
size of 0.05 achieves a reasonable balance between precision and computational feasibility,
effectively revealing the global structure of the management strategy space.

3.3.2. Full Strategy Grid Simulation

To obtain the strategy effects of each management combination, this study conducted
grid simulations for all 231 combinations. In the response surface pre-calculation phase,
the construction risk factors and their weights were fixed, and the risk environment was
not altered; only the management strategy parameters were changed. Meanwhile, the total
number of construction personnel, simulation duration, initial system state, and other model
parameters were kept consistent to ensure that the differences in results between different
strategies originated solely from the management resource allocation methods. For each
set of strategies m € M, 30 mutually independent random seeds were used for repeated
simulations in the AnyLogic multi-agent model. The simulation results of ) (m), P (m)
and 57,
95% confidence interval (CI) of each indicator were calculated. Since each set of strategies

(m) under the r-th random seed were statistically aggregated, and the mean and

used the same number of random repeated simulations, the impact of single-simulation
randomness on strategy comparison results could be reduced.

3.3.3. Response Surface Construction

After completing the grid simulation operations for the 231 sets of management strate-
gies, the strategy parameters and simulation statistical results of each set were integrated to
construct a “management strategy-risk result” mapping database, namely the management
strategy response surface. Based on the mean value of the mean unsafe personnel ratio J, all
strategies were sorted globally in ascending order, and the top 10% of strategies, consisting
of 23 groups, were screened out to construct a Top 10% high-quality strategy set. This
response surface mainly includes two roles. First, it reveals the global structure, relying on
visualization methods to present the mapping correlation between management resource
allocation and risk levels, accurately defining the global optimal strategy and the Top 10%
high-quality strategy regions on the discrete grid, and clarifying the trade-off relationships
between strategies. Second, it provides a ground truth benchmark. By taking the globally
optimal | value and the top 10% strategy set on the discrete grid as references, and com-
paring them with the LLM’s strategy search results, the strategy-focusing capability of the
LLM is quantitatively evaluated.

It should be particularly noted that the response surface constructed in this study is
a performance mapping based on a discrete grid with a step size of 0.05 and fixed ABM
model parameters. Therefore, the so-called “global optimal strategy” is limited to the
optimal solution on this discrete grid, rather than the theoretical optimum in a continuous
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parameter space, let alone the optimal management resource allocation in a real engineering
environment. Similarly, the definition of the top 10% high-quality strategy region is entirely
dependent on the current discrete grid and ABM model settings. This benchmark provides
areproducible reference for comparing the relative performance of different search methods
within the same framework, but cannot be directly extrapolated as a high-quality strategy
region in the real world.

3.4. LLM-ABM Strategy Generation Module
3.4.1. Core Workflow of LLM-ABM

This section proposes a strategy generation framework based on the collaboration
between LLM and ABM, aiming to leverage the semantic understanding and reasoning
capabilities of the LLM, in conjunction with the quantitative simulation feedback from ABM,
to iteratively optimize management resource allocation strategies. As shown in Figure 3,
the framework comprises six core steps:
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Figure 3. Core workflow of the LLM-ABM framework.

(1) LLM Strategy Generation: The LLM outputs candidate management parameter
combinations based on a prompt containing task descriptions and constraints.
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(2) Parameter Validation: Automatic validation of the format, value range, and con-
straint conditions of the strategies output by the LLM.

(3) ABM Simulation: The validated strategies are input into the pre-built ABM model,
which executes grid simulations and calculates risk metrics.

(4) Result Feedback: The simulation results of all strategies from the previous round
are fed back to the LLM as contextual information.

(5) LLM Revision: The LLM adjusts its approach based on the feedback information
and generates a new round of improved strategies.

(6) Final Evaluation: All candidate strategies are aggregated, and the optimal strategy
on the discrete grid is selected based on the metric values.

3.4.2. Two-Round Candidate Strategy Generation

At this stage, DeepSeek V4 Pro is adopted as the strategy generation model. Developed
by DeepSeek Company, this model adopts a Mixture of Experts architecture, with a total of
1.6 trillion parameters, 49 billion activated parameters, and supports a maximum context
length of 1 million tokens. Since the strategy search phase requires higher output diversity to
explore a wider strategy space, the decoding temperature is set to 0.8, the nucleus sampling
parameter is set to 0.9, and the presence penalty and frequency penalty are both set to 0.1,
so as to balance exploration efficiency and generation quality. In each independent trial, the
LLM generates a total of 20 sets of candidate strategies, completed in two rounds, and no
duplication of strategies is allowed between the two rounds.

(1) First Round (Initial Exploration): In the first round, 10 sets of candidate man-
agement strategies are generated. This round is mainly used to explore the management
strategy space, and the LLM can propose various candidate combinations. Each set of
candidate strategies undergoes parameter validation and then enters ABM evaluation to
obtain the corresponding J, P, and S} .

(2) Second Round (Feedback Correction): Before the second round of generation, the
parameters and simulation results of the first-round candidates are fed back to the LLM. The
feedback information includes the strategy ID, three management parameters, J, P, and
Siate- The LLM is required to summarize the experience from the first round and generate
10 new candidate combinations. The strategies generated in the second round should
attempt to improve the poorly performing areas from the first round and explore uncovered
potential intervals. The total simulation budget for the entire process is 20 strategies.

To ensure that the LLM’s output can be correctly executed by the AnyLogic model, this
study sets four types of automated validation rules. First, duplication validation. Candidate
strategies must not be duplicated with those already retained in the same round, and
strategies in the second round must not be duplicated with those evaluated in the first
round. Second, range validation. The three management parameters m,, m, and m, are
required to be within the [0, 1] interval. Third, step size validation. The three parameters
are required to be on a 0.05 discrete grid. Fourth, sum validation. The sum of the three
management parameters is required to be 1.

3.4.3. Prompt Design for LLM

To achieve effective interaction between the LLM and ABM, this study designed two
rounds of structured prompts for the LLM, corresponding to the first-round initial strategy
generation and the second-round feedback-driven revision strategy generation. Table 3
summarizes the core design elements of the two rounds of prompts. The focus of the
first-round prompt lies in initialization exploration. Without any prior simulation results,
the LLM is required to leverage its semantic understanding of the management mecha-
nism to generate candidate strategies covering different regions, providing diverse starting
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points for subsequent iterations. The second-round prompt emphasizes feedback-driven
focusing. The LLM must strictly adhere to the actual simulation results of the 10 first-round
strategies, identify parameter regions with good performance, conduct refined searches in
their neighborhoods.

Table 3. Comparison of two-round prompt design.

Design Element

First-Round Prompt

Second-Round Prompt

Role Setting

Construction safety management strategy
generation module

Construction safety management strategy
generation module, but emphasizing
revision based on feedback

Input Information

Model mechanisms (four-state evolution,
three-type management measure action
levels), fixed risk weights (0.2174, 0.4907,
0.2919), management resource constraints
(step size 0.05, sum equals 1), optimization
objective (minimize |)

Simulation results of the 10 first-round
strategies (including J, P, and Sy, ), and
all constraint information from the
first-round prompt.

Generate 10 candidate strategies, no

Generate 10 new candidate strategies,

Strategy Quantity duplicates allowed must not duplicate the first round
Balance exploration and mechanism Based on first-round feedback, refine
Exploration rationality, cover different resource allocation search in well-performing regions, retain a
Requirement regions, including balanced, single-dominant, small number of boundary directional
and collaborative strategies candidates
JSON object, containing round, JSON object, containing round,
Output Format generation_strategy, candidates array, feedback_interpretation, revision_strategy,
constraint_check candidates array, constraint_check
Prohibitions Must not fabricate values Must not fabricate values

The prompt set out a basic framework for two rounds of search, which provides
structural guidance for the search direction of the LLM. Within this framework, however,
the LLM undertakes the critical tasks of semantic understanding and transformation. It
needs to parse the numerical results returned by the ABM simulation along with their
implied management implications, comprehend the specific semantic information, and
translate these into concrete management parameter combinations for the next round of
candidate strategies. This ability to map from semantic feedback to parameter generation
is something that mere rule execution does not possess. Therefore, the strategy focusing
phenomenon observed in this study is the synergistic result of the deliberately designed
search framework and the semantic reasoning capability of the LLM. The core contribution of
this study lies in validating the overall effectiveness of this integrated workflow, rather than
proving that the LLM possesses a focusing capability independent of the search framework.

3.4.4. Random Search Baseline

To quantify the advantage of the LLM-ABM workflow in guiding strategy generation,
random search was set as the baseline comparison method. Random search also generated
20 candidate strategies but did not include any feedback mechanism. The three parameters
of each strategy were uniformly randomly drawn from the discrete space satisfying the
constraints, and each draw was mutually independent. Random search and LLM-ABM
workflow used the same ABM simulation environment and evaluation metrics, with the
sole difference being whether the strategy generation relied on semantic information and
iterative feedback.
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This study selects random search as the baseline, rather than methods such as GAs
and BO, based on the following methodological considerations. First, the core characteristic
of the paradigm advocated in this study is “zero training, zero tuning, relying solely on
semantic understanding and limited simulation feedback.” In contrast, GAs require design-
ing fitness functions and selecting crossover and mutation operators, while BO requires
constructing surrogate models—all of which introduce additional hyperparameters and
training costs, placing them in a different category from the lightweight positioning of
this study. Second, as an uninformed, parameter-free naive strategy, random search can
most purely measure the incremental effect brought by the LLM-ABM through semantic
understanding and feedback—any performance improvement beyond the random level
can be attributed to semantic guidance. In comparison, if compared with GAs or BO, even
if the LLM-ABM performs better, it would be difficult to determine whether the advantage
stems from the semantic capability of the LLM-ABM or from differences in search frame-
work design. Therefore, the experimental design of this study aims to answer the question
of “whether the LLM-ABM can achieve strategy focusing superior to uninformed search
through semantic understanding alone, without training or tuning,” rather than “whether
the LLM-ABM outperforms classical numerical optimization methods”. The latter is an
independent and important research question that requires fair and systematic comparison
under the same budget, and future research can conduct systematic comparisons with more
optimization methods under equivalent budgets.

3.5. LLM Report Generation Module

To convert multi-agent simulation results into understandable construction safety
management information, this study set up an LLM report generation module after the LLM-
ABM strategy generation. DeepSeek V4 Pro was also selected as the core generative model
for this module. The model possesses capabilities in structured data parsing, professional
long-text generation, and engineering scenario logical reasoning, enabling it to meet the
specialized and standardized output requirements of construction safety management
reports. In this study, inference was conducted via the official API, with the decoding
temperature set to 0.3, the nucleus sampling parameter set to 0.8, the presence penalty set
to 0.2, and the frequency penalty set to 0.2, ensuring that the output remained faithful to
the original data while allowing for moderate diversity in the results.

The processing workflow of the module is as follows. First, the simulation results of the
20 strategies generated in the LLM-ABM are received, and structured data preprocessing is
completed with the assistance of Python 3.12, encapsulating the simulation results in JSON
format. Second, the structured simulation data together with the prompt are input into
DeepSeek V4 Pro, driving the model to automatically output a natural language construction
safety analysis and management report. Finally, three experts with backgrounds in construc-
tion safety management or engineering management are invited to independently score the
report quality from three dimensions—data fidelity, logical coherence, and recommendation
actionability—to ensure the reliability and practicality of the generated report.

3.5.1. Data Preprocessing

Each independent LLM-ABM strategy generation run serves as one reporting unit.
Each run contains 20 candidate management strategies generated in the first and second
rounds. The data fields for each strategy include the strategy ID, the three management
parameters, the mean values and 95% confidence intervals of |, P, and Sy, the global
ranking among the 231 response surface combinations, and whether it falls within the global
Top 10% strategy region. The above computed results are encapsulated in a structured
JSON format as input to the LLM.
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3.5.2. Prompt Design and Output Format

To guide the LLM in generating structured and traceable management analysis reports,
this study designed a dedicated prompt. The LLM receives a JSON file as input containing
the complete data of the 20 strategies. The prompt explicitly requires the LLM to generate the
report based solely on the input data, without recalculating or adding external information.
The full prompt is shown in Table 4.

Table 4. LLM report generation prompt.

Prompt Design

You are an expert in construction safety management analysis. Below is a JSON file
containing detailed results of 20 management strategies evaluated by a multi-agent
simulation model. The core criteria for evaluating the strategies are the mean unsafe
personnel ratio | (lower is better), the peak unsafe personnel ratio P,,,, (lower is better),
and the late average safe personnel ratio S, (higher is better) as auxiliary references.

Please write a management analysis report based on these data. The report must
include the following three sections and strictly adhere to the constraints:
[Constraints]

(1) All numerical values must be directly quoted from the input data; do not
recalculate or deduce them yourself.

(2) Strategy numbers must be used when referring to strategies.

(3) Do not add any information that does not exist in the input data.

[Report Structure]
1. Optimal Strategy Overview

(1) Explicitly provide the recommended strategy number and the configuration of
the three types of management parameters.

(2) Report the mean values and 95% confidence intervals of J, P,,,, and Sy, for
this strategy.

(3) Explain the global ranking of this strategy and whether it belongs to the Top
10% region.

2. Key Findings

(1) Analyze the common characteristics of the management parameter
configurations for the top 3 ranked strategies.

(2) Point out the typical parameter characteristics of poorly performing strategies.

(3) Summarize the pattern between management resource allocation and risk
indicators.

3. Management Recommendations

(1) Based on the above findings, provide specific and actionable management
resource allocation recommendations.

(2) Recommendations should cite strategy numbers or numerical values as
support.

[Input]
Please read the JSON file in the attachment.

3.5.3. Quality Evaluation of LLM-Generated Reports

To systematically evaluate the quality of management reports generated by DeepSeek
V4 Pro, this study adopts an expert subjective scoring method. Three experts with back-
grounds in construction safety management or engineering management were invited
to form an evaluation panel. Each expert independently reviewed the full text of the
LLM-generated report and the corresponding input data, and rated the report on three
dimensions: data fidelity, logical coherence, and recommendation actionability. The specific
evaluation criteria are shown in Table 5. To accommodate expert scoring habits while facili-
tating subsequent statistical analysis, a two-level conversion mechanism was employed for
the scoring. Experts first assign an independent score on a 0-100 scale for each dimension,
after which the raw scores are normalized to a continuous [0, 1] interval and rounded
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to two decimal places. The final score for each dimension is the arithmetic mean of the
scores from the three experts. It should be emphasized that the expert evaluation in this
study focused on the internal quality of the reports within the scope of the given simu-
lation data, including data fidelity, logical coherence, and recommendation actionability.
Since the input data originated from a simplified ABM model and was generated under a
fixed risk environment, the evaluation results do not represent the practical effectiveness
of the LLM-generated reports in real-world engineering contexts. The experts’ judgment
of “recommendation actionability” was inevitably influenced by the degree to which they
accepted the assumptions of the ABM model, which constitutes an inherent limitation of

this evaluation framework.

Table 5. Expert evaluation criteria.

Evaluation Dimension

Dimension Definition

Score Range

Grade Classification

Data Fidelity

Whether the numerical values and
strategy IDs in the report are completely
consistent with the input JSON data, with
no fabrication, tampering, or omission.

[0, 100]

Logical Coherence

Whether the logical relationships among
the report sections are clear, the findings
and conclusions are reasonable, and the
causal inference holds.

[0, 100]

Recommendation
Actionability

Within the scope of the given simulation
results, whether the suggestions generated
by the LLM have clear action orientation,
are consistent with the simulation data,
and possess internal logical coherence.

[0, 100]

Excellent: [70, 100]
Good: [40, 69]
To be improved: [0, 39]

4. Results
4.1. Analysis of Typical Management Strategies

This subsection simulates the evolutionary patterns of unsafe behaviors corresponding
to different management resource allocations under a fixed risk environment, demonstrating
the correlational relationships between management parameters and simulation outputs
under the current ABM model settings. It should be noted that the findings in this subsection
reflect the parameter-output mapping patterns within the model, rather than serving as
direct inferences of causal effects in real-world construction environments. The experiment
set the total number of construction workers at 1200 and the simulation duration at 100 days.
Four typical strategies were compared, namely the balanced state, passive, preventive, and
active strategies. The analysis is conducted at two levels. At the first level, single simulation
results are selected to plot the dynamic evolution curves of construction personnel unsafe
behaviors and to analyze the corresponding unsafe behavior evolution patterns under
different management parameter configurations. In the personnel state evolution diagram,
construction personnel are represented by dots. Green dots denote the safe state; yellow
dots denote the transitional state; orange dots denote the potentially unsafe state; and red
dots denote the unsafe state. At the second level, each strategy was replicated 30 times, and
the key indicators of each metric were statistically aggregated to eliminate the randomness
of a single simulation and reveal systematic patterns. Furthermore, although the ABM
model specifies that all 1200 personnel are in the safe state at t = 0, agents begin evolving
immediately according to the state transition rules once the simulation starts. Since data
recording begins from the first simulation step and the figure only plots line charts for the
safe and unsafe states, the first sampling point already captures the early dynamic state
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transitions. Consequently, the number of agents in the safe state is less than 1200, with
the remaining agents in the transitional or potentially unsafe states. This phenomenon is
entirely consistent with the model specification and does not represent a data anomaly.

4.1.1. Balanced Management Strategy

The balanced management strategy allocates management resources approximately

=mp=

m, = 0.333. As shown in Figure 4, in the first 10 days of the simulation, the number of safe

equally to passive, preventive, and active management, with parameters set to 1,

personnel rapidly decreased from nearly 1000 to about 700, while the number of unsafe
personnel increased from nearly 0 to about 120, indicating that the system entered a stable
phase after obvious adjustments. Thereafter, the number of safe personnel stabilized at
around 690 to 750, and the number of unsafe personnel remained within [110, 160]. Under
this strategy, | was 10.55%, P,,,, was 14.00%, corresponding to about 168 people. S
was 61.10%, corresponding to about 733 people. In the state distribution diagram, safe
personnel accounted for a large proportion, while unsafe personnel were dispersed, showing
no obvious group aggregation or diffusion trends, which indicates that the behavior pattern
is jointly constrained by multiple management methods and does not shift in a single
direction. The above results show that the balanced configuration corresponds to a low level
of unsafe behavior and a high level of safety in the later stage in a fixed-risk environment,
with good coordination among the three indicators.
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Figure 4. Simulation results for the balanced management strategy.

4.1.2. Passive Management Dominance Strategy

The parameter settings for the passive management dominance strategy were set to
my, = 0.800, m, = 0.100, m, = 0.100. As shown in Figure 5, the number of safe personnel
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continuously decreased in the early stage of the simulation, while the number of unsafe
personnel rapidly increased. The system entered a high-unsafe-level plateau period after
approximately day 20. Safe personnel remained at around 570 to 630, and unsafe personnel
stayed in a relatively high interval of around 330 to 400 for a long time. Individuals in the
unsafe state significantly increased compared with the balanced strategy. Compared with
the balanced strategy, the J, P, and S, of this strategy worsened by 17.45, 19.58, and
10.68 percentage points, respectively. After reaching a high level, the number of unsafe
personnel did not show a continuous decline, but remained volatile throughout the late
simulation stage. The results indicated that, under the current model settings, concentrating
most management resources on passive measures corresponded to a sustained accumulation
of unsafe behaviors. Although passive management has a necessary institutional constraint
effect, its control effect as a sole dominant strategy is limited when the investment in
preventive and active management is insufficient.
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Figure 5. Simulation results of the passive management dominance strategy.

4.1.3. Preventive Management Dominance Strategy

The parameter settings for the preventive management strategy were set to m;, = 0.100,
m, = 0.800 and m, = 0.100. As shown in Figure 6, in the first 20 days of the simulation, the
number of safe personnel decreased from nearly 1000 to about 600, and the number of unsafe
personnel gradually increased to about 250. In the mid-to-late stage, safe personnel remained
at around 570 to 630, and unsafe personnel generally fluctuated between 250 and 310, still
showing an upward trend at the end of the simulation. Under this strategy, ] was 21.19%,
P,..x was 26.00%, and Sy, was 49.53%. A considerable number of individuals in unsafe
states and other non-safe states could still be observed in the state distribution diagram.
Compared with the passive strategy, preventive management reduced | by 6.81% and
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P,... by 7.58%, indicating that, under this model condition, preventive resource input was
associated with a lower unsafe behavior burden and peak risk. However, compared with the
balanced strategy, its | was still 10.64% higher, P,,,,, was 12.00% higher, and S, was 11.57%
lower. Therefore, although preventive measures are superior to the passive dominance
configuration, concentrating 80% of management resources on the prevention link has not
yet formed an ideal overall control effect, indicating that preventive management needs to
be collaboratively allocated with active behavior intervention and institutional constraints.
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Figure 6. Simulation results of the preventive management dominance strategy.

4.1.4. Active Management Dominance Strategy

The parameter settings for the active management dominance strategy were set to
my, = 0.100, m, = 0.100, m, = 0.800. As shown in Figure 7, the number of safe personnel
rapidly decreased to about 600 in the first approximately 6 days of the simulation, and then
stabilized at around 560 to 630. Unlike other strategies, the number of unsafe personnel
increased to about 100 in the early stage but did not continue to rise. Instead, it remained at
a low interval of about 80 to 120 during most of the simulation period. Under this strategy,
J was 8.17% and P,,,,, was 10.92%, with both risk indicators being the lowest among the
four typical strategies. Compared with the balanced strategy, this strategy reduced | by
2.38% and P,,,, by 3.08%. The results showed that, under the current model conditions,
increasing active management input was associated with lower unsafe states. It should
be noted that the Sy, of this strategy was 50.35%, which is 10.75% lower than that of the
balanced strategy. This result reflected that active management tended to be associated
with controlling the primary objective ], while the balanced strategy was associated with
maintaining late-stage safety status.
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Figure 7. Simulation results of the active management dominance strategy.

4.1.5. Comparison of 30 Independent Simulation Results

To reduce the contingency of single random simulation results, this study conducted
30 independent repeated simulations for the four strategies, under fixed conditions, ob-
taining a total of 120 sets of valid simulation results. Figure 8 summarizes and displays
the mean values and 95% confidence intervals of the three core indicators. In terms of
J, the active strategy had the lowest mean at 8.05%. The balanced strategy was 10.43%,
the preventive strategy was 21.51%, and the passive dominance strategy was the highest
at 28.02%. The 95% confidence intervals of the four strategies are essentially completely
separated, indicating that, under the current ABM model settings, the simulation outputs
corresponding to different management strategies are distinguishable within the model.
This distinguishability arises from the structural relationship between management pa-
rameters and state transition rates embedded in the model rules, reflecting the internal
consistency of the model, rather than serving as a direct inference of strategy effectiveness
in the real world. P,,,, showed a ranking relationship basically consistent with J. The active
strategy had the lowest P,,,, at 10.43%; the balanced strategy was 13.12%; the preventive
dominance strategy was 26.16%; and the passive strategy was 33.66%. This result reflected
that increasing active management intensity was associated with reducing the cumulative
level and peak magnitude of unsafe states during the simulation process. In contrast, the
balanced strategy had the highest S, with a mean of 60.63%, and its 95% confidence
interval was 60.40-60.86%. The means of the active, passive, and preventive strategies were
50.13%, 49.80%, and 49.69%, respectively, all of which were significantly lower than the
balanced strategy. Among them, the confidence intervals of the latter three overlapped,
indicating limited differences in their ability to maintain the safety state in the later stage.
Under the current model settings, the active management strategy yields the lowest values
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of [ and P,,,,, while the balanced strategy has an advantage in maintaining late-stage safety
status. This ranking reflects the correlation pattern between management parameters and
output indicators under the model rules, and its generalization to real-world construction
environments requires further validation with field data.
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Figure 8. Comparison of three core indicators for four management strategies under 30 independent
simulations.

To further understand the sources of the above differences, it is necessary to examine
the relationship between management intensity allocation and simulation results. If the
rankings of | and P,,,, are completely determined by the direct action relationship between
active management and the unsafe state in the model structure, the effects of different
strategies should converge under identical active management intensity. However, the
comparison results in Figure 8 do not support this inference. The preventive-dominated
strategy and passive-dominated strategy adopt exactly the same active management inten-
sity, with m, = 0.100. Nevertheless, the former yields a | value of 21.51%, while the latter
reaches 28.02%, representing a difference of 6.51 percentage points and their 95% confidence
intervals are essentially completely separated. Their P,,,, values differ by approximately
7.50 percentage points. This result reflected that, even when active management input
remained unchanged, the resource allocation trade-off between preventive and passive
management was still associated with changes in the simulation results. Therefore, under
the current model settings, the ranking differences among the four strategies in terms of |
and P,,,, were associated not only with the effect of active management intensity, but also
with the interaction effect between preventive and passive management.

4.2. LLM-ABM-Based Simulation Strategqy Focusing

This section takes the complete management strategy response surface as the reference
standard to analyze the strategy-focusing capability of the LLM under a limited candidate
budget, and to examine whether ABM simulation feedback can guide the LLM to progres-
sively focus on high-quality management strategy regions. The complete response surface
is used to describe the performance distribution of all feasible management resource alloca-
tions; the spatial positions of the LLM’s two-round candidate strategies are used to illustrate
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the changes in search direction; and the results of 10 independent trials are used to quantify
the stability and focusing capability of the strategy search in the LLM-ABM workflow.

4.2.1. Complete Response Surface Display

Under the conditions of fixed risk factors, 1200 construction personnel, and a 100-day
simulation duration, 231 sets of discrete strategies satisfying the budget constraints were
simulated 30 times each, resulting in a total of 6930 sets of simulation records. Figure 9a
shows the ternary heatmap of the 231 strategies, where the color on the response surface
represents J. Colors closer to yellow indicate a lower |, and colors closer to purple indicate
a higher . The low-] regions are concentrated in combinations of high active, low passive,
and moderate preventive management, indicating that this configuration has a superior
overall control effect. The parameter configuration of the global optimal strategy on the
discrete grid is (mb,mp, ma) = (0,0.30,0.70), with its | at 7.46%, P,,,, at 9.66%, and S,,,. at
51.07%. The top 23 strategies in this study’s ranking are defined as the Top 10% high-quality
region, with the | at the ranking boundary being approximately 8.03%. Therefore, the Top
10% strategies are mainly concentrated in the local region of high active management and
low passive management. Compared with the strategy with the lowest ], the recommended
compromise strategy configuration is (mb, m,, ma) = (0.05, 0.30, 0.65), which ranks 5th in
J while maintaining a higher S;,.
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Figure 9. Complete response surface ternary heatmap and top 10% strategy distribution.

Figure 9b further demonstrates the performance of the Top 10% strategies in terms
of P,,,, and Si,.. The results show that even in the low—] region, there is still a certain
trade-off between different strategies in terms of peak risk and the safety state in the later
stage. The complete response surface not only provides a global benchmark for candidate
strategy evaluation but also offers a reference standard for verifying the ability of LLM-ABM
to focus on high-quality strategy regions.
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4.2.2. LLM-ABM Strategy Focusing Results

To demonstrate the search evolution of the LLM under the feedback of ABM, this
study selected the 10th round of experiments as a representative case (Table 6). In the first
iteration of this round, the optimal strategy had a ] value of 7.94%, ranking 19th globally. In
the second iteration, the optimal strategy’s | value decreased to 7.46%, corresponding to
the global 1st rank in the complete response surface. Therefore, the 10th round illustrated
both the performance improvement and the strategy space focusing process from the first
to the second iteration. Figure 10 visualizes the data from Table 6. As shown in Figure 10a,
the 10 candidate strategies in the first iteration were widely distributed, with an average
configuration of (mb,mp,ma) = (0.225,0.465,0.310). Their | values ranged from 7.94% to
16.49%, and only one strategy fell within the global Top 10% region. The optimal strategy
in the first iteration had a configuration of (mh, m,, ng) = (0.10,0.35,0.55). Based on the
ABM simulation feedback, the LLM adjusted its management intensities in the second
iteration. The candidate strategies notably converged toward the high-active, low-passive
region, with the average configuration shifting to (mb,mp,@) = (0.145,0.280,0.575). The
active management intensities of the 10 candidate strategies in the second iteration all
fell between 0.50 and 0.70, and the | value range narrowed to 7.46—9.82%. The number
of strategies entering the Top 10% region increased from one in the first iteration to five
in the second iteration. The optimal strategy in the second iteration had parameters of
(my,m,,m,) = (0,0.30,0.70).

The spatial distribution changes described above indicate that the first iteration pri-
marily undertook broad exploration, while the second iteration narrowed down the search
scope based on ABM feedback and converged toward the low-] region. It should be noted
that this figure is merely a representative visualization of a single round, intended primarily
to illustrate the search trajectory of the LLM. The overall performance of the LLM should
be evaluated based on the statistical results of the 10 independent trials.

Table 6. Simulation results of strategies generated by LLM-ABM in the 10th round.

. . . . J P, Siate Global J o
Candidate  Passive Preventive Active Mean Moan Mletan Rank Top 10%
R1-01 0.35 0.35 0.3 11.04% 13.86% 60.49% 103 No
R1-02 0.2 0.5 0.3 10.55% 13.30% 58.72% 91 No
R1-03 0.1 0.7 0.2 13.70% 16.87% 55.06% 132 No
R1-04 0.1 0.35 0.55 7.94% 10.25% 55.69% 19 Yes
R1-05 0.55 0.25 0.2 15.51% 18.96% 59.76% 145 No
R1-06 0.05 0.6 0.35 9.72% 12.28% 55.32% 78 No
R1-07 0.3 0.55 0.15 16.49% 20.24% 57.22% 150 No
R1-08 0.35 0.15 0.5 9.36% 11.88% 58.29% 69 No
R1-09 0 0.8 0.2 14.06% 17.30% 51.54% 137 No
R1-10 0.25 0.4 0.35 9.91% 12.63% 59.43% 83 No
R2-01 0.05 0.35 0.6 7.70% 9.88% 53.76% 9 Yes
R2-02 0.1 0.3 0.6 7.83% 10.13% 54.94% 14 Yes
R2-03 0.15 0.3 0.55 8.04% 10.45% 56.54% 25 No
R2-04 0.15 0.35 0.5 8.31% 10.71% 57.30% 35 No
R2-05 0.05 0.4 0.55 7.88% 10.12% 54.33% 17 Yes
R2-06 0.2 0.25 0.55 8.27% 10.68% 57.15% 33 No
R2-07 0.3 0.2 0.5 8.96% 11.33% 58.54% 58 No
R2-08 0.4 0.1 0.5 9.82% 12.41% 57.80% 80 No
R2-09 0 0.3 0.7 7.46% 9.66% 51.07% 1 Yes
R2-10 0.05 0.25 0.7 7.61% 9.96% 52.10% 6 Yes
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Figure 10. Ternary heatmap of the LLM-ABM method and distribution of Top 10% strategies.

4.2.3. Quantitative Assessment of Focusing Capability

To eliminate the randomness of single-round test results, this study carries out
10 rounds of independent comparative experiments. For the LLM-ABM method, each
experimental round includes two candidate generation cycles. Ten strategies are generated
per cycle, resulting in a total of 20 candidate strategies evaluated per round. For the random
search baseline, 20 strategies are directly sampled from the pool of 231 budget-feasible
strategies per round, with no feedback adjustment mechanism. Both methods are assigned
exactly the same single-round candidate evaluation budget.

Figure 11 demonstrates the results of the two search methods from the cross-round dis-
tribution perspective. The average final | and P, of LLM-ABM are slightly lower than those
of random search, while LLM-ABM performed better in terms of S, and Top-10% strategy
hit rate. Meanwhile, LLM-ABM showed smaller result fluctuation, proving it has reliable
ability to focus on high-quality strategy regions under limited candidate budgets. As shown
in Table 7, LLM-ABM achieved | = 7.74% =+ 0.25%, lower than 7.85% + 0.51% obtained
for random search. The P,,,,, of LLM-ABM was 10.03% = 0.30%, versus 10.16% % 0.63% of
random search, which is consistent with the performance trend of J. The S, of LLM-ABM
was 53.25% + 2.21%, higher than 50.88% = 2.38% obtained for random search.

Table 7. Comparative results of 10 independent trials between LLM-ABM and random search.

Metric Direction LLM-ABM Random Search
(10-Round Mean + SD)  (10-Round Mean + SD)
selected | (%) Lower is better 7.74 + 0.25 7.85 + 0.51
selected P, (%) Lower is better 10.03 £ 0.30 10.16 £ 0.63
selected Sy, (%) Higher is better 5325 +221 50.88 £ 2.38
Global | ranking of final selected strategy =~ Lower is better 11.50 + 10.24 15.50 + 19.20
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Figure 11. Comparison of results between LLM-ABM and random search over 10 independent trials.

A further analysis was conducted on the performance comparison of the Top-10%
strategy hit rate between the two methods, as shown in Table 8. The Top-10% strategy hit rate
is defined as the ratio of the number of candidate strategies that fall into the global Top-10%
region of the complete response surface to the total number of candidate strategies in each
independent trial. The statistical comparison was conducted based on independent trial
rounds, with both LLM-ABM and random search comprising 10 rounds of trials. Results are
expressed as mean + standard deviation. The 95% confidence interval was calculated for
the mean difference in hit rates between the two methods, with values derived from LLM-
ABM minus random search. Between-group differences were examined using a two-sided
Welch’s t-test, and exact permutation tests were performed to obtain permutation p-values.
Hedges’ g was also reported as a standardized effect size for robustness verification under
small sample conditions.

Table 8. Comparison of Top-10% strategy hit rates between LLM-ABM and random search.

Independent Top-10%

Mean Diff (pp) Permuta- Holm

Method Hit Rate & 95% CI Welch p tion Testp  Corrected p Hedges’g
LLM-ABM 20.00% = 14.53% — — — — —
Random Search 9.50% £ 9.26% — — — — —
LLM-ABM — 10.50 [-1.10,
Random Search — 22.10] 0.0728 0.0858 0.2573 0.83

In the 10 independent trials, the Top-10% strategy hit rate for LLM-ABM was
20.00% =+ 14.53%, compared with 9.50% + 9.26% for random search, with an observed
mean difference of 10.50 percentage points. The Welch’s two-sided test, using trial rounds
as the statistical unit, did not show a significant difference (p = 0.0728); the results of
the two-sided exact permutation test also did not reach the statistical significance level
(p = 0.0858). The 95% confidence interval for the mean difference was —1.10 to 22.10
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percentage points, with Hedges” ¢ = 0.83. Although statistical significance did not reach the
conventional threshold and the confidence interval was wide, the large effect size combined
with the point estimate increase in hit rate preliminarily suggests that this method may
have the potential to focus search resources on high-quality regions. However, limited by
the number of trials, the current results should be regarded as preliminary experimental ob-
servations under a limited budget, which are insufficient to support a definitive conclusion
that its hit rate is significantly higher than that of random search, and further validation
through larger-scale trials in the future is warranted.

4.3. LLM-Generated Simulation Result Interpretation Report
4.3.1. Representative LLM-Generated Interpretation Report Example

To verify the LLM’s ability to generate interpretable management analysis reports based
on simulation results, this section took the 10th round of the experiment as an example and
used the simulation results of the 20 candidate strategies generated by the LLM as input.
The input data included the information from Tables 6 and 9. After being encapsulated in a
structured JSON format, the aforementioned data were fed into the LLM. The representative
analysis report output by the LLM is shown in Table 10. The report accurately identified
the optimal strategy as R2-09 and pointed out its key information. The key findings section
summarized the common characteristics of the top 3 strategies and the typical characteristics
of the poorly performing strategies, while the management recommendations suggested
prioritizing increased investment in active management resources accordingly. The entire
report was logically clear and accurate in data citation, demonstrating that the LLM pos-
sesses the ability to extract patterns from multi-dimensional simulation data and generate
structured and highly readable decision support information.

Table 9. The 95% confidence intervals of simulation indicators for strategies generated in the
10th round.

Candidate J 95% CI P,,.. 95% CI Siate 95% CI
R1-01 [10.96%, 11.11%] [13.66%, 14.05%] [60.24%, 60.74% |
R1-02 [10.48%, 10.62%] [13.12%, 13.47%] [58.52%, 58.93%]
R1-03 [13.59%, 13.81%] [16.67%, 17.07%] [54.82%, 55.29%]
R1-04 [7.89%, 7.98%]| [10.11%, 10.38%] [55.48%, 55.91%]
R1-05 [15.42%, 15.60%] [18.74%, 19.18%] [59.53%, 60.00%]
R1-06 [9.67%,9.78%] [12.13%, 12.43%] [55.12%, 55.52%]
R1-07 [16.39%, 16.59%| [20.05%, 20.44%] [56.95%, 57.49%]
R1-08 [9.31%, 9.40% ] [11.76%, 12.00%| [58.08%, 58.49% |
R1-09 [13.96%, 14.17%] [17.09%, 17.51%] [51.30%, 51.77%]
R1-10 [9.86%, 9.97%] [12.49%, 12.77%] [59.25%, 59.61%]
R2-01 [7.64%, 7.75%] [9.76%, 10.01%] [53.53%, 54.00%]
R2-02 [7.78%, 7.88%] [10.00%, 10.26%] [54.74%, 55.15%|
R2-03 [8.00%, 8.09%] [10.32%, 10.58%] [56.34%, 56.74% |
R2-04 [8.25%, 8.37%] [10.57%, 10.86%] [57.13%, 57.47%]
R2-05 [7.83%, 7.93%] [9.99%, 10.25%] [54.10%, 54.56%]
R2-06 [8.22%, 8.31%] [10.55%, 10.81%] [56.95%, 57.36%|
R2-07 [8.91%,9.01%] [11.19%, 11.47%] [58.29%, 58.79% |
R2-08 [9.76%, 9.88%] [12.25%, 12.57%] [57.61%, 57.99%|
R2-09 [7.42%, 7.50%] [9.52%, 9.79%| [50.82%, 51.32%]
R2-10 [7.56%, 7.65%]| [9.81%, 10.10%] [51.91%, 52.29%]
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Table 10. LLM-generated management strategy analysis report (representative output from the
10th round).

Simulation Analysis Report of Construction Safety Management Strategies

1. Optimal Strategy Overview

(1) The recommended strategy ID is R2-09, and its three types of management
parameter configurations are: Passive = 0, Preventive = 0.3, Active = 0.7.

(2) The mean ] value of this strategy is 7.46% (95% CI: 7.42-7.50%), the mean P,
value is 9.66% (95% CI: 9.52-9.79%), and the mean S, value is 51.07% (95% CI:
50.82-51.32%).

(3) This strategy ranks 1st globally and belongs to the Top 10% region.

2. Key Findings

(1) The common characteristics in management parameter configuration for the
top 3 strategies (R2-09, R2-10, R2-01) are: high active management intensity (0.7, 0.7,
and 0.6, respectively), low passive management intensity (0, 0.05, and 0.05, respectively),
and moderate preventive management intensity (0.30, 0.25, and 0.35, respectively).

(2) The typical parameter characteristics of the poorly performing strategies
(R1-07, R1-05, R1-09) are: low active management intensity (0.15, 0.20, and 0.20,
respectively), and at least one of the passive or preventive management intensities is
high (R1-07 preventive is 0.55, R1-05 passive is 0.55, R1-09 preventive is 0.80).

(3) Summary of the relationship between management resource allocation and
risk indicators: Higher active management intensity combined with lower passive
management intensity helps reduce | and P, ,, and improve the global ranking.

3. Management Recommendations

(1) Specific and actionable management resource allocation suggestions: In
construction site safety management, the investment in active management resources
should be prioritized, while the allocation proportion of passive management resources
should be reduced.

(2) Supporting evidence: Cites the configuration of strategy R2-09 and its | value
of 7.46%, P, value of 9.66%, and global ranking of 1st; simultaneously cites the
configuration of strategy R2-10 and its | value of 7.61% and global ranking of 6th as
supporting evidence.

4.3.2. Expert Evaluation

To assess the quality of the management reports generated by the LLM, this study
adopted an expert subjective scoring method. Three experts with backgrounds in construc-
tion safety management or engineering management were invited to form an evaluation
panel. Experts A and C were researchers in engineering management, while Expert B was an
industry engineer with frontline construction safety management experience. Each expert
independently read the full LLM-generated report and the corresponding input data, and
scored the report on three dimensions: data fidelity, logical coherence and recommendation
actionability. A two-level conversion mechanism was adopted for scoring, and the results
are shown in Table 11. In terms of data fidelity, the scores from the three experts were 0.95,
0.92 and 0.97, with an arithmetic mean of 0.95, indicating that the numerical values and
strategy IDs in the report were consistent with the input JSON data, with no fabrication, tam-
pering, or omission detected. In terms of logical coherence, the expert scores were 0.87, 0.84
and 0.90, with an arithmetic mean of 0.87, suggesting that the logical relationships among
the report sections were clear and the findings and conclusions were reasonable. In terms of
recommendation actionability, the scores were 0.85, 0.82 and 0.88, with an arithmetic mean
of 0.85, reflecting that the management recommendations were specific, actionable, and
supported by data. In summary, the average scores of the LLM-generated reports across the
three evaluation dimensions were no less than 0.85, validating the reliability of the generated
content in terms of data accuracy, logical reasonableness, and practical applicability.

https://doi.org/10.3390/buildings16214308


https://doi.org/10.3390/buildings16214308

Buildings 2026, 16, 4308 31 of 38
Table 11. Expert evaluation results.
Evaluation Dimension Expert A ExpertB Expert C Arithmetic
Mean
Data Fidelity 0.95 0.92 0.97 0.95
Logical Coherence 0.87 0.84 0.90 0.87
Recommendation Actionability 0.85 0.82 0.88 0.85

5. Discussion
5.1. Theoretical Contributions

The theoretical contributions of this study are mainly reflected in the following three
aspects. First, this study proposes the role of LLMs as candidate strategy generator and eval-
uates the concept of strategy-focusing capability. Unlike numerical optimization methods
such as GAs and RL, LLMs generate candidate strategies by leveraging semantic understand-
ing capabilities and self-correct through iterative feedback without relying on gradients
or population evolution. This study introduces for the first time the concept of “strategy-
focusing capability” to characterize the mechanism by which, under the synergistic effect of
a human-designed search framework and LLM semantic reasoning, the LLM-ABM closed-
loop feedback process concentrates search resources on high-potential strategy regions.
It should be emphasized that “focusing” here does not refer to competing with numeri-
cal optimization methods in terms of search efficiency, but rather refers to the ability of
the LLM-ABM to achieve directed search superior to uninformed random search under
conditions of zero training, zero tuning, and reliance solely on semantic understanding
and limited simulation feedback. This capability holds unique value in the following sce-
narios. When the optimization objective is difficult to formulate mathematically, the LLM
can understand high-level semantic goals and generate corresponding parameters. When
domain knowledge needs to be integrated, the LLM can incorporate empirical rules into
the search process. When an interpretable search process is required, the LLM can provide
natural language justifications for strategy adjustments. Therefore, the “focusing” validated
in this study represents a semantically driven search paradigm, rather than an improve-
ment in numerical efficiency. The experimental results show that, under the discrete grid
with a step size of 0.05 and the current ABM model settings, the LLM-ABM framework
achieves a Top-10% strategy hit rate of 20.00%, which is numerically higher than the 9.50%
achieved by random search. This preliminarily demonstrates the framework’s potential
to focus search resources on high-quality strategy regions defined based on the discrete
grid and the model under a limited budget. It should be noted that the “high-quality
strategy region” here is defined based on the ranking of the | metric derived from the
current ABM model, reflecting the model’s internal risk assessment criteria rather than
the absolute level of safety performance in the real world. Although this difference did
not reach the conventional threshold for statistical significance, the large effect size pro-
vides valuable clues for subsequent research. Second, validating the feasibility of using
the LLM as an interpreter of simulation results. Addressing the bottleneck where ABM
outputs are rich in information but difficult to distill into management insights, this study
applies the LLM to the automatic interpretation of structured simulation data for the first
time. An LLM-based automated report generation framework is proposed, along with a
three-dimensional evaluation system encompassing data fidelity, logical coherence, and rec-
ommendation actionability. Through expert evaluation, the framework’s ability to generate
logically coherent reports with actionable recommendations within the scope of simulation
data is validated. This framework offers a feasible pathway for converting simulation results
into structured decision-support text, though its applicability in real-world engineering
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contexts warrants further investigation. Third, this study constructs a closed-loop paradigm
spanning strategy generation, simulation evaluation, result feedback, iterative optimization,
and report generation. Existing research on the integration of LLMs and simulation models
predominantly features unidirectional applications, lacking bidirectional feedback. This
study realizes a verifiable closed-loop interaction between LLMs and ABM for the first time,
and establishes a dual-dimensional evaluation system encompassing strategy focusing and
interpretation quality. This paradigm provides a referable technical pathway and evaluation
framework for subsequent research, and contributes to expanding the application direction
of “Al for Engineering Management.”

5.2. Key Findings and Managerial Implications

Through systematic experiments, this study obtained the following three key find-
ings. First, under the fixed risk environment defined by this model, different management
resource allocations correspond to different evolutionary patterns of unsafe behaviors.
Comparison of the four typical strategies showed that the active management strategy
corresponded to the best performance in controlling the average proportion of unsafe
personnel and peak risk, while the balanced strategy corresponded to an advantage in
maintaining late-stage safety status. Both the passive and prevention strategies were inferior
to the balanced strategy across all indicators. This result reflected that shifting manage-
ment resources toward active measures was associated with lower cumulative levels of
unsafe behaviors, but completely neglecting certain types of measures was associated with
degradation of late-stage safety status. Second, under the current discrete grid and ABM
model settings, the LLM-ABM demonstrates a certain potential for strategy focusing under
a limited budget. Over 10 independent trials, the Top-10% strategy hit rate of LLM-ABM
was 20.00%, which was numerically higher than the 9.50% of random search, and the final
selected strategies achieved better global rankings with smaller fluctuations. In the case
of the 10th round, after broad exploration in the first round, the LLM focused its search
on high-active, low-passive regions in the second round based on simulation feedback,
reducing the | value of the optimal strategy from 7.94% to 7.46%. This case preliminarily
demonstrates that the LLM can achieve strategy focusing within a manually designed
two-round search framework by leveraging semantic understanding of simulation feedback.
The concentration of second-round strategies toward regions with high active measures and
low passive measures benefits both from the directional guidance of the search framework
and from the LLM’s ability to semantically parse feedback information and transform it
into parameter adjustments. It should be noted that the aforementioned difference in hit
rates did not reach statistical significance. The current results should be regarded as prelim-
inary observations under a limited number of trials, warranting further validation through
larger-scale experiments. Third, LLMs can generate high-quality, traceable management
analysis reports based on structured simulation data. Expert evaluation showed that the
reports achieved high scores across all three dimensions of data fidelity, logical coherence,
and recommendation actionability, accurately identifying the optimal strategy, summariz-
ing key findings, and proposing specific recommendations without fabricated values or
logical contradictions, demonstrating that LLMs can transform abstract simulation data
into decision-making references with engineering insight.

Based on the above findings, this study proposes the following managerial implica-
tions. First, based on the current model results, under similar fixed risk environments,
it is recommended to prioritize increasing active management resource input. Both the
typical strategy analysis and the full response surface analysis consistently indicate that
increasing active management intensity is associated with reducing both the burden of
unsafe behaviors and peak risk. With limited resources, managers can prioritize active
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measures while maintaining moderate preventive inputs, so as to balance risk control and
late-stage safety maintenance. Second, leverage the LLM-ABM framework to assist strategy
decision-making. Traditional decision-making often relies on experience and intuition,
making it difficult to locate optimal configurations within the complete strategy space.
This framework can rapidly explore the strategy space, focus on high-quality regions, and
generate interpretable reports within a limited budget, providing data-driven references
for managers. In project contexts characterized by resource constraints and tight schedules,
the strategy formulation approach supported by this framework corresponds to higher
efficiency and stronger scientific rigor. Third, emphasize the interpretability of simulation
results. Complex simulation outputs are often difficult for frontline managers to directly
understand. This study demonstrates that LLMs can serve as a “translation bridge” between
simulation models and managers, converting numerical results into structured and trace-
able management recommendations. This holds significant reference value for advancing
simulation tools from research toward engineering practice.

5.3. Limitations

Although this study has achieved preliminary results, the following limitations remain.
First, insufficient validation of the model’s empirical validity. The ABM model in this study
was constructed based on statistics from 156 accident cases, analysis of 7 typical incident
cases, and ratings from 10 experts, and its numerical stability was demonstrated through
30 repeated simulations. However, this stability reflects the internal consistency of the
model, rather than its alignment with the real world. The four-state classification, risk
weights, and state transition rates in the model have not yet been calibrated or validated
against observational data from real construction sites. Therefore, the patterns identified in
this study are strictly confined to the current model assumptions and parameter settings,
and should not be directly inferred as causal effects in real-world construction environments.
These findings should be regarded as quantitative regularities generated under specific
model conditions, providing theoretical hypotheses for subsequent empirical validation,
rather than definitive conclusions about the effectiveness of real-world management strate-
gies. Second, the limitation of the baseline method. This study only employed random
search as the baseline for comparison and did not conduct systematic comparisons with
classical numerical optimization methods. Although the theoretical positioning of this
study was not to compete with these methods in terms of search efficiency, and random
search effectively reflected the incremental effect of LLM’s semantic guidance, the lack of
comparison with mainstream optimization methods limited the comprehensive evaluation
of the relative performance of the LLM-ABM framework. Therefore, the current findings
should be understood as preliminary evidence of the LLM-ABM'’s performance relative
to uninformed search under a limited budget, and its positioning among a broader range
of optimization methods remains to be investigated in future research. Third, the limited
number of trials and the limitations of statistical inference. This study conducted only 10 in-
dependent trials when evaluating the strategy-focusing capability of LLM-ABM. Although
the Top-10% strategy hit rate of LLM-ABM was numerically higher than that of random
search, neither the Welch’s t-test nor the exact permutation test reached the conventional
threshold for statistical significance. The small sample size limited the statistical power,
preventing definitive conclusions regarding the direction and magnitude of this difference.
Therefore, the current results should be regarded as preliminary experimental observations
under a limited budget, rather than confirmatory evidence of the LLM-ABM’s focusing
ability. Future research should increase the number of independent trials and adopt a more
rigorous statistical inference framework to more reliably evaluate the performance advan-
tage of LLM-ABM over random search. Fourth, the limitations of the expert evaluation
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metrics. The evaluation of “recommendation actionability” in the LLM-generated reports
in this study relies on the experts’ subjective judgment of the simulation text. Since the
prompt constrains the LLM to use only the input data, the “actionability” of the reports is
essentially co-determined by the assumptions of the ABM model, the subjective perceptions
of the experts, and the language quality of the LLM. Therefore, the evaluation results reflect
the internal consistency of the reports within the simulation framework, rather than their
practical effectiveness in real-world engineering contexts. Future research should incorpo-
rate field cases or expert interviews to evaluate LLM-generated reports within authentic
decision-making scenarios. Fifth, the impact of the structural correspondence between
management measures and state transitions on the conclusions. This study assigns three
types of management measures to act on different behavioral states based on safety man-
agement theory. Although this design has a theoretical basis, it objectively grants active
management a more direct pathway to the unsafe state. Therefore, the conclusion that
“active management performs best in controlling J and P,,,,,” is, to some extent, influenced
by the model structure. Future research could consider adopting more flexible mecha-
nisms for the interaction between management measures and state transitions, or conduct
robustness tests under multiple alternative structures, to further validate the robustness
of the findings. Sixth, the inseparability of LLM capability and the search framework. In
this study, the search behavior of the LLM was guided by explicit search rules specified
in the prompt. Therefore, the observed strategy focusing phenomenon cannot be fully
attributed to the intrinsic reasoning ability of the LLM alone, but rather results from the
synergistic effect of the search framework and the LLM’s semantic understanding. The
current experimental design is unable to disentangle the independent contributions of these
two components. Future research could clarify this through ablation experiments. For
example, the LLM could be replaced with simple heuristic rules while keeping the search
framework unchanged to compare focusing performance, or the explicit search rules in
the prompt could be removed, retaining only the “generate strategies” instruction, to test
whether the LLM can autonomously form focusing behavior. Such experiments would
quantify the marginal contribution of LLM semantic reasoning, providing finer-grained
guidance for method design.

5.4. Future Research

Based on the above limitations, future research can be pursued in the following direc-
tions. First, introduce a dynamic risk environment. Integrate real-time monitoring data from
the Internet of Things with the proposed framework to build a dynamic decision-making
system that supports online updating of the risk environment. When risk factors change, the
LLM can regenerate candidate strategies based on the updated environmental parameters,
enabling dynamic adjustment and adaptive optimization of management strategies. Second,
conduct systematic comparisons with classical numerical optimization methods. Future
research should conduct comprehensive comparisons between the LLM-ABM framework
and methods such as GAs, BO, and RL under identical experimental conditions, evaluating
the overall performance of each method across three dimensions of strategy search efficiency,
result quality, and interpretability. Such comparisons will provide empirical evidence for
method selection across different application scenarios, and also help clarify the unique
advantages and applicable boundaries of LLMs in search tasks. Third, conduct ablation
experiments to disentangle the contributions of the LLM and the search framework. Future
research should design controlled experiments in which, while keeping the search frame-
work unchanged, the LLM is replaced with non-semantic heuristic strategies, or the LLM is
operated under open prompts without explicit search rules. By comparing the focusing
performance across different configurations, the marginal contribution of LLM semantic
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reasoning relative to the search framework can be quantified, thereby providing a more pre-
cise answer to the core question of “to what extent does the LLM independently contribute
to strategy focusing”. Fourth, expand the scale and dimensions of expert evaluation. Invite
more engineering management experts with diverse backgrounds to participate in the evalu-
ation, and add additional evaluation dimensions to obtain a more comprehensive and robust
assessment of report quality. Fifth, extend the application scenarios. This study is based on
the specific context of a petroleum pipeline project in Abu Dhabi, with risk factor weights
held constant throughout the simulation process. Meanwhile, the correspondence between
management measures and state transitions carries structural presuppositions. Therefore,
the research findings are strictly confined to this particular engineering context, fixed risk
environment, and current model settings. Different project types, risk environments, or
model structures may lead to different conclusions. Future research should conduct val-
idation across multiple construction sites, under dynamic risk environments, and with
alternative model structures to assess the robustness and generalizability of the findings.
Sixth, conduct model calibration and empirical validity verification. Future research should
calibrate model parameters using field data, enabling the model to more accurately reflect
real management intervention mechanisms, thereby upgrading the current conditional
conclusions into more generalizable management recommendations. Only after the model
passes empirical validity verification can its output strategy recommendations be directly
applied to practical engineering decision-making.

6. Conclusions

This study constructed and validated an LLM-ABM closed-loop decision-making
framework that integrates LLMs with ABM for the intelligent generation and evaluation
of construction safety management strategies in the field of petroleum engineering. The
experimental results demonstrated that, under the current ABM model settings and fixed
risk environment, the active management strategy corresponded to the lowest | and P,,,,,,
while the balanced strategy had an advantage in maintaining the S, in the later stage,
with no single strategy dominating across all indicators. In terms of strategy search, under
the experimental conditions based on a discrete grid with a step size of 0.05 and fixed ABM
model settings, the LLM-ABM achieved a higher Top-10% strategy hit rate than random
search in point estimates, and the final selected strategies exhibited better global rankings
on the discrete grid with lower variance. This preliminarily suggests that the LLM-ABM
workflow has the potential to focus search on high-quality strategy regions defined under
this discrete grid and model within a limited budget. It should be emphasized that the
above conclusions are strictly confined to the current discrete grid resolution and ABM
model assumptions, and do not equate to discovering optimal management strategies in the
real world. In terms of result interpretation, the management reports generated by the LLM
achieved high scores across all three dimensions of data fidelity, logical coherence, and
recommendation actionability, indicating that LLMs can transform structured simulation
data into traceable management recommendations. Within the context of the petroleum
pipeline project investigated in this study, the LLM-ABM workflow framework demonstrated
the capability of strategy focusing and automated report generation under a limited budget,
providing a data-driven reference tool for safety management decision-making in this
type of engineering project. Its applicability to broader construction safety management
scenarios requires further validation.
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