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ABSTRACT
High injury and fatality rates in the construction industry continue to result in significant 
human and economic losses. To improve construction safety, construction accident prediction 
has become a critical component of safety management by leveraging machine learning (ML) 
and deep learning (DL) approaches based on historical datasets. However, they are limited to 
capturing contextual causality within datasets and performing well in new contexts. 
A promising alternative is to use large language models (LLMs) that enable data-based causal 
reasoning and capture contextual pre-incident factors. Unfortunately, the feasibility of using 
LLMs to predict construction accidents has not been sufficiently investigated, leaving several 
research gaps (e.g. prompting strategies, performance relative to ML methods, and validation) 
unresolved. Therefore, this study aims to demonstrate feasibility by developing two prediction 
models (ML and LLM), comparing their performance, and validating them. Fourteen different 
ML algorithms were used, and a separate LLM classifier was developed using Chain-of-Thought

prompting combined with the Issue, Rule, Application, and Conclusion (IRAC) approach, 
which is effective in shaping logical reasoning processes. Results showed that XGBoost and 
LLM achieved accuracies of 97.9% and 94.5%, and recalls of 97.5% and 98.9%, respectively. 
Also, validation with 1,206 hold-out datasets confirmed temporal robustness for both 
approaches.
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1. Introduction

Construction industry records a large number of fatal
ities and injuries every year. According to the recent 
statistics published by the U.S. Bureau of Labor 
Statistics (BLS), in 2022, the construction industry 
recorded about 23% of all fatal injuries within the 
private sector (BLS 2023). Direct and indirect economic 
costs resulting from such annual fatalities and injuries 
are estimated to be $11.5 billion (Waehrer et al. 2007). 
In South Korea, the construction industry accounted 
for approximately 53% of fatalities across all industry 
sectors and 24% of all occupational accidents in 2022, 
resulting in direct and indirect economic losses of 
$26.2 billion (MOEL 2023).

In order to prevent workers’ accidents on construc
tion sites and improve safety and health records, 
efforts have been made by developing systematic 
safety programs and employing advanced technolo
gies, such as virtual reality (VR), computer vision, wear
able sensing, and robotics (D. Choi and Koo 2023; Jeon 
and Cai 2021, 2023; Kim, Lee, and Jeon 2024; Kulinan 

et al. 2024). For instance, a VR module was developed 
for construction safety training, and its effectiveness in 
training performance has been demonstrated (Rokooei 
et al. 2023). Computer vision approach has also been 
often adopted to remotely monitor workforce safety 
risks on construction sites (Kulinan et al. 2024). Among 
various prior research efforts, construction accident 
prediction has become a critical component within 
the construction safety management domain, attribu
ted to its capability of systematically forecasting poten
tial incidents on specific construction sites and the 
potential to be used as a tool for safety managers to 
allocate limited resources and design corresponding 
proactive measures (Andolfo and Sadeghpour 2015; 
Koc, Ekmekcioğlu, and Gurgun 2023a). The underlying 
rationale is that predictive models developed using 
well-established methods and historical datasets 
allow for quantitatively measuring the probability of 
potential accidents (Go et al. 2022; Jeong, Chae, and 
Kang 2023).
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Varying methods, such as statistical analysis, 
machine learning (ML), and deep learning (DL) algo
rithms, and historical datasets have been utilized to 
improve the reliability of the prediction models and 
resulting performance (e.g., accuracy) (Ayhan and 
Tokdemir 2019; Koc, Ekmekcioğlu, and Gurgun 2022; 
Tixier et al. 2016; Q. Xu and Xu 2021). Unfortunately, 
however, despite their proven performance and effec
tiveness, existing approaches requiring users’ expertise 
in data analytics are challenging to implement in 
actual construction workplaces and often involve 
demanding model development tasks (e.g., fine- 
tuning and model construction) (Akinosho et al. 2020; 
Y. Xu et al. 2021). In addition, construction accident 
prediction models built upon ML and DL algorithms, 
which were used as main methodological components 
in many previous studies, are difficult to reproduce, 
directly implement in a new construction environ
ment, and achieve consistent performance due to the 
dynamic and constantly changing nature of construc
tion jobsites (Gondia, Ezzeldin, and El-Dakhakhni 2022; 
Koc, Ekmekcioğlu, and Gurgun 2021).

A promising alternative is to adopt a large lan
guage model (LLM) that can efficiently generate 
quality outputs (e.g., text) in response to users’ 
queries (K. Zhang, Kwon, and Xiong 2023). With the 
recent advancement of deep learning, generative 
models, and LLM architectures, LLM has started to 
be widely used for content generation, personaliza
tion, and problem-solving (Fui-Hoon Nah et al. 2023; 
J. Lee and Ahn 2025). At the same time, it has started 
to be used by researchers to address long-standing 
challenges in various domains (e.g., psychology, lin
guistics, and construction) (Hansen and Hebart 2022; 
Liu, Zhang, et al. 2023; Yoo et al. 2024). Some studies 
have suggested LLM-centered approaches to predict 
dynamic trends in the financial market, medical out
comes, and the type of natural disaster propagation 
(Amacher et al. 2024; Che et al. 2024; 
Khanmohammadi et al. 2024).

However, despite the unique potential of leveraging 
LLM in prediction tasks, several critical knowledge gaps 
remain to be addressed to achieve comprehensive and 
precise construction accident prediction. First, given 
the nature of construction datasets, which comprise 
a mix of structured and unstructured variables, the 
feasibility of using an LLM for forecasting construction 
accidents has not been sufficiently investigated. Also, 
whether the LLM, which allows for causal reasoning 
and capturing contextual patterns within the data, 
could offer advantages or disadvantages over existing 
approaches (e.g., ML and DL) remains unclear. Second, 
developing effective prompting strategies remains 
a key challenge because LLM performance is highly 
sensitive to prompt structure, yet few prior studies 
have examined which prompting frameworks – such 
as zero-shot, few-shot, or structured prompting – are 

suitable for guiding domain-specific LLMs to reason 
over dynamic construction data for accident predic
tion. Third, prior work lacks validation on new hold- 
out accident datasets, making it unclear whether the 
developed models generalize beyond historical data or 
remain reliable when applied to newly occurring 
incidents.

To bridge the aforementioned gaps, this paper aims 
to examine the feasibility of an LLM-powered construc
tion accident prediction approach and compare the 
performance with that achieved from well- 
established ML algorithms that were adopted by 
a majority of previous studies. The methodology con
sists of the following five steps. First, a dataset is con
structed based on publicly available databases 
containing historical accident cases that occurred on 
the jobsite. Second, data points are augmented due to 
class imbalance issues observed in the dataset. Third, 
a total of fourteen classifiers forecasting the potential 
construction accidents in two classes (death and 
injury) are developed, each of which is separately 
built upon an individual machine learning algorithm. 
Fourth, an LLM (i.e., ChatGPT)-centered classifier is 
developed through prompt engineering based on 
a theoretical foundation. Lastly, the prediction perfor
mance is compared using widely adopted metrics (e.g., 
accuracy and precision), validation on the new data
sets that were not used for training and testing ML and 
LLM classifiers is conducted, and critical observations 
are discussed. The findings of this paper are expected 
not only to promote the potential application of LLM in 
construction accident prediction and classification but 
also to ultimately contribute to enhancing safety per
formance on construction sites.

2. Background and related studies

2.1. Construction accident prediction in safety 
management

In the construction safety management domain that 
aims to identify, assess, and control risks in construc
tion environments to prevent workers’ injuries and 
fatalities, construction accident prediction has received 
a significant amount of attention as it serves as a risk- 
forecasting foundation, shifting safety management 
from reactive responses to preventive strategies (e.g., 
reallocating limited resources to high-risk operations 
and implementing task-specific controls) (Andolfo and 
Sadeghpour 2015; Koc, Ekmekcioğlu, and Gurgun  
2023a). One of the methodologies used for effective 
construction accident prediction is statistical techni
ques (e.g., regression modeling and Bayesian infer
ence) that use varying forms of historical datasets 
(e.g., national accident data and accident investigation 
reports) to quantify risk probabilities for specific con
struction activities, site conditions, etc., before 
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incidents occur (Akboğa Kale and Baradan 2020; J. Choi 
et al. 2020; K. Kang and Ryu 2019). In particular, 
Generalized Linear Models (GLMs) have been exten
sively utilized to handle target variables with non- 
normal distributions. Also, the Firth’s logistic regres
sion has been recognized as an effective alternative to 
mitigate estimation bias caused by imbalanced data 
distributions (Toptanci, ErgiNel, and Acar 2023). More 
recently, advanced statistical approaches, including 
Hierarchical Generalized Additive Models (HGAM) and 
Explainable Boosting Machines (EBM), have been pro
posed, offering new analytical possibilities by automa
tically detecting complex interactions and visualizing 
non-linear relationships within high-dimensional con
struction accident data. However, despite their proven 
effectiveness and potential, a review of the existing 
literature has revealed the following challenges and 
observations.

Firstly, since many studies attempted to minimize 
input variables for the development of statistical mod
els for avoiding the multicollinearity issues, they often 
sacrificed latent variables that could have contributed 
to enhanced construction accident prediction perfor
mance (Alin 2010). Also, to mitigate increased compu
tational complexity and the loss of intuitive 
interpretability, advanced models often impose struc
tural constraints or engage in selective variable identi
fication. Secondly, construction accident data 
inherently exhibit a highly imbalanced distribution 
between low- and high-severity accident classes (e.g., 
injuries vs. fatalities) (J. Choi et al. 2020; K.-S. Kang, Koo, 
and Ryu 2022; K. Kang and Ryu 2019; Toptanci, ErgiNel, 
and Acar 2023). To address this issue, research efforts 
have been made by utilizing data sampling (Koc, 
Ekmekcioğlu, and Gurgun 2023b) and augmentation 
techniques (Elamrani Abou Elassad, Mousannif, and Al 
Moatassime 2020), often combined with machine 
learning (ML) algorithms (Baker, Hallowell, and Tixier  
2020; Koc and Gurgun 2022). Lastly, although the focus 
of construction accident prediction is on using pre- 
incident variables (e.g., activities workers engaged 
with and site conditions) for performing statistical ana
lysis, many post-incident factors (e.g., injured body 
parts) were used as predictors, representing a limited 
applicability for proactive safety management (J. Y. Lee 
et al. 2020; Tixier et al. 2016).

2.2. Machine learning and deep learning 
approaches for accident prediction

In order to address the limitations of using statistical 
approaches for forecasting potential construction acci
dents, ML and DL algorithms have started to be 
actively adopted. The underlying rationale is that ML 
and DL approaches allow for capturing latent features 
in the data to extract risk-relevant patterns, modeling 
high-dimensional relationships, and improving the 

resulting prediction performance (J. Choi et al. 2020; 
K. Kang and Ryu 2019; Mistikoglu et al. 2015).

Among several comparative characteristics (e.g., 
modeling approach, ability to capture nonlinearity, 
and data compatibility) of using ML or DL algorithms 
for accident prediction, the literature shows that DL 
tends to provide higher predictive performance than 
ML because DL algorithm’s layered architectures 
enable the effective extraction of latent interactions 
among data (e.g., activity type, environmental condi
tions, and situational hazards) and it performs well 
with unstructured data (Ayhan and Tokdemir 2019; 
Koc, Ekmekcioğlu, and Gurgun 2022). However, 
despite the DL’s superior performance, it struggles to 
offer interpretability due to multiple hidden layers, 
a large number of hyperparameters, and complex 
transformations, while ML algorithms (e.g., logistic 
regressions and decision trees) allow for identification 
of how each feature contributes to the outcome based 
on transparent mathematical structures (Gondia, 
Ezzeldin, and El-Dakhakhni 2022; K.-S. Kang, Koo, and 
Ryu 2022; Koc, Ekmekcioğlu, and Gurgun 2023a). Also, 
DL demands complex modeling efforts, which require 
expert intervention, and it tends to focus on accident 
outcomes rather than contextual precursors.

In contrast, ML algorithms, such as Decision Tree 
(DT), are most suitable when transparent decision- 
making is prioritized, as their structure mimics human 
logic and presents accident causal factors in a visually 
interpretable form (Mistikoglu et al. 2015). However, 
DT is prone to capturing noise in accident data, leading 
to poor generalization. To ensure higher predictive 
robustness, Random Forest (RF) is often preferred, as 
its bagging technique – aggregating multiple decorre
lated trees – effectively reduces variance and prevents 
overfitting amidst the high heterogeneity of construc
tion site conditions (J. Choi et al. 2020; K.-S. Kang, Koo, 
and Ryu 2022).

Although many studies have attempted to utilize 
ML algorithms for construction accident forecasting, 
given their unique advantages (e.g., model interpret
ability, predictive robustness, and mitigation of over
fitting), they are limited to holistically comparing the 
performance of varying algorithms, as individual stu
dies relied on a few algorithms, which restricts the 
ability to identify insightful relationships between the 
structure/nature of different algorithms and their cor
responding performance. In addition, these 
approaches are limited to quantifying accident data 
and identifying underlying patterns, making it challen
ging to infer contextual causality and resulting in a lack 
of adaptive response capability to new settings 
(Requeima et al. 2024). As a result, the introduction of 
an LLM capable of simultaneously performing data- 
based causal reasoning has been proposed as an alter
native to enhance interpretability and adaptability in 
novel contexts. More theoretical background on using 
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LLM for construction accident prediction and compar
ing the results with those achieved from ML is elabo
rated in the following subsection.

2.3. Application of large language model in the 
construction domain

The LLM is a subfield of artificial intelligence that can 
generate contextually coherent output based on user 
input (prompt) (K. Zhang, Kwon, and Xiong 2023). LLM 
supports various modalities (e.g., text-to-text, text-to- 
image, and text-to-video) and is capable of performing 
contextual understanding and adaptive reasoning, 
making it a promising alternative to tackle challenges 
that were difficult to address with traditional 
approaches (S.-W. Lee and Choi 2023; Liu, Yang, et al.  
2023; Singer et al. 2022; Topal, Bas, and van Heerden  
2021).

With the LLM’s potential and advantages, it has 
been widely leveraged in the construction safety 
domain for automated safety report generation 
(Nyqvist, Peltokorpi, and Seppänen 2024), multimodal 
hazard identification (Wang et al. 2024), safety guide
line summarization (Smetana et al. 2024), simulation- 
based risk scenario generation (Samsami 2024), and 
accident type classification (e.g., falls, struck-by, and 
slips/trips) (Yoo et al. 2024). Although these studies 

mainly demonstrated that LLM allows for efficient 
data summarization, extraction, and information gen
eration, its capability of directly processing textual data 
(e.g., categorical variables), reasoning, and synthesiz
ing heterogeneous data, in predicting construction 
accidents, which was difficult to achieve with tradi
tional approaches, has been minimally investigated.

In addition, conventional statistical, ML, and DL 
techniques often struggle to fully leverage construc
tion datasets that contain a mix of structured and 
unstructured data points (Samsami 2024). They may 
overlook latent patterns, fail to infer deeper causal 
relationships, and inadequately capture the contextual 
factors essential for improving the performance of 
construction accident prediction. Nevertheless, studies 
on demonstrating the LLM’s construction accident pre
diction ability are still in an early stage, leaving signifi
cant gaps between prompt engineering strategies, 
generative mechanisms, and quantitative comparison 
with existing approaches unexplored.

3. Methodology

This study developed a comprehensive framework, as 
illustrated in Figure 1, to predict construction accident 
outcomes as either death or injury, using both ML and 
LLM approaches. A large dataset of historical 

Figure 1. Research framework.
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construction accidents was curated, preprocessed, and 
refined to ensure data quality and relevance. Feature 
selection techniques were applied to reduce complex
ity and focus on critical attributes, while data augmen
tation methods addressed class imbalances, resulting 
in a balanced dataset for model training. Automated 
machine learning (AutoML) technique was adopted to 
simplify processes (e.g., model selection and hyper
parameter tuning) and develop binary classification 
models. For the LLM, a structured CoT prompting fra
mework was introduced to construct a separate classi
fication model. Lastly, the prediction and classification 
performance were compared based on the above two 
approaches.

3.1. Dataset development

In order to develop the dataset that serves as 
a foundation to predict the occurrence of accidents 
on construction sites, a large amount of publicly avail
able historical database published by the Korea 
Occupational Safety and Health Agency (KOSHA) and 
the Ministry of Land, Infrastructure and Transport 
(MOLIT) was utilized (MOLIT 2023). KOSHA and MOLIT 
conduct national-level investigations into construction 
accidents and post all information (e.g., accident name, 
date/time, hazard type, accident description, root 
cause, weather/season, and project details) associated 
with each accident to the database. The rationale for 
focusing on these data sources was attributed to their 
comprehensive coverage across regions, projects, and 
seasons, as well as the completeness of the data, col
lected via standardized and reliable reporting proto
cols, all of which are similar to those in OSHA and the 
Bureau of Labor Statistics (BLS) in the U.S.

The initial dataset was constructed by downloading 
23,573 accident case data that occurred at construc
tion sites in South Korea from January 2019 to 
February 2024; individual data points consisted of 51 
features. Among these construction accident cases, 
three hazard types of fall (18%), slip/trip (24%), and 
struck-by (15%) were identified as the leading causes 
of injuries and deaths at construction sites. They were 
filtered out and used to construct the dataset consist
ing of 13,559 accident cases. Then, preprocessing was 
conducted by handling null values, removing outliers 
(e.g., 90°C temperature), and normalizing the data, 
resulting in a refined dataset of 6,331 data points.

In the following step, feature selection was per
formed to remove unnecessary attributes and mini
mize the complexity of the resulting prediction 
model. Feature selection is an essential technique in 
data analytics because it efficiently improves the 
resulting performance (e.g., accuracy) by eliminating 
irrelevant/redundant features (predictors) and enhan
cing computational efficiency (Gupta et al. 2021). 
Interdependent components were reviewed, 

redundant attributes were removed, and features asso
ciated with post-accident information (e.g., damage 
description, accident recurrence prevention measure, 
and injured body type) were excluded, reducing the 
number of features from 51 to 17. Then, the Llama 
Index framework, a widely adopted approach for iden
tifying critical attribute components (Jin et al. 2024), 
was adopted to further refine 17 features through 
scoring and prioritization. It was used for its retrieval- 
based feature-scoring mechanism, which evaluates 
attribute relevance not only through numerical corre
lations but also through contextual semantic patterns 
embedded in the data. This aligns with recent litera
ture that emphasizes the value of context-aware fea
ture selection in accident-causation modeling. By 
identifying features that frequently serve as discrimi
native cues across similar cases, the Llama Index frame
work provided a theoretically justified and 
computationally efficient method for refining mixed- 
type safety datasets, ensuring that the final feature set 
maintains strong causal relevance and is compatible 
with construction accident prediction. As a result, the 
top 10 critical features (e.g., work type, project process 
rate, and weather condition) were identified in this 
process, and they were expected to maximize the 
computational efficiency when implementing various 
types of algorithms, as partially demonstrated by pre
vious studies (Suzuki et al. 2021).

As a result, the final dataset comprised a total of 
6331 data points (construction accident cases) and 11 
corresponding attributes [10 independent variables 
(features) and one dependent variable (target class)], 
as summarized in Table 1.

3.2. Dataset augmentation

Data augmentation is an approach used to expand and 
reshape the size and quality of data while keeping its 
internal information (J. Zhang et al. 2021). Since it 
allows for the generation of new synthetic data 
through transformations of the original data, it can 
be used to expand the dataset from a limited sample 
size and mitigate overfitting issues (Khosla and Saini  
2020; Maharana, Mondal, and Nemade 2022).

Since the dataset (Table 1) developed in this study 
was severely imbalanced, with 131 cases of deaths and 
6200 cases of injuries, the authors attempted to lever
age the data augmentation approach for oversampling 
by comparing four well-established algorithms. 
Random Oversampling balances the class distribution 
by randomly replicating instances of the minority class 
(Mohammed, Rawashdeh, and Abdullah 2020). 
Synthetic Minority Oversampling Technique (SMOTE) 
Tomek combines the SMOTE and Tomek links algo
rithms (Jonathan, Putra, and Ruldeviyani 2020). It bal
ances the class distribution by generating synthetic 
instances using SMOTE and enhances class separation 
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by removing neighboring and conflicting instances 
using Tomek links. This approach simultaneously 
addresses class imbalance and improves class separa
tion to enhance model performance (e.g., accuracy, 
precision, and recall). However, it often increases the 
complexity of the data preprocessing step and slightly 
reduces the precision of the majority class. SMOTE- 
Edited Nearest Neighbors (ENN) is a method devised 
to combine SMOTE with ENN (Batista, Prati, and 
Monard 2004; Muntasir Nishat et al. 2022). 
Specifically, SMOTE generates synthetic instances 
through linear interpolation between existing minority 
class samples and their neighboring points, followed 
by ENN refining datasets by removing instances that 
introduce redundancy. Adaptive Synthetic Sampling 
(ADASYN) generates synthetic samples centered 
around densely populated regions of the minority 
class (H. He, Yang Bai, and Li 2008). However, it often 
excessively generates unnecessary samples, lacks con
sistency in terms of resulting performance, and 
involves complex computations (Dey and Pratap  
2023). Among the aforementioned four oversampling 
algorithms, SMOTE-ENN was adopted in this study due 
to its proven performance, computing efficiency, and 
similar experimental settings (e.g., distribution of 
imbalance classes) observed in the previous research 
(Chawla et al. 2002; Choirunnisa and Lianto 2018; Lin 
et al. 2021; Noviandy et al. 2023).

Oversampling using SMOTE-ENN was performed via 
the following steps. For each minority class sample of 
death instances dm 2 D m ¼ 1; . . . ;Mð Þ, the algorithm 
identified k nearest neighbors of the same class K , and 
selected n samples from K according to the sampling 
rate. Here, n represents the number of synthetic sam
ples to be generated from each original sample. This is 
represented as km;i 2 Kdm i ¼ 1; . . . ; n;m ¼ 1; . . . ;Mð Þ. 
Finally, new samples were generated by performing 
random linear interpolation between dm and 

km;1; . . . ; km;n. The new samples can be described as 
Eq. (1). 

where λ is a random coefficient between 0 and 1, and 
Dnew;m is a vector containing n new samples generated 
by dm. In total, M � n new samples are generated.

Then, the ENN process was followed by removing 
a sample in case two out of its three nearest neigh
bors belonged to different samples. Specifically, if 
the majority of the k nearest neighbors of a sample 
dm belonged to the majority class, the sample was 
removed. As a result, by generating 6069 synthetic 
instances of death, the original dataset was balanced 
(Dnew) with a distribution of 6200 instances of deaths 
and 6200 instances of injuries. To evaluate whether 
the SMOTE-ENN augmentation process introduced 
bias or unrealistic samples, the Classifier Two- 
Sample Test (C2ST), which compares the distribu
tional similarity between the original and augmented 
datasets using a discriminative algorithm, was 
adopted (Lopez-Paz and Oquab 2016). The C2ST 
score of 0.51 was achieved, indicating that the origi
nal and augmented data points are statistically indis
tinguishable and that minimal bias and artifacts exist. 
In addition, the authors performed a conditional con
sistency check as a complementary method to eval
uate whether synthetic records satisfy domain- 
specific conditions by assessing hierarchical coher
ence and logical dependencies among input features 
(e.g., “work type-major” & “progress” and “construc
tion cost” & “construction period” in Table 1). When 
comparing 6069 synthetic datapoints with the origi
nal 131 records of death, no record presenting con
tradictory or improbable feature combinations was 
observed.

Table 1. Illustration of the constructed dataset.
Feature Type Description

Dependent Occupational 
Incident Type

Categorical 
(2 categories)

Injury, Death

Independent Accident Time Categorical 
(7 categories)

Regular work, Holiday work, etc.

Public/Private 
sector

Categorical 
(2 categories)

Private, Public

Weather 
Condition

Categorical 
(6 categories)

Clear, Cloudy, Fog, etc.

Work type – 
major

Categorical 
(7 categories)

Architecture, Civil Engineering, etc.

Work type – 
subcategory

Categorical 
(37 categories)

Bridge, Carpentry, Demolition, etc.

Work 
Process

Categorical 
(40 categories)

Installation, Moving, Pouring, etc.

Construction 
Cost

Categorical 
(17 categories)

More than 1 trillion, 300 billion ~ 1ess than 500 billion won, etc.

Tender Ratio Categorical 
(8 categories)

More than 90%, 70~74%, etc.

Construction Period (days) Numerical –
Progress Categorical 

(10 categories)
More than 90%, 50~59%, etc.
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3.3. AutoML-based binary classifier

AutoML approach that allows for training and asses
sing the performance of various algorithms by auto
matically configuring models and streamlining 
repetitive tasks (e.g., model selection and hyperpara
meter optimization) has emerged as a promising 
approach (Waring, Lindvall, and Umeton 2020). 
AutoML comprises several stages, including data pre
paration, feature engineering, model generation, and 
model evaluation. For example, in the model genera
tion step, design principles are established for models, 
hyperparameters are optimized, and model architec
tures are adjusted based on several techniques (e.g., 
random grid search and evolutionary algorithms) 
(Truong et al. 2019).

Since the performance of many research tasks (e.g., 
prediction and classification) significantly varies 
depending on the type of input datasets and selected 
algorithms, AutoML has started to be widely adopted 
across many domains, including healthcare, finance, 
marketing, and construction (Agrapetidou et al. 2021, 
X. He, Zhao, and Chu 2021, Hutter et al. 2019, Schmitt  
2023, Zhuhadar and Lytras 2023). In our study, due to 
its proven performance (e.g., accuracy) in previous 
studies and scalability (Toğan et al. 2022, Zhu et al.  
2021), AutoML was adopted to develop varying binary 
classifiers that could predict the occurrence of con
struction accidents in two classes (death or injury).

Each of the fourteen algorithms [Random Forest 
(RF), Support Vector Machine (SVM), Light Gradient 
Boosting Machine (LGBM), Extremely Randomized 
Trees (ET), Adaptive Boosting (AdaBoost), Logistic 
Regression (LR), Extreme Gradient Boosting 
(XGBoost), Gradient Boosting (GBC), Ridge Classifier 
(RC), Linear Discriminant Analysis (LDA), Decision Tree 
Classifier (DT), Naive Bayes (NB), K Neighbors Classifier 
(KNN), and Quadratic Discriminant Analysis (QDA)] was 
used to create the corresponding classifier. 
Collectively, these algorithms span a broad spectrum 
of learning paradigms, including linear and non-linear 
models, tree-based and ensemble approaches, as well 
as probabilistic algorithms. The dataset, consisting of 
12,400 data points, was randomly split into 70% for 
training and 30% for testing. This distribution ratio was 
set based on proven predictive performance in prior 
studies (Sihombing et al. 2022). To optimize hyperpara
meters and fine-tune models, 10-fold cross-validation 
was applied with over 20 iterations using a random 
grid search approach based on established benchmark 
studies (Kohavi 1995). In each iteration, random com
binations of hyperparameters were tested, and the 

optimal set was derived based on accuracy and loss 
function. This systematic procedure mitigated the risk 
of overfitting and subjective bias associated with man
ual tuning. PyCaret, an end-to-end and open-source 
Python library, was used for the implementation.

3.4. LLM-based binary classifier

3.4.1. Prompt engineering
In the field of LLM, prompts are defined as queries 
designed by users that are used as input for producing 
task-specific responses (Z. Zhang et al. 2022). Since the 
output quality is highly associated with the type, for
mat, and structure of the input query, prompt engi
neering that focuses on strategically designing and 
optimizing prompts has started to be extensively stu
died by researchers (Ekin 2023).

In the construction domain, four widely used 
prompting approaches are zero-shot, few-shot, struc
tured, and CoT (Chain-of-Thought) prompting (Prieto, 
Mengiste, and García De Soto 2023, Samsami 2024). 
Zero-shot prompting does not provide guidance on 
the input prompts, whereas few-shot prompting pro
vides several input-output examples, which help LLMs 
infer task structure, formatting requirements, and rea
soning patterns (Liang, Kalaleh, and Mei 2025). 
Structured prompting pre-defines the format of the 
desired output and functionalities, and aims to 
enhance reasoning ability by making the model com
ply with constraint-based guidelines (Sadowski and 
Chudziak 2025). CoT is an approach that induces the 
model to perform step-by-step reasoning, mimicking 
human thought processes (Li et al. 2023, Luo et al.  
2024). It is particularly effective for problems involving 
causal relationships or requiring complex judgment. In 
the construction safety research domain, CoT was 
reported to achieve high performance by analyzing 
accident progression, compared to other prompting 
methods (Chaudhary et al. 2025, Chen 2022, 
Sammour et al. 2024). In addition, a preliminary experi
ment was conducted to investigate how the four 
prompting strategies affect prediction performance, 
and CoT achieved the highest accuracy of 84.74% in 
predicting construction accidents as either injury or 
fatality, as illustrated in Table 2.

Thus, CoT was adopted as a primary prompting 
strategy by further advancing it with a well- 
established reasoning approach of Issue, Rule, 
Application, and Conclusion (IRAC), which is effective 
in logically organizing thought processes and argu
ments (Lu and Kao 2024). Several reasoning steps 

Table 2. Prediction performance by four prompting approaches.

Zero-shot prompting
Few-shot 

prompting Structured prompting CoT prompting

Accuracy 50% 58.44% 67.50% 84.74
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were outlined based on a sequence of sentences, and 
reasoning chains were established through the 
sequence to help a LLM-based classifier accurately 
classify the construction incident as either death or 
injury. As illustrated in Table 3, the overall process 
consisted of three steps (initial, intermediate, and 
final stages), and the final prompt was gradually devel
oped by elaborating and expanding individual compo
nents of IRAC (e.g., Issue and Rule) in accordance with 
its principles.

3.4.2. LLM classifier development
In this study, the OpenAI API-Assistants, which can be 
used to perform various LLM-driven tasks through tool 
support, was utilized. The Assistants feature enables 
the efficient creation of AI assistants tailored to specific 
research purposes, allowing them to respond to user 
queries (OpenAI 2025). The configuration and devel
opment process consisted of the following steps.

First, instructions need to be written to ensure the 
assistant is used appropriately for its intended purpose. 
These instructions include roles and basic assumptions. 
In this study, the role of predicting human accidents on 
construction sites was assigned, and a prompt incor
porating the IRAC-centered CoT approach, along with 

the output format, was specified. Second, a specific 
LLM was identified as a component of the assistant. 
For this study, the most recent model at the time of the 
experiment, “GPT-4-turbo”, was adopted because of its 
computational efficiency and minimal resource con
sumption (Son et al. 2024). Furthermore, models in 
the GPT-4 family have been shown to provide repro
ducible outputs with low variance across repeated 
trials in research tasks (Tao et al. 2024). Third, available 
tools that serve as the input to the assistant were 
designated. To input the construction dataset, the 
“Code Interpreter” tool was utilized. Lastly, two critical 
assistant’s hyperparameters (temperature and top p) 
were identified and set. Temperature controls the varia
bility and volatility of outputs (e.g., prediction results), 
and top-p defines the cumulative probability distribu
tion for selecting the next token (Arora et al. 2024). To 
determine the appropriate configuration for the above 
two hyperparameters, a preliminary experiment was 
conducted based on a widely adopted exploratory 
tuning process (Bommarito and Katz 2022, Renze  
2024, Savelka and Ashley 2023). Top-p was fixed at 
1.0, and temperature was varied within a range of 0.0 
and 2.0 with an interval of 0.5. As a result, the optimal 

Table 3. Development process of the IRAC-based CoT prompt.
Stage Section Description

Initial 
stage

Issue Predict the type of human accidents (“Deaths” or “Injuries”) at the given construction sites based on training data and target 
data.

Rule -Training Data Analysis: Analyze the provided training data (file-xxx) to identify factors influencing accident type. 
- Accident Type Prediction: Use these factors to predict the likely type of human accident (“Injured” or “Deaths”) for each 
construction site in the target file (file- xxx).

Application - Data Factor Analysis: Identify and analyze factors (e.g., weather, safety equipment use, work conditions) from the training 
data, and correlate them with accident types. 
- Similarity Analysis: Compare target site data to training data to predict the most likely accident type for each site.

Conclusion Predict the type of human accident for each construction site and present the results in the required format (e.g., ’1. Deaths’, 
’2. Injuries’).

Intermediate 
stage

Issue The task is to predict the type of human accidents (“Deaths” or “Injuries”) likely to occur at each construction site. The 
prediction is based on the analysis of the correlation between independent and dependent variables in the training data.

Rule - Dependent Variable: The type of human accident (“Deaths” or “Injuries”) must be predicted. 
- Independent Variables: All other factors except the accident type will be treated as independent variables. 
-Correlation Analysis: Identify the relationship between independent and dependent variables in the training data (file- 
xxx). 
-Prediction of Target Site Data: Based on the identified correlations, predict the type of human accidents in the target file 
(file- xxx).

Application - Data Analysis: Analyze the correlation between independent and dependent variables in the training data to identify key 
factors that predict “Deaths” or “Injuries”. 
- Similar Site Prediction: Compare the data from the target sites with the patterns identified in the training data to predict 
which type of accident is more likely to occur at each site.

Conclusion Predict the type of human accidents for each construction site and present the results in the specified format. For example, 
if a fatal accident is more likely at the first site, output ’1. Deaths’. If a non-fatal injury is more likely at the second site, 
output ’2. Injured’

Final 
stage

Issue The problem is to predict the type of human accidents (“Deaths” or “Injuries”) that are likely to occur at each construction 
site. Based on the training data, the task is to analyze the correlation between independent and dependent variables and 
predict the accident type under specific environmental conditions.

Rule - Dependent Variable: The type of human accident (“Deaths” or “Injuries”). 
-Independent Variables: All factors except the accident type, such as weather, humidity, and construction processes, are 
treated as independent variables. 
- Correlation Analysis: Analyze the correlation between independent and dependent variables in the training data (file- 
xxx). 
- Prediction Model: Build a prediction model by identifying important independent variables. 
- Target Data Prediction: Based on the correlation analysis, predict the type of human accidents for each construction site 
in the target file (file- xxx).

Application - Prediction Execution: Use the analysis results to predict the type of accident for each construction site in the target data.
Conclusion Predict the type of human accident for each construction site and present the results in the specified format. For example, if 

a fatal accident is more likely at the first site, output ’1. Deaths’. If a non-fatal injury is more likely at the second site, 
output ’2. Injuries’.
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configuration was found to be 1.0 for both hyperpara
meters. Table 4 illustrates the development process.

4. Results and discussions

4.1. AutoML-based binary classification 
performance

In order to assess and compare binary classification 
performance, four well-known metrics (accuracy, pre
cision, recall, and F1-score) were utilized (Chinchor and 
Sundheim 1993). Accuracy that measures the overall 

correctness of the model is the ratio of correctly pre
dicted instances to the total number of instances (Eq. 
(2)). Precision is defined as the ratio of correctly pre
dicted positive instances to the total predicted positive 
instances (Eq.(3)). It focuses on the accuracy of positive 
predictions, indicating the proportion of true positives 
(TP) among all positive predictions, including false 
positives (FP). Recall measures the proportion of total 
confidence scores correctly identified as instances of 
a specific class (Eq.(4)). F1-score is the harmonic mean 
of precision and recall, offering a balanced measure of 
a model’s performance (Eq.(5)). In this study, the 
“Death” class was designated as the positive class 
when calculating the evaluation metrics. 

Table 5 presents the performance of 14 ML classi
fiers, evaluated using four key metrics: accuracy, preci
sion, recall, and F1-score. The classifiers are ranked in 
descending order of accuracy, with XGBoost achieving 
the highest performance (accuracy: 97.9%, precision: 
98.2%, recall: 97.5%, and F1-score: 97.9%), followed by 
LightGBM, RF, and ET. In contrast, QDA showed the 
lowest performance. Figure 2 illustrates the perfor
mance of classifiers with an accuracy above 0.94.

The superior performance of the top classifiers can 
be attributed to their tree-based ensemble mechan
isms, which effectively capture complex nonlinear rela
tionships in the data. Considering that the dataset 
predominantly comprises nonlinear variables (e.g., 
work type, construction cost, and construction period), 
it is likely that tree-based methods like XGBoost and 
LightGBM emerge as robust alternatives. On the other 
hand, linear models such as LR and LDA performed 
relatively well but were less effective in handling non
linear interactions.

In the next step, the feature importance of the best- 
performing XGBoost classifier was analyzed to explore 
the relationship between data features and their 
impact on classification performance, as shown in 
Figure 3.

The analysis revealed that “Work type-Major” con
tributed the most to classification performance, indi
cating that the type of construction work (e.g., 
architecture, civil, mechanical, and electrical work) 
plays a critical role in predicting potential accident 
outcomes. This result aligns with prior studies 

Table 4. LLM-based classifier development.
Instructions Role

You are a construction site human accident 
prediction model. The file xxx is the training data, 
and the file xxx is the list of construction sites 
where you need to predict the types of human 
accidents. 
We aim to analyze the impact of various 
environmental and working conditions, such as 
weather, humidity, and construction processes, on 
the types of human accidents at construction sites. 
By developing a model that predicts the likelihood 
of specific types of human accidents, ‘Injured’ or 
‘Deaths,’ under certain conditions, we intend to 
establish an efficient safety management system 
that can detect and prevent accident risks in 
advance.

Assumption
CoT 

Prompting
To predict human accidents, follow 

these steps:
(1) Based on the site data from 

the file xxx, predict the 
dependent variable, the 
type of human accident 
(Deaths, Injured). 
Independent variables are 
items other than the type 
of human accident.

(2) Identify the correlation 
between independent vari
ables and the dependent 
variable. Through analysis, 
identify important inde
pendent variables and use 
them to build the predic
tion model.

(3) Based on the correlation 
analysis from step 2, pre
dict the type of human 
accident for the construc
tion sites in the file xxx. The 
types are ‘Injured’ and 
‘Deaths’.

Output 
format

The output format should be 
displayed as 
‘ConstructionSiteOrder. 
AccidentType’. For example, if 
there is a higher likelihood of 
a death occurring rather than an 
injury at the first construction site, 
it should be displayed as ’1. 
Deaths’. Similarly, if there is 
a higher likelihood of an injury 
occurring rather than a death at 
the second site, it should be 
displayed as ’2. Injured’. Please 
output the results according to this 
format.

Model gpt-4-turbo
Tools Code interpreter
Hyperparameter Temperature 1.0

Top P 1.0
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Table 5. Performance of AutoML-based classifiers.
No. classifiers Accuracy Precision Recall F1-score

1 XGBoost (Extreme Gradient Boosting) 0.979 0.982 0.975 0.979
2 LightGBM (Light Gradient Boosting Machine) 0.976 0.976 0.975 0.976
3 RF (Random Forest Classifier) 0.975 0.976 0.974 0.975
4 ET (Extra Trees Classifier) 0.971 0.973 0.97 0.971
5 GBC (Gradient Boosting) 0.965 0.969 0.962 0.965
6 LR (Logistic Regression) 0.962 0.968 0.955 0.961
7 RC (Ridge Classifier) 0.959 0.971 0.946 0.958
8 LDA (Linear Discriminant Analysis) 0.959 0.971 0.946 0.958
9 AdaBoost (Adaptive Boosting Classifier) 0.954 0.957 0.951 0.954
10 SVM (SVM - Linear Kernel) 0.953 0.954 0.951 0.953
11 DT (Decision Tree Classifier) 0.943 0.944 0.941 0.942
12 NB (Naive Bayes) 0.904 0.920 0.886 0.903
13 KNN (K Neighbors Classifier) 0.887 0.981 0.788 0.874
14 QDA (Quadratic Discriminant Analysis) 0.747 0.768 0.747 0.744

Figure 2. Performance of AutoML-based classifiers.

Figure 3. Feature importance computed by XGBoost classifier.
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suggesting that specific construction tasks expose 
workers to unique risks and hazards that collectively 
influence the severity and type of accidents (Frank and 
Bacao 2023).

A notable association was also observed between 
“Weather Condition” and construction accidents. 
Previous research highlights that adverse weather con
ditions can significantly impact workers both physi
cally and psychologically, thereby increasing their 
susceptibility to safety risks (Ha et al. 2023, Trillo 
Cabello et al. 2021). Similarly, “Construction Cost” 
emerged as the third most important feature, suggest
ing that projects with limited budgets may allocate 
fewer resources (e.g., safety equipment) to safety man
agement, thereby elevating the risk of incidents on 
jobsites (Tsang et al. 2017).

While the top three features presented the highest 
importance scores, other variables, such as 
“Construction Period” and “Accident Reporting Time,” 
also contributed to the model’s performance, albeit to 
a lesser extent. These features may capture subtler 
influences on accident risk, such as extended project 
durations or delays in incident reporting. Conversely, 
variables such as “Tender Ratio” had minimal impact, 
implying they are less directly connected to safety 
outcomes in the construction domain.

These findings suggest that prioritizing data related 
to work type, weather conditions, and construction 
costs as pre-incident indicators could enhance safety 
management on construction sites by enabling effec
tive and efficient construction accident prediction. 
Additionally, while lower-ranked features may seem 
less critical, they could still offer valuable contextual 
insights for more holistic accident prediction models. 
Researchers and practitioners are encouraged to focus 
on these high-impact features to develop efficient and 
streamlined classification models, potentially omitting 

less relevant variables to simplify analysis and 
implementation.

4.2. Comparative classification performance of 
ML versus LLM

This section investigates the application of LLM for 
binary classification aimed at predicting accident 
types (death or injury). To evaluate the feasibility and 
performance of an LLM classifier, ten iterative training 
and testing experiments were conducted. The classifier 
was trained and tested using the same dataset consist
ing of 12,400 data points, divided into training (8,680) 
and testing (3,720) subsets at a 7:3 ratio. This consis
tent splitting ensured fair and reliable evaluation 
across all iterations, allowing for a robust assessment 
of the classifier’s predictive capabilities.

The results demonstrated that the LLM classifier 
achieved an average accuracy of 94.5%, precision of 
90.9%, recall of 98.9%, and F1-score of 94.7%. These 
results highlight the model’s ability to capture nearly 
all true positive cases with very high recall (98.9%), 
while the comparatively lower precision (90.9%) indi
cates that some injury instances were incorrectly clas
sified as death. Figure 4 provides a visual 
representation of the confusion matrix, offering deeper 
insights into the classifier’s strengths and areas for 
improvement.

When compared with the top-performing ML classi
fier (XGBoost) the LLM classifier showed a 3.4% lower 
accuracy and a 7.3% lower precision, but a 1.4% higher 
recall. This difference can be explained in several 
aspects. First, when LLMs are pre-trained, they often 
develop a safety-oriented judgment tendency, leading 
them to perform conservative reasoning that overesti
mates potential risks. This can result in an increase in 
the false positive rate by over-predicting high-risk 

Figure 4. Confusion matrix comparison (XGBoost vs. LLM).
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classes such as death. Second, the process of grouping 
continuous values into intervals was applied equally to 
both the ML and LLM during data curation. However, 
when the LLM interpreted these intervals linguistically 
(e.g., progress between 70% and 79%), it introduced 
semantic ambiguity within the same bucket. As 
a result, while the ML model classified cases based on 
explicit numerical thresholds, the LLM tended to inter
pret the bucketed expressions contextually, leading to 
a higher number of false positives.

LLM classifier demonstrated a notable ability to 
capture nonlinear relationships in the data, as evi
denced by its very high recall (98.9%). This indicates 
its potential to identify nearly all true positive accident 
cases. Also, the LLM demonstrated a notable aptitude 
for analyzing accident-related data compared to typi
cal structured datasets. This is likely because the LLM 
was pre-trained on a massive corpus of unstructured 
accident reports (e.g., from OSHA and KOSHA), allow
ing it to leverage deep, domain-specific contextual 
knowledge during the analysis of structured features.

While LLM offers promising advantages in under
standing data complexity and enhancing feature 
robustness, ML-based models remain highly effective 
for tasks requiring precise optimization of classification 
boundaries. Future research could focus on combining 
the strengths of both approaches to develop hybrid 
models that leverage the generative capabilities of 
LLMs while maintaining the classification precision of 
traditional ML algorithms.

4.3. Validation on hold-out dataset

To assess the temporal generalization capability of the 
developed models and address potential concerns 
regarding overfitting to historical data, an additional 
validation was conducted using a hold-out dataset 
comprising recent accident cases. Specifically, 1,206 
accident records that occurred between March 2024 
and August 2025 were collected from the KOSHA and 
MOLIT databases, representing data that were not 
included in the training or testing phases described 
in Section 3. The same preprocessing procedures were 
applied to maintain consistency with the original data
set structure.

The trained XGBoost and IRAC-based LLM classifiers 
were directly applied to this hold-out dataset without 
retraining or parameter adjustments, to strictly evalu
ate their generalization performance. The prediction 
accuracy was assessed using the same four evaluation 

metrics (accuracy, precision, recall, and F1-score), and 
the results are summarized in Table 6.

The findings indicate that both models maintained 
stable, high performance when applied to the most 
recent data, confirming that their learned representa
tions were not dependent on time-specific patterns in 
the original data set. The XGBoost classifier showed 
only a minor decrease (approximately 1.1%) in accu
racy compared to the original test results, while the 
LLM maintained a very high recall (96.8%), demonstrat
ing its ability to detect nearly all death cases in the new 
dataset.

These results suggest that both approaches exhibit 
strong temporal robustness and that their predictive 
mechanisms are based on generalizable relationships 
rather than spurious correlations derived from past 
data. Although slight performance degradation was 
observed, it remained within acceptable bounds, vali
dating the long-term applicability of both models to 
ongoing research on construction accident prediction.

5. Conclusion

The objective of this study was to investigate the 
feasibility of using LLM for construction accident pre
diction and to determine whether it could outperform 
a widely adopted method (i.e., ML) through compara
tive evaluation. For this, the dataset was constructed 
by collecting 6331 data points, which were then aug
mented using the SMOTE-ENN technique. An AutoML 
approach was adopted for developing 14 separate ML 
models, and an LLM-centered classifier was designed 
via IRAC-based CoT prompting. The resulting perfor
mance was then compared, and additional validation 
was performed using 1206 unseen datasets.

The research outcome led to the following findings. 
First, of 14 ML algorithms, XGBoost was found to be 
the best-performing classifier, achieving 97.9% accu
racy and 97.5% recall. At this stage, feature importance 
analysis revealed three critical features (work type, 
weather condition, and construction cost) that signifi
cantly contributed to the performance. Second, the 
LLM also demonstrated strong predictive capability, 
achieving 94.5% accuracy and 98.9% recall, suggesting 
it is more effective at capturing fatal cases, likely due to 
its conservative bias toward safety-related outcomes. 
Third, both ML and LLM approaches maintained robust 
performance (accuracies of 96.7% and 92.6%, respec
tively) when validated on a hold-out dataset, with only 
a marginal decrease.

Table 6. Validation of XGBoost and IRAC-based LLM classifiers.
Model Accuracy Precision Recall F1-score

XGBoost classifier 0.967 0.972 0.962 0.967
LLM classifier 0.926 0.893 0.968 0.929
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Despite the findings, there remain several limita
tions of this study that deserve future research 
efforts. First, since the dataset was developed from 
Korean construction accident records, it is necessary 
to apply the proposed framework to datasets from 
other countries. Second, LLM experiments in this 
research relied solely on a single LLM (GPT-4-Turbo), 
which could raise reproducibility concerns and leave 
the performance of alternative LLM architectures 
unexplored. The authors will compare varying LLMs 
(e.g., LLaMA-2) and include open-source alternatives 
that allow for fine-tuning and transparent bench
marking in future research. Third, although the relia
bility of SMOTE-ENN for addressing class imbalance 
was demonstrated via C2ST, further validation can be 
pursued by applying advanced techniques (e.g., 
class-weighted loss functions) and analyzing their 
impact through ablation studies. Fourth, future stu
dies should explore various prompting strategies 
against the proposed IRAC-based CoT to determine 
the most effective strategy for accident prediction 
tasks. Finally, the interpretability of the LLM’s deci
sions remains limited. Unlike the ML model, which 
benefited from feature importance analysis, the LLM’s 
reasoning process remains an open challenge. 
Developing methods to extract and present the 
LLM’s decision rationale (e.g., through natural lan
guage explanations or user-interactive queries) is an 
important next step to increase trust in LLM predic
tors among safety professionals.
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