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Abstract: Before starting any construction work, providing workers with awareness about past
similar accident cases is effective in preventing mishaps. Based on construction accident reports,
this study developed two models to identify past accidents at sites with similar site information.
The site information includes 16 parameters, such as type of work, type of accident, the work in
which the accident occurred, weather conditions, contract conditions, type of work, etc. The first
model, the site information classification model, uses named entity recognition tasks to classify site
information, which is extracted from accident reports. The second model, the similar-site accident
retrieval model, which finds the most similar accidents that occurred in the past from input site
information, uses a semantic textual similarity task to match the classified information with it. A
total of 17,707 accident reports from South Korean construction sites were found; these models were
trained to use Korean Language Understanding Evaluation–Bidirectional Encoder Representations
from Transformers (KLUE-BERT) for processing. The first model achieved an average accuracy of
0.928, and the second model was precisely matched, with a mean cosine similarity score exceeding
0.90. These models could identify and provide workers with similar past accidents, enabling proactive
safety measures, such as site-specific hazard identification and worker education, thereby allowing
recognition of construction safety risks before starting work. By integrating site information with
historical data, the models offer an effective approach to improving construction safety.

Keywords: past similar accident; accident report; site information; classification model; accident
retrieval model

1. Introduction

Although the construction industry is a significant contributor to the development
of national economies worldwide [1,2], it is also considered one of the most dangerous
industries [3–5]. Although construction workers account for ~7% of all workers in all
industries globally, fatal accidents in construction constitute the majority of all fatal indus-
trial accidents [6,7]. The rate of fatal occupational injuries per 100,000 full-time equivalent
employees in the United States in 2021 was 3.6 for all industries; however, it was 9.4 in the
construction industry, implying that the rate of fatal occupational injuries was 2.6 times
higher than that in all industries (United States Bureau of Labor Statistics, 2022). In Korea,
the fatal occupational injury rate per 100,000 workers for all industries was 4.3 in 2022,
and 16.1 in the construction industry, indicating that the fatality rate in the construction
industry was 3.7 times higher than that in all industries [8].

The high accident and fatality rates suggest that there is an urgent need to design
and implement accident prevention measures in the construction industry. As an accident
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prevention strategy, analyzing accident case studies is a crucial approach to understanding
the patterns of accident occurrence and identifying potential risk factors [9–11]. Thus far,
several effective accident prevention strategies have been developed by analyzing case
studies, and the Korean government has taken measures based on the results, such as
establishing public health and safety management guidelines and prohibiting hazardous
subcontracting work [12–14]. However, accident case analysis entails not only understand-
ing the causes and consequences but also identifying risk factors in specific situations
and strategies to avoid them [15–17]. For construction site managers, workers, and safety
managers, identifying the accidents that can occur on their own sites affects risk identifica-
tion [11,18,19]. Therefore, identifying and proposing specific accidents for the construction
site is central to the development and implementation of accident prevention strategies in
the construction industry.

However, in practice, proposing suitable accidents is extremely complicated. Construc-
tion sites are continually affected by variable factors, such as weather changes, working
conditions, and adherence to safety regulations [20–23]. These variables directly affect the
likelihood of accidents and increase the complexity of the construction site. Owing to this
complexity, previous studies focused on specific accident types or clearly identifiable causes
when analyzing accidents because of the related technical or logistical limitations. For
example, Marchelli et al. [24] proposed risk assessment and safety management methods
for rockfall accidents on construction sites, whereas Luo et al. [25] constructed a frame-
work for predicting the severity of construction site collapse accidents. Dogan et al. [26]
developed safety measures for scaffolding accidents based on case studies of scaffolding
accidents on construction sites, and Hwang et al. [8] analyzed accident trends based on case
studies of accidents and falls from scaffolding or working platforms. These approaches to
specific accidents and construction sites help prevent some types of accidents; however,
they are restricted in their ability to reflect the complex reality of construction sites [27].
Analyzing suitable accident cases is essential for developing practical strategies for accident
prevention; furthermore, combinations of past accidents occurring at different construction
sites must also be considered.

Previous accident case analysis methods used fixed categories or limited variables to
analyze the condition of sites, and as a result, they failed to comprehensively capture the
multifaceted nature and diversity of sites. However, when people explain the site condition
using natural language, the information is considered richer and more detailed [25,28].
These data can reveal subtle differences between sites and specific circumstances that cannot
be identified easily when using fixed categories [28,29]. Therefore, the classification method
of analyzing site information expressed in natural language can more accurately reflect the
complex nature of construction sites and is effective in proposing suitable accident cases.

Identifying specific construction sites by considering different variables is essential for
performing effective accident analysis and developing prevention strategies; however, the
existing research has been limited by its focus on a narrow set of variables, thereby failing
to fully capture the complexity of diverse construction site conditions. To overcome these
limitations, this study considers the following objectives:

(1) To develop a model for the effective classification of construction site information
using natural language processing (henceforth, “the site information classification
model”). The main objective is to develop a model that classifies 18 specific types
of construction site information from user-entered natural language descriptions,
including weather, rate of work progress, work process, and construction type. This
model uses a named entity recognition (NER) task to categorize these details.

(2) To develop a model that can find past accidents from sites with similar information
by integrating the classification model (henceforth, “the similar-site accident retrieval
model”). The objective is to develop a model that uses semantic textual similar-
ity (STS) tasks for identifying construction sites with similar attributes, based on
18 specific types of classified site information from the “site information classification
model”. Upon determining the similarity, the model can find past accidents corre-
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sponding to these sites, effectively linking the classified information with relevant
past accident cases.

2. Literature Review

Recently, the importance of data-based approaches in the construction industry has
been emphasized. For example, the application of natural language processing (NLP)
to construction safety can aid in improving the efficiency of accident prevention and
safety measures through the extraction, analysis, and interpretation of information. NLP-
related studies in the field of construction safety can be categorized into various topics,
including the development of text classification and information extraction methods and
the establishment of safety control measures and strategies using NLP. Among these
studies, text classification and information extraction studies have focused on classifying
and extracting important information from diverse text-based data, including construction
accident reports, project documents, and contracts. These studies focus on identifying and
classifying specific patterns, types, and risk factors within text-based data. These studies
use NLP techniques to extract the required information from the data, and methods are
provided to analyze them.

The studies using NLP in the field of construction safety have changed significantly
since 2010. Studies between 2016 and 2019 initially focused on using conventional machine
learning (ML) techniques. For example, Tixier et al. [30,31] used conventional ML tech-
niques, such as random forest and stochastic gradient tree boosting, to derive combinations
of features affecting accidents from construction accident report forms. Goh and Ubey-
narayana [32] used six ML algorithms, including support vector machines (SVMs), linear
regression (LR), and naive Bayes (NB), to classify construction accident reports obtained
from the United States Occupational Safety and Health Administration (OSHA) website.
Goh and Ubeynarayana [32] claimed that the SVM was the most effective classification
technique for analyzing construction accident reports and classified accident causes and
types. In a similar manner to their study, Zhang et al. [33] proposed a model using five NLP
techniques, including SVMs, LR, and NB, to classify accident causes from accident reports
and used a sequential quadratic programming algorithm to optimize the weights of each
classifier in the ensemble model. Furthermore, they proposed a new approach to extracting
common causes of accidents using an optimized ensemble model and claimed that it was
the best-performing model. The abovementioned studies could not sufficiently capture the
diversity and nuances of complex linguistic models. Furthermore, most of these studies
focused only on a specific accident type or considered only limited information about the
accident location. Although it is useful to classify the causes of accidents, as performed
by Zhang et al. [33], there are limitations when considering the combinations of multiple
variables present at actual construction sites.

Since 2020, NLP research in the field of construction safety has shifted from using
conventional ML algorithms to using deep learning models. For example, transformer-
based models have been proposed in the field of NLP, such as long short-term memory
(LSTM) or Bidirectional Encoder Representations from Transformers (BERT), to solve the
vanishing gradient problem. Furthermore, these models are now being used in the field of
construction safety. Baker et al. [34] investigated methods to automatically learn important
information for injury prevention from construction accident reports. They investigated
new possibilities for accident prediction using deep learning structures, such as convolu-
tional neural networks (CNNs) and hierarchical attention networks, to analyze text patterns
in accident reports. Zhong et al. [35] proposed another new framework that combines a
latent Dirichlet allocation model with a CNN algorithm, a word co-occurrence network,
and word cloud techniques to automatically analyze risk data. The authors claimed that
the proposed framework could play an important role in visualizing construction accident
reports and developing risk management strategies. Luo et al. [36] performed text mining,
including SVM and content mining, to evaluate relationships between accident-causing
factors and raw text for 557 falls on construction sites in China that occurred between
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2013 and 2019. Using this approach, they demonstrated that certain causal factors affected
the occurrence of falls. Moon et al. [37,38] proposed a semantic text-pairing method to
automatically identify essential clauses in a review of construction regulations. They used
BERT and Doc2Vec models to learn text features and evaluate the relevance of clauses
based on cosine similarity. Tian et al. [39] presented an integrated, intelligent approach to
text classification and on-site knowledge mining for large-scale construction projects. They
aimed to efficiently manage construction site information by combining a CNN-based text
classification model with knowledge mining using TF-IDF. Qiao et al. [40] evaluated the
performances of models used for classifying specific information from 4770 construction
accident reports submitted to OSHA and tested ten shallow learning methods, including
SVMs, LR, and NB, and five deep learning methods, including CNNs and LSTM. Zhang [41]
used the Word2Vec skip-gram model to learn word embeddings in a domain-specific cor-
pus and proposed a hybrid deep neural network to classify accident reports. Luo and
Hirogane [42] used Doc2Vec and BERT to analyze the similarity between accident cases
from a total of 941 construction accidents reported to the Ministry of Health, Labor, and
Welfare of Japan. Li and Wu [43] and Luo et al. [44] proposed NLP-based classification
methods to extract important information by analyzing text from accident reports. Both
studies developed models to classify text based on CNN models.

The abovementioned NLP studies in the field of construction safety have gradually
shifted from conventional machine learning algorithms to more sophisticated deep learning
models, especially those based on transformer architectures like BERT. These models
address the vanishing gradient problem, which occurs when gradients used to update
the model parameters during training become considerably small, causing the model to
stop learning or learn remarkably slowly. By employing advanced architectures such as
transformers, the models have been effectively applied in construction safety contexts.
Studies such as those by Baker et al. [34] and Zhong et al. [35] have explored novel methods
for extracting and analyzing text patterns from construction accident reports using deep
learning structures like CNNs and hierarchical attention networks. However, despite these
advancements, a significant gap remains in how these technologies are applied to real-
world construction site accidents. Most of the existing studies focus narrowly on classifying
text from accident reports or on specific types of construction accidents, with limited
attention paid to the broader context in which these accidents occur. This narrow focus
overlooks the complex interplay of factors at construction sites that can lead to accidents.
Furthermore, while some studies, like those by Luo et al. [36] and Tian et al. [39], have
begun to integrate NLP with site management practices, they still do not fully leverage NLP
to understand the wide range of variables that affect site safety. This study aims to bridge
this gap by developing comprehensive models that not only classify site information more
effectively, but also utilize this information to identify and retrieve relevant accident cases.
This approach allows for a more nuanced understanding of construction site dynamics
and factors contributing to accidents, thus supporting the development of more effective
prevention strategies. By integrating advanced NLP techniques with a deep understanding
of construction site conditions, this study seeks to provide a robust tool for improving
safety management practices in the construction industry.

3. Data Collection and Preparation of CSI Accident Reports
3.1. CSI Accident Report Data

The accident data from the construction industry in Korea are mainly reported by the
Ministry of Employment and Labor (MOEL) and the Ministry of Land, Infrastructure, and
Transport (MOLIT). The accident data from MOEL provide only statistical information,
and detailed information is not released, while accident data from MOLIT provide detailed
information through a construction safety management integrated information network
(CSI). Thus, this study used accident data from the CSI, which has been operated by
the Korea Authority of Land and Infrastructure Safety (KALIS) since 2019. The data are
provided in text report form, and there is no application programming interface (API) for
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data extraction or separately extracted data provided as a database. The accident reports
provided by the CSI have been broadly categorized into accident cases, construction site
characteristics, and accident surveys. For instance, the accident cases category includes
subcategories such as the date of the accident, type of accident, and measures to prevent
recurrence. Construction site characteristics may include data such as the construction
type, costs, duration, progress ratio, bid price ratio, number of workers, and adherence to
safety regulations.

3.2. Data Preprocessing—Creation of the Integrated and Shuffled Data

This study used data from 19,838 accidents that were reported to the CSI from 1 January
2019 to 13 June 2023. The data were systematically crawled using the BeautifulSoup Python
library, a tool used for parsing documents to extract data from web pages. The collected
data were then stored in CSV format, and the entries lacking complete information were
treated as null. During the data cleaning process, the entries lacking necessary details, such
as accident type, classification, location, or specific accident details, were excluded from
further analysis. This resulted in a dataset of 17,707 accident reports. From the dataset,
18 types of site information, as detailed in Table 1, were utilized to develop and validate the
models presented in this study. Since the main purpose of classifying the data is to input
site information and find past accident sites with similar information, the site information
that can classify the site should be selected according to the CSI database.

Table 1. Site information used in the model.

Type Site Information Number of Classes/Range

Categorical
parameter

Month of accident occurrence 12 (month)
Client 2 (public/private)

Weather 6 (condition)
Construction type (1st level) 4
Construction type (2nd level) 15
Construction type (3rd level) 56

Accident classification—work type (1st level) 7
Accident classification—work type (2nd level) 39
Accident classification—detailed work process 59
Obligation to prepare safety management plan 2 (yes/no)
Obligation to prepare DFS (design for safety) 2 (yes/no)

Continuous
parameter

Temperature −50–50(◦C)
Humidity 0–100(%)

Construction costs ≥0 (won)
Bid price ratio 0–100(%)

Work progress ratio 0–100(%)
Approximate number of workers ≥0 (persons)

Construction period ≥0 (days)

In Table 1, the “client” category plays a significant role in distinguishing between
“public” and “private” construction projects. Here, “public” refers to government-funded
or state-sponsored projects, whereas “private” indicates projects undertaken by individual
or private entities. This distinction is crucial for understanding the scope and nature
of various construction projects because it often influences the regulatory requirements,
funding sources, and scale of the project in Korea.

The construction type, represented in Table 1 as “Construction type (1st level/2nd level,
/3rd level)”, refers to the structure being constructed. The work type in the accident classi-
fication, represented in Table 1 as “Accident classification: work type (1st level/2nd level)”,
indicates the subcategory of the construction type. For example, for the construction type
“architecture/building/factory” and the construction type in the accident classification “ma-
chinery and equipment/machinery and equipment construction”, the end result or intended
structure from the construction is a factory, and the type of work being performed at the time
of the accident is machinery and equipment construction. In the previous example, the 1st-,
2nd-, and 3rd-level classifications for the construction type are “architecture”, “factory”, and
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“building”, respectively. For the construction type in the accident classification, the 1st- and
2nd-level classifications are “machinery and equipment” and “machinery and equipment
construction”, respectively.

This study also investigated whether the construction projects must comply with
the safety management plan and design for safety (DFS) outlined in the South Korean
Construction Technology Promotion Act. The safety management plan, developed by
contractors, aims at identifying and managing risk factors in the construction process
before initiation. This involves developing safety management strategies, such as safety
inspection and management organization, to prevent accidents during construction. In
contrast, the DFS focuses on the proactive management of construction safety by assessing
safety considerations and integrating them into the design stage, mitigating risks during
construction. This two-part approach, which covers the entire construction process from
planning to design to construction and maintenance, is crucial for preemptive safety
management. This study investigated whether construction projects were obligated to
include the safety management plan and DFS, thereby categorizing the status of each
project as either “obligated” or “not obligated”.

The site information used in the models was categorized as either categorical or
continuous parameters, depending on the type of data. For example, if the user of the
model enters the type of construction or the weather, the input data can be classified into a
specific category. In contrast, if the user enters data such as the temperature or construction
period, no category is defined. The distinction between categorical and continuous site
information changes when the user enters site information and when the site information
is output. Among the continuous data types, temperature, humidity, and construction
duration are entered and output as continuous data. Construction costs, bid price rate, and
number of workers are input by the user as continuous data; however, they are represented
as categories in the accident reports, and therefore, they are exported as categorical data.
The distinction between categorical and continuous site information is suggested based on
the method used by the user to enter the site information into the model.

The subsequent data preprocessing involved two specific steps, each tailored to en-
hance its usability for modeling. These steps, which are detailed in Figure 1, include the
creation of integrated site information, followed by shuffling to simulate natural language
structures. In the first step, integration is performed by combining 18 types of site infor-
mation from the cleaned dataset into a single-site information sentence. This process is
referred to as “concatenation” and involves linking multiple pieces of information together
into a cohesive one. The integrated site information data are created to provide a basis for
processing and understanding the information that is similar to that of natural language.
Furthermore, the method to create integrated site information is presented to provide the
standard data required to derive the site with information that is most similar to the site
information inputted by the user in the similar-site accident retrieval model.

The data were combined by retrieving the site information columns listed in Table 1,
linking them to the corresponding investigations, and entering the actual data. Semicolons
were used to separate the site information. If data were missing for a particular piece
of site information, only the blank site information was excluded. In addition, accident
classification data and construction duration data were preprocessed before being used
to create the integrated site information. The accident classification refers to the type of
construction or work processes performed on the day of the accident. Therefore, when
the user enters site information for the accident classification categories, it is assumed
that they have used the term “today”, instead of entering the information as an accident.
Therefore, when the accident classification data are preprocessed, the part corresponding
to [Column name] in Figure 1 is not stored as “accident classification”, but as “today’s con-
struction”, “today’s construction type”, “today’s work”, or “today’s working process”. The
construction duration data are in the form “year-month-date–year-month-date”. However,
as those involved in construction record the construction duration as the number of days,
the construction duration data are converted and stored as the number of days.
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In the second step, each piece of site information in the integrated site information is
shuffled to create shuffled data. The integrated site information contains formats; hence,
inaccuracies can occur in site classification if the user does not use the correct formats
for the integrated site information. Therefore, integrated site information in the form of
natural language is required to accurately classify raw site information. However, there are
limitations in terms of costs when composing natural language site information sentences
for all the data. Therefore, in this study, the integrated site information data were shuffled to
ensure that the site information was as close as possible to a natural language environment.
The site information was shuffled based on semicolons from the integrated site information
data using the Python random library (Python 3.10.12).

4. Methodology—Modeling
4.1. Overview of the Proposed Approach

The Korean Language Understanding Evaluation (KLUE)-BERT-based model, which
allows for more accurate analysis and processing of the unique linguistic features and
context of the Korean language, was used for fine-tuning the two models proposed in this
study because the accident cases were input in Korean.

The site information classification model converts and classifies natural language site
information entered by the user into a standardized format. To this end, continuous data
types are classified using regular expressions, and categorical data types are classified by
fine-tuning the site information data with KLUE-BERT, which transforms text data into
a high-dimensional vector space, thereby allowing the model to better understand and
classify complex linguistic patterns and accidents.

The similar-site accident retrieval model identifies and searches for similar past acci-
dents based on the classified site information. This model also uses the KLUE-BERT-based
model to find other accident cases comparable to the classified site information. Processing
natural language and understanding the context is particularly important for this model,
and therefore, the BERT’s powerful language modeling capabilities are used to determine
the exact differences and similarities between accident cases.
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The performances of both models were evaluated using standard indices, such as
F1-score, precision, recall, and cosine similarity. Python 3.10.12, Tensor-Flow 2.15.0, and
Pytorch 2.1.0 were used to develop and evaluate the KLUE-BERT-based models.

4.2. Bidirectional Encoder Representations from Transformers (BERT)—KLUE-BERT

BERT uses a transformer encoder architecture to effectively represent language models.
The transformer encoder receives an input sequence and understands and expresses the
language based on the context of each token. The BERT model, including the KLUE-BERT
variant used in this study, operates based on the following key principles and equations,
which are essential for its performance in natural language processing tasks. The BERT
is pre-trained using two major techniques, i.e., the masked language model (MLM) and
next-sentence prediction (NSP) [45]. These techniques enable BERT to understand the
context and relationships between words and sentences; this is crucial for tasks such as the
classification and similarity measurement in this study.

The MLM randomly masks some words in the input sequence and attempts to predict
the masked words.

MLM(x) = BERT(xmasked) (1)

where x and xmasked represent the original and masked input sequences, respectively. The
masking process is performed by replacing a certain proportion of the words in the input
sequence with “[MASK]” [45].

BERT also uses NSP to understand the relationships between sentences. NSP predicts
whether the second sentence follows the first sentence when consecutive sentences are
provided. This technique is used in question answering and natural language inference [45].

The input processing mechanism of BERT uses WordPiece tokenization. Each input
is expressed as the sum of WordPiece embedding, positional embedding, and segment
embedding [45], i.e.,

ei = ti + pi + si (2)

where ei, ti, si, and pi represent the final embedding vector, WordPiece embedding, segment
embedding, and positional embedding, respectively.

BERT uses WordPiece tokenization to convert words into tokens and generate Word-
Piece embedding vectors for each token.

ti = embwp(xi) (3)

The transformer model does not contain sequential information, and therefore, posi-
tional embedding is added to provide positional information for each token.

pi = embpos(i) (4)

Segment embedding is used to distinguish between two different sentences [45].

si = embseg

(
segxi

)
(5)

These fundamental principles and equations are the basis for the more intensive fine-
tuning of models for the downstream tasks of classifying construction site information or
measuring the similarity of the information between sites.

KLUE-BERT is used as the baseline model in the KLUE benchmark data, and it was
pre-trained with 3 GB of data extracted from texts such as ModuCorpus, CC-100-Kor,
Namuwiki, news articles, and petitions [46]. A morpheme-based sub-word tokenizer was
used (vocabulary size = 32,000 words), and the model size was 111 M params [46]. The
performance of the KLUE-BERT model was evaluated using the KLUE Benchmark, which
includes eight tasks (NER; STS; topic classification; and natural language inference) [46]. For
NER, KLUE-BERT showed an entity-level macro F1-score of 83.97 and a character-level F1-
score of 91.39; for STS performance, Pearson’s r was 90.85 and the F1-score was 82.84 [46].



Buildings 2024, 14, 1797 9 of 31

The NER and STS tasks of the KLUE-BERT model were used for the modeling in
this study. NER classifies object names into previously defined categories, whereas STS
measures the semantic similarity between two sentences. Thus, the NER task is used to
classify site information from the natural language site information entered by the user,
whereas the STS task is used to retrieve similar site information based on the input site
information and output accident cases from the corresponding sites.

4.3. Site Information Classification Model

The site information classification model focuses on classifying construction site
information, as depicted in Figure 2. This model’s purpose is to extract specific site
information from the natural language site descriptions provided by users and to arrange
this information into a standardized template. The output of this model is not directly
related to accidents but serves as a preparatory step for the retrieval of similar-site accident
data. Therefore, the primary function of this model is to organize the natural language
site information into a structured format before it is processed by the similar-site accident
retrieval model.
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Figure 2. The architecture of the site information classification model.

The model analyzes the natural language construction site information input by a user
and identifies specific circumstances and related accident types for the construction sites.
The developed model uses integrated construction site data generated in the preprocessing
stage and individually classifies 18 types of construction site information. The output site
information is provided in the same format as the integrated site information generated in
the preprocessing stage.

The site information classification model includes two submodels. The continuous data
classification submodel is designed for classifying continuous type site information, and
the categorical data classification submodels include multiple submodels for classifying
categorical type site information. For classifying continuous site information, the site
information entered by the user is processed using regular expressions, which may differ
from those in English because the continuous data classification submodel was created to
process Korean. The data on construction expenses, progress ratio, number of workers,
and construction duration are converted from the data derived with regular expressions
to categorical data consistent with the accident data. For example, data such as the user-
entered progress ratio, construction expenses, bid price ratio, number of workers, and
construction duration are input as continuous data; however, the accident data consists
of categorical data, and therefore, these variables are converted to match the categorical
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format of the accident data. Temperature and humidity data are processed as continuous
data within the accident data, and they are therefore output as continuous data without
further transformation.

All the categorical data submodels of the site information classification model have
a common architecture, as exemplified by the weather classification submodel shown in
Figure 3. After breaking down (tokenizing) the site information sentences into individual
components (tokens), we add a special [CLS] token at the beginning of each sentence to
indicate the start of the sequence and an [SEP] token at the end to signify the end of the
sequence. For example, the sentence “weather is sunny. construction type is building
construction.” is tokenized and transformed into [“[CLS]”, “weather”, “is”, “sunny”,
“[SEP]”, “construction”, “type”, “is”, “building”, “construction”, “[SEP]”]. These tokenized
sentences, with the added special tokens, are fed into the pretrained KLUE-BERT model.
The model generates vector representations (embeddings) for each token, capturing their
contextual meanings. These token embeddings are then passed through a classifier that
consists of a feed-forward network followed by a softmax function. The classifier assigns
each token to its respective category, which corresponds to specific site information. In this
example, the classifier identifies the token “sunny” as the category “weather”. This process
is shown in Figure 3, where the tokens are processed to produce the output “sunny” for
the weather category. The submodels determine the categories corresponding to the object
names (specific site information).
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Throughout the fine-tuning process, the categorical data classification submodels
underwent training to comprehend the contextual significance and site information cate-
gory of each token by utilizing the natural language format (shuffled data from Figure 1).
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Through this process, the submodels were able to identify the keywords and contexts
indicating information about the site and to classify them into categories.

In the actual execution stage, the categorical data classification submodels are pro-
vided with natural language information about the site entered by the users. In this case,
the submodels identify important site information from the sentences entered based on the
previously fine-tuned knowledge and determine the category corresponding to each piece
of information. For example, if the user enters, “The weather is clear, The construction type
is building construction”. The submodels identify two types of site information—“weather”
and “construction type”—and assign them to the categories “clear” and “building construc-
tion”, respectively.

The data were split into training, validation, and test sets to train the categorical
data classification submodels. The training data were created from 80% of the 17,707 total
accident data points, while the validation and test datasets were each created from 10% of
the total dataset. The missing data for each piece of site information were omitted from
the training, validation, and test sets. Although the amount of data for each submodel
varies, a ratio of 80%–10%–10% was consistently maintained between training, validation,
and testing across all submodels. The Adam optimizer, known for its efficiency and low
memory requirements, was utilized with a learning rate of 5 × 10−5 for the categorical site
information submodel. This optimizer adjusts the learning rate for each parameter, making
it well suited for the complex nature of our NLP tasks. The batch size for training was 64.
The model was trained for 20 epochs, where an epoch refers to one complete pass through
the entire training dataset. The optimal epoch was defined as the one with the lowest
validation loss or the highest training accuracy. When the natural language site information
is entered into the classification model, the classifier outputs the site information in the
same format as the data in the integrated site information column.

4.4. Similar-Site Accident Retrieval Model

The similar-site accident retrieval model evaluates the similarity between user-entered
site information and previously generated integrated site information and finds the most
similar construction site. The model then finds past accidents specific to that site by
identifying the similar sites. Cosine similarity is used to assess the similarity between
sentences in various fields in addition to the STS task of the BERT model [46,47].

The maximum sequence length was set to 128 based on the analysis of the length of
the accident reports in the dataset, which typically did not exceed 60 sub-words, with the
majority being 20 sub-words in length. Consequently, the maximum sequence length for
the embeddings was limited to 128 to efficiently manage the computational resources of
the model and maintain accuracy, despite BERT’s capacity to handle up to 512 sub-words.

The method for calculating the cosine similarity between two pieces of site information
is shown in Figure 4. In this figure, u and vn represent the vectors of the input site
information and integrated site information within the accident data, respectively. For each
piece of site information, the two sentences are input into two pre-trained BERT models,
and the embedding vectors are determined by pooling. Here, vn is previously stored in a
separate column (hereafter, the embedding column) after the integrated site information is
embedded in the accident data. Next, when site information is input into the model, u is
calculated, and the cosine similarity of u is calculated for all values of vn in the embedding
column. The cosine similarity is calculated as

cosine − similarity(u, vn) =
u·vn

∥u∥∥vn∥
(6)

where u · vn represents the dot product of the two vectors, and ∥u∥ and ∥vn∥ represent the
respective magnitudes of the vectors.
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The column of the integrated site information is ordered by similarity based on the
calculated cosine similarity values, and vn with the highest similarity is selected. The
integrated site information data and accident circumstances for this vx are output. Thus,
the output data provide the user with an accident that can occur in a similar situation and
the characteristics of that accident.

For example, Figure 4 is not to indicate that these two specific sites (“building con-
struction” and “bridge construction”) are similar. Figure 4 illustrates the architecture of
the similar-site accident retrieval model, showing how the model calculates the cosine
similarity between user-entered site information (u) and each piece of previously stored
site information (vn) from the accident data. The sentence “Weather is sunny. Construction
type is building construction” represents user-entered site information (u), while “Weather
is cloudy. Construction type is bridge construction” is an example of one of the many
site information entries (vn) from the dataset. The model calculates the cosine similarity
between u and each vn to find the most similar construction site, denoted as vx, which
has the highest cosine similarity score. This process allows the model to identify the site
information and accident scenario from the most similar past accidents.

4.5. Model Validation

The proposed models were validated. However, for the site information classification
model, the continuous data classification submodel was not validated. When evaluating
the performance of the categorical data classification submodels to validate the proposed
model, each submodel was evaluated independently. Instead of evaluating each class
within these submodels (such as “sunny”, “cloudy”, or “rain” for the weather classification
submodel), the overall performance of each submodel was evaluated. The performance
of the model was evaluated using accuracy, loss, precision, recall, and F1-score, which are
widely used in machine learning to assess the performance of classification models [48]. In
addition, a confusion matrix was output for each model as a measure of model performance.
In the confusion matrix, true positive (TP) refers to cases where the predicted and actual
value are positive, whereas true negative (TN) refers to cases where the predicted and
actual values are negative. False positive (FP) refers to cases where the actual value is
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negative but is mistakenly predicted to be positive. False negative (FN) refers to cases in
which the actual value is positive but is incorrectly predicted as positive [14,49,50].

Accuracy is calculated as the proportion of the total sample that was correctly classified.

Accuracy =
TP + TN

TP + TN + FP + FN
(7)

Precision is the proportion of predicted positive values that were actually positive.

Precision =
TP

TP + FP
(8)

Recall is the proportion of actual positive values that the model correctly predicted as
positive.

Recall =
TP

TP + FN
. (9)

F1-score is the harmonic mean of the precision and recall and is a balanced measure of
both indices.

F1-score = 2 × Precision × Recall
Precision + Recall

(10)

The performance was evaluated indirectly in terms of the similarity of the site infor-
mation retrieved by the model using cosine similarity to evaluate the similar-site accident
retrieval model. The performance of the model was assessed utilizing cosine similarity
because of the inherent challenge in quantifying accuracy, which hinders the use of other
evaluation metrics. The site information used in this study consists of a total of 18 categories
of site information. An estimated 30 billion potential combinations of site information
exist, solely considering combinations of the eleven categories of the basic site information.
Given the extreme difficulty in producing site information that precisely matches the input,
the performance was assessed in terms of similarity.

The similar-site accident retrieval model was used to measure the cosine similarity
between the retrieved site information vector and the actual site information, and the
ratio was measured to express the degree of similarity of the output site information. The
validity of the developed model was evaluated for all 17,707 accident data points using the
following approaches:

1. Similarity between the classified site and actual site information, when only the site
information classification model is used on natural language site information (shuffled
data from Figure 1)

2. Similarity between the retrieved similar site and actual site information occurs when
only the similar-site accident retrieval model is used on the shuffled data.

3. Similarity between the retrieved similar site and actual site information when the site
information classification model for the shuffled data is used to classify integrated
site information, and the similar-site accident retrieval model is used on the classified
site information.

5. Results
5.1. Performance of the Site Information Classification Model

In the evaluation process of the site information classification model, the performance
of the categorical data classification submodels was analyzed for 11 categorical data types,
except for the continuous data classification submodel. Table 2 shows the size of the
training, validation, and test datasets for each categorical data classification submodel.
Although the amount of data for each submodel varies, a ratio of 80%–10%–10% was
consistently maintained between training, validation, and testing across all the submodels.
It can be shown that there is transparency regarding the proposed model’s training scope
and the consistency of the data split ratios across all the submodels.
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Table 2. Number of training, validation, and test datasets and optimal epoch number for each
categorical data classification submodel.

Model Training
Data

Validation
Data Test Data Optimal Epoch

Number
Training
Accuracy

Validation
Loss

Date of accident (month) 14,146 1770 1791 6 0.8629 0.3829
Public/private 14,137 1768 1790 8 0.9914 0.0474

Weather (condition) 14,146 1770 1791 9 0.9585 0.1262
Construction type (1st level) 14,146 1770 1791 5 0.9840 0.0505
Construction type (2nd level) 14,069 1760 1781 4 0.9583 0.1284
Construction type (3rd level) 13,657 1708 1717 6 0.9222 0.3796

Accident classification—work type (1st level) 14,146 1770 1791 5 0.9449 0.2332
Accident classification—work type (2nd level) 14,146 1770 1791 5 0.8955 0.4417
Accident classification—detailed work process 14,146 1770 1791 5 0.8615 0.5604
Obligation to prepare safety management plan 14,145 1770 1791 4 0.9735 0.0822
Obligation to prepare DFS (design for safety) 14,145 1770 1791 5 0.9791 0.0581

We focused on the process of determining the optimal epoch number to the prevent
overfitting of each categorical data classification submodel and to maintain stable perfor-
mance. Furthermore, each of the 11 submodels was trained for 20 epochs to determine
the optimal epoch number. The change in the accuracy and loss of each submodel over
20 epochs is shown in Appendix A. The optimal epoch number was determined as the
epoch that minimized the validation loss. The optimal epoch numbers for each submodel
are shown in Table 2.

The categorical data classification submodels developed in this study were evaluated
based on the accuracy, precision, recall, and F1-score of each submodel, as shown in Table 3.
In addition, the results of the confusion matrix analysis for each submodel are presented
in Appendix B. These confusion matrices provide a detailed breakdown of the model’s
performance by showing the number of correct and incorrect predictions for each class.

Table 3. Results of the evaluation for each categorical data classification submodel.

Number of
Classes Model Accuracy Precision Recall F1-Score

2 Public/private 0.9821 0.9833 0.9797 0.9814
2 Obligation to prepare safety management plan 0.9631 0.9590 0.9400 0.9490
2 Obligation to prepare DFS (design for safety) 0.9788 0.9782 0.9743 0.9762
4 Construction type (1st level) 0.9711 0.8987 0.8838 0.8905
6 Weather (condition) 0.9542 0.9614 0.9158 0.9355
7 Accident classification—work type (1st level) 0.9458 0.9623 0.8913 0.9240
12 Date of accident (month) 0.8598 0.8862 0.8581 0.8663
15 Construction type (2nd level) 0.9373 0.9073 0.8460 0.8723
39 Accident classification—work type (2nd level) 0.8813 0.9522 0.8748 0.9082
56 Construction type (3rd level) 0.8892 0.9494 0.9203 0.9303
59 Accident classification—detailed work process 0.8513 0.9487 0.9081 0.9231

The performances showed clear differences when the submodels were categorized into
three groups based on the number of classes. In the group with relatively few classes (two
to six classes), there were five classification submodels: public/private, weather (condition),
construction type (1st level), obligation to prepare a safety management plan, and obligation
to prepare a DFS. In this group, the public/private classification submodel showed the best
performance, while the weather (condition) and construction type (1st level) classification
submodels showed better results than those of the other group’s submodels. The obligation
to prepare a safety management plan and the obligation to prepare a DFS classification
submodels also showed relatively high performance. When the confusion matrices for each
submodel were analyzed, the accuracy of all the classifiers was between 0.70 and 1.00.
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5.2. Performance of Similar-Site Accident Retrieval Model

The performance evaluation of the similar-site accident retrieval model was roughly
divided into three approaches. Specifically, the cosine similarity was measured when
using only the site information classifier, when using only the similar-site accident retrieval
model, and when using the site information classifier and the similar-site accident retrieval
model in parallel. Table 4 shows the results of the measurement of cosine similarity for
each approach.

Table 4. Results of the evaluation for each similar-site accident retrieval model.

Evaluation Results Site Information
Classification Model

Similar-Site Accident
Retrieval Model

Site Information Classification
Model + Similar-Site Accident

Retrieval Model

Mean cosine similarity 0.9101 0.9641 0.9803
Ratio with cosine similarity ≥ 0.99 0.00% 30.46% 56.77%
Ratio with cosine similarity ≥ 0.95 18.58% 65.52% 84.22%
Ratio with cosine similarity ≥ 0.90 59.88% 97.31% 99.81%

When the site information classification model was used as a single model, the mean
cosine similarity was the lowest of all three approaches. The mean cosine similarity between
the classified site information and the actual site information was 0.9101, with 0.00% of
the results having a cosine similarity of ≥0.99 with the actual site information, 18.58% of
the results having a cosine similarity of ≥0.95, and 59.88% of the results having a cosine
similarity of ≥0.90. Thus, when using only the site information classification model, sites
were retrieved that were less similar than in the other approaches.

When the similar-site accident retrieval model was used as a single model, the mean
cosine similarity between the similar sites retrieved and the actual site information was
0.9641, which was the middle level of performance of the three approaches. The ratio of the
results that had a cosine similarity with the actual site information of ≥0.90 was 97.31%,
but the ratio of the results with a similarity of ≥0.99 was 30.46%. This demonstrated a
certain level of performance, but also an inability to retrieve similar site information at a
detailed level.

When the performance was evaluated using the site information classification model
and the similar-site accident retrieval model together, the mean cosine similarity between
the similar site information and the actual site information was 0.9803, showing better
performance than when using either model individually. When the two models were used
in parallel, more than half of the results of the similar site information (56.77%) had a cosine
similarity of ≥0.99 with the actual site information. In particular, most of the results of
the derived site information (99.81%) showed a cosine similarity of ≥0.90 with the actual
site information.

5.3. Example of Retrieving Accidents from Similar Sites

Figure 5 shows an example of a result that found a past accident from a similar site that
fit the entered site information using the developed model. When detailed site information
was entered in the input window (black box) and the model was executed, the results
indicated that the accident occurred at sites with the most similar site information that
occurred in the work of the entered information. The model presented the final results of
running both the site information classification model and the similar-site accident retrieval
model. The results included a description of the accident (red box), the similarity of the
accident site (blue box), and the details of the site where the accident occurred (green
box). In this example, the similarity of the site where the accident occurred was 89% of the
fieldwork information entered. Before starting on-site work, construction site managers
can educate workers about the accidents derived from the model to alert them.
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6. Conclusions

This study developed two models for identifying and providing similar past accidents
to workers using input site information prior to starting work. The first model is the site
information classification model, which uses a named entity recognition task to classify
input site information. The second model is a similar-site accident retrieval model that finds
the most similar accidents that occurred in the past from input site information and uses
semantic textual similarity. These models employ advanced NLP techniques to accurately
categorize diverse construction site data into structured formats and identify accidents
corresponding to classified site information.

(1) The site information classification model effectively categorized both continuous and
categorical types of input site information. This categorization facilitates a deeper
understanding of site-specific conditions, which are critical for assessing potential
hazards and implementing appropriate safety measures.

(2) The similar-site accident retrieval model could identify similar past accidents with
high accuracy, as indicated by a mean cosine similarity score of ≥0.90, when paired
with the site information classification model. This result indicated that the combina-
tion of these two models could give birth to correct results that were more comparable
to the actual site information.

(3) The developed models can be effectively used by construction site managers for safety
management. For example, site managers can follow these steps to utilize the models.
Before starting daily work, the site manager inputs the current site information,
including environmental conditions, contract details, and specific work processes,
into the models. The models process the input data to retrieve records of similar past
accidents from the database. By examining the retrieved accident records, the site
manager can identify potential risk factors associated with the current site conditions.
The manager can use the details of past accidents to educate workers about specific
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hazards and safety measures relevant to the day’s tasks. Informed safety briefings
may be conducted with workers by using the retrieved accident data to highlight
specific risks and preventive actions. This proactive approach allows site managers to
implement targeted safety measures, thereby enhancing overall safety awareness and
preparedness among workers.

Despite the models’ effectiveness, this study had some limitations.

(1) The efficiency of the models strongly depends on the scope and quality of the datasets.
The datasets used in this study were based on temporally and geographically limited
accident cases; therefore, they could not accurately reflect the characteristics of acci-
dents in other environments or conditions. Furthermore, the structure of the model
needs to be adjusted when applied to different datasets because the results of this
study are based on a specific dataset. The change in the structure can help ensure that
the model is effective in various environments and conditions.

(2) This study focused on Korean language data, and therefore, further studies on trans-
ferability to other language environments are required. Despite focusing on Korean
data, the methodologies developed in this study can aid in creating global safety man-
agement models. The framework proposed in this study to classify site information
and retrieve relevant past accidents is adaptable and offers a blueprint for researchers
to tailor safety measures according to their specific regional needs.

(3) This study did not conduct an empirical validation of the models with actual construc-
tion site users owing to constraints.

Future studies should address the limitations of this study and focus on developing
models that are applicable to diverse construction sites and linguistic environments. In
addition, recognizing the significance of real-world applicability, future research should
also include empirical validation to further ascertain the effectiveness of the proposed
models in practical settings.
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Appendix A. Accuracy and Loss for Site Information Classification Submodels
over 20 Epochs

This appendix details the changes in accuracy and loss across 20 epochs for 11 categor-
ical data classification submodels, as shown in Figures A1–A11.

https://www.csi.go.kr/index.do
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Appendix B. Confusion Matrix Results for Site Information Classification Submodels

This appendix presents the confusion matrix results for each of the site information
classification submodels, as shown in Figures A12–A22.
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Figure A18. Confusion matrix for accident classification—construction type (macro) classification
submodel.
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