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Abstract. Timely and accurate identification of the causes of safety accidents is 

very important for preventing accidents from happening again and improving the 

efficiency of safety management. However, a large number of complex and het-

erogeneous unstructured and semi-structured safety accident text data will be 

generated in the process of engineering construction, and the traditional manual 

analysis method is time-consuming, labor-intensive and error-prone. Therefore, 

this paper proposes an intelligent classification technology based on natural lan-

guage reasoning mechanism for engineering construction safety accidents. First, 

the StructBERT model is used to analyze the features of the unlabeled safety 

accident data, and the text data is set as the premise of natural language reasoning. 

Then, the hypothesis is constructed by using the type label of each cause factor. 

Then, the relationship between the premise and the hypothesis is deduced, so as 

to determine the label to which the text belongs. Thus, the automatic classifica-

tion of the causes of security accidents is realized. Finally, the performance of 

the method is tested by combining the data sets of power plant, power grid, mu-

nicipal and hydropower engineering fields. The experimental results show that 

the proposed method performs well on the data sets of four engineering fields. 

Compared with the existing models based on machine learning and deep learning, 

the superiority and reliability of the proposed method are proved, which provides 

information support for the safety management and accident cause analysis in the 

engineering construction field. 
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1 Introduction 

In the field of engineering construction, timely and accurate identification of the causes 

of safety accidents is of great significance for preventing accidents from recurring and 

improving the efficiency of safety management. However, a large amount of complex 

and heterogeneous unstructured and semi-structured safety accident text data is gener-

ated during the engineering construction process. Traditional manual analysis methods  
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are not only time-consuming and labor-intensive but also difficult to cope with the rapid 
growth of data scale. Therefore, how to effectively process these text data and quickly 
and accurately identify the causes of safety accidents has become an urgent problem to 
be solved. 

The causes of safety accidents are complex and varied, involving multiple aspects. 
According to different causative factors, safety accidents can be divided into human 
factors, management factors, environmental factors, and equipment factors [1]. Based 
on the specific types of accidents, they can be further subdivided into 14 categories 
such as object strikes, falls from height, mechanical injuries, collapses, and fires [2]. 
Additionally, safety accidents can also be classified according to their severity. By con-
ducting text classification of the causes of safety accidents, it is possible to systemati-
cally identify and summarize the various factors that lead to accidents, helping enter-
prises and regulatory agencies to gain a clearer understanding of the root causes of 
accidents. Text classification methods can be roughly divided into supervised learning 
[3] and unsupervised learning [4]. Supervised learning utilizes existing labeled data to 
optimize classification models, suitable for scenarios with high-quality data and clear 
category labels, such as Naive Bayes [5], Support Vector Machines (SVM) [6], GRU 
[7], and CNN [8]. Although supervised learning methods can achieve good classifica-
tion results to some extent in cases where a large amount of labeled data is available, 
high-quality labeled data requires significant labor and time costs. Unsupervised text 
classification techniques primarily include cluster analysis [9] and topic modeling 
methods [10], but clustering algorithms often struggle to determine the optimal number 
of clusters in practical applications, and the performance of topic modeling algorithms 
is influenced by parameter selection. 

Therefore, this paper aims to propose an intelligent classification technology for en-
gineering construction safety accident causes based on natural language inference 
mechanisms, aiming to fill the current research gap in the automated and intelligent 
processing of safety accident text data. Specifically, this paper addresses the following 
key issues: 1) Introducing natural language processing technology to reduce reliance 
on manual labor and improve analysis efficiency. 2) The proposed zero-shot classifica-
tion model can classify new safety accident texts without pre-annotated training sam-
ples, significantly expanding the application scope and flexibility of the model. 3) This 
paper adopts the StructBERT model, combined with natural language inference mech-
anisms, to conduct deep understanding and analysis of safety accident texts by judging 
the relationship between texts and labels, aiming to improve the accuracy and robust-
ness of classification. 

2 Intelligent Classification Method of the Causes of 
Engineering Construction Safety Accidents 

Taking the text report of construction safety accident in engineering field as an exam-
ple, this paper combined with natural language reasoning technology, proposed a zero-
sample classification based on the type of intelligent identification of safety accident in 
engineering construction field. The specific implementation steps are as follows:
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1. Collect data sets of safety incident case reports covering four major engineering 
fields, including hydropower engineering, municipal engineering, power grid engineer-
ing and power plant engineering. 

2. Necessary pre-processing operations are performed on these data sets, including 
data cleaning to eliminate irrelevant information, text formatting, removal of common 
stops and punctuation, and effective reduction of noisy words to ensure data quality. 

3. Enter the security incident case text content and assign one or more labels to each 
case text to build a natural language hypothesis. Then, the StructBERT zero sample 
classification model is used to encode the text, assign labels to each text according to 
the constructed hypothesis, and output the corresponding labels and scores of each text 
of the safety accident case, so as to accurately classify the accident text cases corre-
sponding to each type of cause factors. 

2.1 StructBERT Classification Model 

StructBERT adds two new pre-training objectives on the basis of BERT model, namely 
word order recovery and sentence order prediction. Its core idea is to integrate language 
structure information into pre-training tasks to enhance the model's understanding and 
representation of language content. Furthermore, StructBERT enhances the model's 
comprehension of text's inherent logic during the pre-training phase by incorporating 
structured information such as dependency parse trees and document hierarchies. This 
enhancement extends beyond lexical-level understanding, significantly upgrading the 
model's awareness of contextual nuances and textual structures. When applied to zero-
shot classification tasks, this deep-level comprehension enables the model to infer ac-
curate classification outcomes based on prior knowledge and textual structural infor-
mation, even in the absence of labeled data for specific categories, which is a feat tra-
ditionally difficult to achieve. Traditional models often rely heavily on abundant la-
beled data to learn category-specific features, limiting their performance in zero-shot 
scenarios due to the scarcity of training data. In contrast, StructBERT leverages its ro-
bust generalization and structural awareness to extract valuable information from lim-
ited or unlabeled data, thereby improving classification accuracy. 

Moreover, by sharing underlying representations through multi-task learning, 
StructBERT facilitates easier transfer to new domains or tasks, eliminating the need for 
retraining the model for each specific application scenario. Lastly, in many real-world 
applications, data distributions are often imbalanced, with a few dominant categories 
overshadowing numerous niche categories with scarce samples. Traditional classifiers 
tend to favor predicting the majority classes, leading to extremely low recognition rates 
for niche categories. However, StructBERT, with its exceptional ability to process 
structured information and generalize, can mitigate this issue to some extent, providing 
relatively accurate predictions even for underrepresented categories, thereby enhancing 
the overall system's fairness and practicality. The model framework is shown in Figure 
1. 

The StructBERT model uses Transformer's encoder architecture and combines tech-
nologies such as self-attention mechanism and location coding to capture vocabulary,
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sentence structure and semantic information in text to generate encoded vector repre-
sentations. The following are the specific steps of the model encoding: 

(1) Convert text input and candidate tags into word Embeddings to obtain their To-
ken Embeddings. In order to make the model learn the dependency relationship be-
tween words in the pre-training process, the order of "has", "poor" and "security" in the 
input text is shuffled into "poor", "security" and "has". The word-level vector of the 
StructBERT model also includes Token Embeddings, Segment Embeddings and Posi-
tion Embeddings. These parts together constitute a complete representation of the input 
text of the model, which helps the model to understand the text content more compre-
hensively. 

(2) The second part adopts the Transformer encoding structure of stacked self-atten-
tion mechanism and feedforward neural network layer, which can effectively capture 
the vocabulary, sentence structure and semantic information in the text. 

(3) The model restores the correct order of words in the subsequence, namely "has", 
"poor" and "security", and the encoded vectors are represented as Thas, Tpoor and Tsecurity. 
Finally, the feature vector of the text is represented as 

Ζ ∴1  2 3, , ,i nT T T T T< +≈   (1) 

Where Ti represents the i th text feature vector obtained by SturctBERT model, and n 
represents the number of characters in the text sequence. 
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Fig. 1. The structure of StructBERT classification model. 

Text Classification Based on Natural Language Reasoning 

Zero-shot classification models are mainly divided into two categories: one is based on 
natural language inference, and the other is based on text generation. The StructBERT 
zero-shot classification model is a text classification technique that relies on natural 
language inference. By integrating linguistic structure and pre-training methods, it lev-
erages a deep understanding of language to classify texts without the need for pre-la-
beled training samples. This classification method first sets the text to be classified as 
the premise of natural language inference, then constructs a hypothesis for each label, 

2.2
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and finally reasons over these hypotheses to determine the label under which the text 
belongs, essentially judging the relationship between the given text segment and the 
given label. 

Fig. 2. Text classification principle based on natural language reasoning. 

In this study, we applied the StructBERT model to perform zero-shot classification 
of text cases related to safety accidents in the field of engineering construction, based 
on the classification standards of accident-causing factors. Using a specific text exam-
ple, we demonstrate the entire classification process, which is divided into four main 
steps (as shown in Figure 2): 

(1) The text "high gas content in the tunnel" to be classified is set as the premise of 
natural language inference, and a potential label set is defined as ["human factor," 
"management factor," "environmental factor," "equipment factor"]. For each potential 
label, the model constructs a hypothesis, typically by combining the label with the text 
in some way to form a complete sentence or statement. 

(2) In the StructBERT zero-shot classification model, all premises and hypotheses 
are input together and encoded to create a natural language inference task. 

(3) The model reasons over each hypothesis, judging the relationship between the 
premise (i.e., the text to be classified) and the hypothesis (i.e., the statement correspond-
ing to each label). This relationship can be entailment, neutral, or contradiction. How-
ever, in the context of zero-shot classification, the model primarily judges entailment 
relationships, i.e., whether the text can be classified under a certain label. 

(4) Based on the inference results, the model assigns one or more labels to the text. 
This assignment process is usually based on the probabilities obtained from the infer-
ence, where [0, 1, 2, 3] correspond to labels ["human factor," "management factor,"
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"environmental factor," "equipment factor"], with probabilities of 0.2615, 0.4465, 
0.8066, and 0.5669, respectively. By setting a threshold of 0.8, the label with the highest 
probability is selected as the final classification result. 

In summary, the text example "high gas content in the tunnel" was classified using 
the StructBERT zero-shot classification model. Initially, a potential label set of ["hu-
man factor," "management factor," "environmental factor," "equipment factor"] was 
defined. The model then constructed a hypothesis for each label and performed reason-
ing over these hypotheses. Ultimately, the model judged that the text had the strongest 
entailment relationship with the "environmental factor" label, thereby classifying it un-
der the "environmental factor" category. 

3 Experimental Analysis 

3.1 Data Preparation and Preprocessing 

Power plants, power grids, municipalities and hydropower projects each represent core 
areas such as energy production, energy transmission, urban infrastructure construction 
and water resources development and utilization, and in these areas, widespread secu-
rity issues and challenges cannot be ignored. Considering the availability and complete-
ness of data as well as the high incidence of accidents, this study collected 1157 rela-
tively complete safety accident records and reports and organized them into text data 
sets. Due to the large volume and complex structure of text data, the initial data may 
contain a lot of redundant or irrelevant information, which will lead to excessive con-
sumption of computing resources in the process of data processing. In addition, data 
from different sources may have inconsistencies in format, units, naming, etc., which 
may make the data difficult to merge and analyze. Therefore, in order to optimize the 
quality of data, enhance the performance of the model, and ensure the accuracy and 
efficiency of subsequent analysis or model training, it is necessary to take data prepro-
cessing operations, including: 1) data cleaning; 2) Text formatting 3) stop word removal 
4) text segmentation. 

3.2 Classification Results of Accident Causation Types 

The experimental platform is built using Python3.9.19 and Transformer as the deep 
learning framework, and the development environment is Visual Studio Code. The 
StructBERT zero sample classification model is used to accurately identify the types of 
factors causing safety accidents in the field of engineering construction, as shown in 
Table 1. 

In order to test the text classification performance of the StructBERT model, this 
paper uses confusion matrix to evaluate the classification results of four text data sets 
of power plant, power grid, municipal and hydropower engineering, and visualizes the 
differences between the predicted results of the model and the actual results, so as to 
effectively analyze the classification performance of the model. Fig.3 Confusion Matrix 
diagram Experimental results show that the total number of diagonal elements is 938, 
which means that the number of samples correctly classified by the model is 938 (the
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total number of samples is 1157), indicating that the overall classification effect of the 
model is good and the recognition error rate is low. It can be seen from the color depth 
of the block in the figure that "management factors" and "human factors" are common 
causes of safety accidents in the process of engineering construction, and the risk of 
safety accidents must be effectively reduced by strengthening management and improv-
ing personnel quality. Non-diagonal elements represent the number of samples wrongly 
classified by the model, and the poor classification effect of "equipment factor" and 
"human factor" in power grid engineering and "management factor" in hydropower en-
gineering indicates that the model is easily confused in the identification of these types. 

Table 1. Text classification results based on natural language reasoning mechanism. 

Number 
Engineering 

field category 
Data sample 

Accident caus-
ative factors 

type 
The effectiveness of personnel safety training is poor, the safety 

Power plant en- awareness of production personnel is not high, the self-protection 
1 

gineering ability is poor, and the danger identification ability of the produc-
tion environment is lack. 

human factor 

2 
Power grid en-

gineering 
work team members who do not ground according to the proce-
dure and change the wiring is not stopped in time, and the blind 

rescue of the work team members after induction of electric shock 

management 
factor 

leads to the expansion of the accident. 

1156 
Municipal En-

gineering 
The four corner connecting bolts of the standard section of the 

construction lift are not installed in place. 
technical fac-

tor 

1157 
hydropower en-

gineering 

Aging of pipe mouth, failure of anti-backfire device and pressure 
regulator of acetylene pipe, resulting in gas leakage and fire dur-

ing welding operation. 

Equipment 
factor 

(a) Power plant engineering              (b) Power grid engineering



(c) Municipal Engineering            (d) Hydropower engineering 

Fig. 3. Classification results of four text datasets. 

3.3 Contrastive Analysis 

To further verify the classification performance of the StructBERT model, it was com-
pared with traditional machine learning methods and a large model based on pre-train-
ing (see Figure 4). As a traditional text clustering method, TF-IDF+K-means is easy to 
implement, but it does not consider the semantic information and the sensitivity of the 
clustering algorithm, and F1 has the lowest value. LDA captures the potential relation-
ship between documents through topic modeling, which makes up for the shortcomings 
of TF-IDF in semantic understanding to a certain extent. However, this model is sensi-
tive to parameters, has high computational complexity, and needs to set the number of 
topics in advance. Its F1 value is 0.2475, which is improved compared with TF-IDF+K-
means. However, it is still difficult to meet the needs of high-precision classification. 
Compared with such traditional methods, StructBERT model not only has a strong se-
mantic understanding ability, but also obtains rich context information through deep 
learning and large-scale pre-training, so as to achieve higher classification accuracy. In 
addition, MT5, as a large pre-training model based on Transformer, has mastered rich 
semantic and contextual information through training on large-scale text data, and its 
F1 value reaches 0.6181. However, the text generation model may not always be able 
to adapt well to the task of text classification in a specific field, and can not fully learn 
the professional knowledge in the field of engineering construction. The Sia-
meseUniNLU and PromptCLUE models used Prompt technology to guide the model 
to predict that F1 value reached 0.6464 and 0.7492 respectively. However, the 
StructBERT model further enhanced the model's understanding of text structure by in-
troducing structured information. F1 Score is as high as 0.8084, which significantly 
improves the performance of text classification and shows obvious advantages com-
pared with other models.

308             B. Shen
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Fig. 4. Classification results of four text datasets. 

4 Conclusion 

In order to efficiently and accurately identify the cause types of safety accidents in the 
field of engineering construction, this study proposed an unsupervised zero-sample 
classification model based on StructBERT. According to the cause factors types of 
safety accidents: Human factors, management factors, environmental factors, equip-
ment factors, other external factors, the model uses natural language reasoning mecha-
nism to automatically classify text cases according to these five categories. The exper-
imental results show that the StructBERT model performs well on data sets in four 
different engineering fields (power plant, power grid, municipal, hydropower), with an 
average F1 value of 0.8084, which verifies the effectiveness and generalization ability 
of the model when processing unlabeled text data. In addition, compared with other 
traditional machine learning methods and large models based on pre-training, it also 
shows obvious advantages. 

The StructBERT model demonstrates robust comprehension and representation ca-
pabilities in fusing linguistic structural information with pre-training methods. How-
ever, the model's performance is still constrained by the size and diversity of datasets 
in specific domains, particularly in engineering fields with limited samples or complex 
accident types, where the classification accuracy of the model may be compromised. 
Consequently, future research could consider enhancing the diversity and scale of
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cross-domain datasets to further boost the model's generalization ability. Despite these 
limitations, this study introduces novel ideas and methodologies to the field of classi-
fying causes of construction safety accidents. By incorporating natural language infer-
ence mechanisms, our model is capable of automatically processing intricate textual 
data, thereby circumventing the time-consuming and inefficient nature of traditional 
manual analysis methods. Additionally, the zero-shot classification feature enables the 
model to train and predict in the absence of labeled data, offering significant conven-
ience for practical engineering applications. 
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