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Accident precursors can provide valuable clues for risk assessment and risk warning. Trends such as the
main characteristics, common causes, and high-frequency types of chemical accidents can provide refer
ences for formulating safety-management strategies. However, such information is usually documented in
unstructured or semistructured free text related to chemical accident cases, and it can be costly to manually
extract the information. Recently, text-mining methods based on deep learning have been shown to be very
effective. This study, therefore, developed a text-mining method for chemical accident cases based on word
embedding and deep learning. First, the word2vec model was used to obtain word vectors from a text
corpus of chemical accident cases. Then, a bidirectional long short-term memory (LSTM) model with an
attention mechanism was constructed to classify the types and causes of Chinese chemical accident cases.
The case studies revealed the following results: 1) Common trends in chemical accidents (e.g., character
istics, causes, high-frequency types) could be obtained through correlation analysis based on word em
bedding; 2) The developed text-classification model could classify different types of accidents as fires,
explosions, poisoning, and others, and the average p (73.1%) and r (72.5%) of the model achieved ideal
performance for Chinese text classification; 3) The developed text-classification model could classify the
causes of accidents as personal unsafe act, personal habitual behavior, unsafe conditions of equipment or
materials and vulnerabilities management strategy; p and r were 63.6% for the causes of vulnerabilities
management strategy, and the average p and r are both 60.7%; 4) the accident precursors of explosion, fire,
and poisoning were obtained through correlation analyses of each high-frequency type of chemical accident
case based on text classification; 5) the text-mining method can provide site managers with an efficient tool
for extracting useful insights from chemical accident cases based on word embedding and deep learning.
© 2021 Institution of Chemical Engineers. Published by Elsevier B.V. All rights reserved.
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1. Introduction
In the petrochemical industry, the chemical processes are complex,
the production equipment is diverse, and the materials are flammable,
explosive, and toxic. Hence, accidents have been a regular occurrence in
the petrochemical industry for many years. Examples include the
Bhopal disaster (1984); the accidents in Jilin, China (2005) (Wang et al.,
2008); the Qingdao 11.2 crude oil leak and explosion (2013); the Tianjin
Port 8.12 fire and explosion (2015) (Wang et al., 2018); and the ex
plosion accident in Xiangshui, China (2019) (https://www.chinanews.
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com/gn/2019/11-15/9008586.shtml). Such accidents can result in nu
merous casualties, substantial economic losses, and environmental
pollution. Thus, risk assessment (Chen et al., 2020; Yin et al., 2020; Ying
So et al., 2021), risk warning (Pasman, 2020), and emergency man
agement (Jing et al., 2012) are vital for preventing risks and reducing or
avoiding recurring accidents in petrochemical enterprises.
Accident precursors and common trends, such as the common
characteristics, common causes, and high-frequency types of acci
dents, can provide valuable clues for risk analysis, risk warning, and
emergency management. This can help plant managers identify
areas and situations where there is an increased likelihood of an
accident occurring (Zhao et al., 2014; Kidam et al., 2015; Ricci et al.,
2021). Significant advancements have been achieved in chemical
safety management (Casson Moreno et al., 2018; Cheng et al., 2013;
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Jing et al., 2014) by extracting precursors and causes from existing
accident cases. In chemical accident cases, however, these pre
cursors and causes are typically documented in unstructured or
semistructured free text, which contains various information about
the accident (e.g., description, location, time, equipment, people
involved). Manually mining information from a large amount of
cases is a time-consuming, labor-intensive, inefficient process (Jing
et al., 2016; Jing et al., 2019).
In recent years, new paradigms (Liu et al., 2017; Osarogiagbon
et al., 2021; Wang et al., 2018; Wu and Zhao, 2021; Wang et al., 2016)
for data processing, representation, mining, and application have
emerged. With regard to safety management, artificial intelligence
(AI) approaches have shown considerable promise (Mao et al., 2019;
Xu et al., 2019; Hjp and Bf, 2021), and deep neural networks have
achieved success in computer-vision application and text classifi
cation by extracting complex characteristics and learning re
presentations from data (Amin et al., 2019; Yildirim et al., 2019).
Furthermore, in the field of natural language processing (NLP), the
word2vec technique is an efficient word-representation approach
that can learn semantic information from massive amounts of un
labeled data (Mikolov et al., 2013; Hinton, 1989; Bengio et al., 2003;
Jatnika et al., 2019). This technique has been widely applied to
downstream NLP tasks such as correlation analysis and text classi
fication. Thus, it can offer possibilities for efficient text mining from
a large amount of cases.
Today, correlation analysis is an important method for textmining tasks such as text retrieval, keyword extraction, text clus
tering, and latent knowledge capture. Correlation is a feature for
evaluating the degree of closeness between two words (or texts).
Vector-based correlation analysis first transfers documents (words)
into vectors, and then correlation is represented by vector distances,
such as Euclidean distance or cosine power (cosine similarity).
Additionally, with the advancement of deep learning technologies,
word2vec-based correlation analysis has been applied in many
fields, achieving ideal performance in engineering research.
Material-related word vectors can be obtained by training large
amounts of materials science literature using unsupervised
methods. These vectors can capture complex materials science
concepts and be used to recommend materials for functional ap
plication many years before their discovery in the materials science
field (Tshitoyan et al., 2019). Similarly, in the transportation field,
word vectors have been used to obtain correlations among roads (Liu
et al., 2017) while in coal mining, they have been used to extract
concepts related to accidents(Liu et al., 2018). Meanwhile, proteininteraction recognition has been efficiently, accurately achieved
using such methods (Peng and Niu, 2018; Yang et al., 2017; Zhang
et al., 2018). Correlation analysis has therefore greatly improved the
precision and recall of event discovery based on word-representa
tion technologies.
Text classification is another important text-mining method that
can classify new documents into predefined classes by inputting
word vectors into deep neural networks. Text classification tech
nologies have shown promising performance in text-mining tasks
such as spam filtering (Saidani et al., 2020), sentiment classification
(Akhtar et al., 2020), automatic question-answering systems
(Sarrouti et al., 2020), and diverse biomedicine and bioinformatics
applications (Ibrahim et al., 2021).
Advancements have been made in construction safety manage
ment, including the ability to automatically capture key information
such as precursors (Baker et al., 2020), common causes (Fang et al.,
2020), and hazards (Zhong et al., 2020) from accident reports based
on word embedding and deep learning. Similar progress has been
made in the transportation (Heidarysafa et al., 2018; Zhang et al.,
2019; Krause and Busch, 2019) and medical (Ibrahim et al., 2021)
fields. In the field of chemical safety management, work on anomaly
detection (Song and Suh, 2019), ontology-based knowledge

Fig. 1. Main framework for word vector–based chemical accident case analysis.

acquisition (Single et al., 2020), and process alarm prediction (Cai
et al., 2019) has been undertaken based on accident texts. Despite
such work, no existing method meets the demands of both uni
versality and accuracy, and there is still no efficient, convenient
universal tool for extracting insights from chemical accident cases.
This study, therefore, developed and tested a text-mining method
for chemical accident cases based on word2vec and deep learning.
First, a word2vec model was used to obtain word vectors from a text
corpus of chemical accident cases, and common trends (e.g.,
common characteristics, causes, and main types of accidents) were
obtained through correlation analysis. Then, a bidirectional long
short-term memory (LSTM) model with an attention mechanism
was constructed to perform text classification based on the word
vectors of chemical accident cases. Finally, accident precursors were
extracted through the correlation analysis of each type of accident
case text corpus based on text classification.
2. Method
Fig. 1 shows this study’s main framework for the correlation
analysis and text classification of chemical accident cases based on
word embedding. This research mainly comprised two major tasks:
(1) obtaining word vectors from a text corpus of chemical accident
cases and (2) performing a case study of the correlation analysis and
text classification of accident cases based on word embedding. Here,
we detail the strategies for producing word vectors from the text
corpus and models for classifying chemical accident cases. The cri
tical steps for obtaining word vectors included case collection, case
text prepossessing, case text corpus word2vec model construction,
and model evaluation. The case study consisted of two parts: the
correlation analysis of common trends in accidents and the text
classification of chemical accident cases.
2.1. Strategies for producing word vectors from a text corpus of
chemical accident cases
Word vectors have been used as a feature in many NLP and
machine learning applications. Word2vec is a simple, efficient model
for learning word-vector representations from large datasets; it can
obtain high-quality word vectors after being trained on text content
(Zhang et al., 2018). In the word2vec model, word vectors are derived
from the distributional hypothesis—that is, words occurring in si
milar contexts have similar meanings (Turney and Pantel., 2010;
Harris, 1970; Clark, 2015). They are generated during the training of
deep language probabilistic models. This weakens the interpret
ability of statistical machine learning methods and relies heavily on
data. The greater the amount of data, the better the universality. Two
distinct neural models can be used in word2vec: the continuous bagof-words (CBOW) model and the continuous skip-gram (skip-gram)
model. Generally, obtaining word vectors for a domain-specific text
corpus requires the extensive training and fine tuning of multiple
parameters. Therefore, a word2vec model was used, and a series of
experiments were conducted to select a suitable word2vec model for
the text corpus of chemical accident cases.
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2.1. .3. Case text corpus word2vec model construction
Word2vec was configured in two ways: CBOW and skip-gram.
CBOW mainly predicts a target word based on its context words
while skip-gram mainly predicts context words based on a given
target word. Both methods use artificial neural networks as classi
fication algorithms. For CBOW, a key step is comparing its output
with the word itself to correct its representation based on the
backpropagation of the error gradient. For skip-gram, a key step is
comparing its output with each word of the context to correct its
representation based on the backpropagation of the error gradient.
These are all related to vocabulary size and the window size of each
word. To improve the efficiency of learning word representations,
the negative sampling algorithm and hierarchical softmax algorithm
were chosen in the learning process. During word2vec model
training, however, CBOW, skip-gram, the negative sampling algo
rithm, and the hierarchical softmax algorithm have various ad
vantages and disadvantages for different kinds of data. Therefore,
word2vec model evaluations were conducted to determine the most
efficient model for the text corpus. This work considered various
word2vec model parameters, including CBOW, skip-gram, negative
sampling algorithm, hierarchical softmax algorithm, number of
iterations, word vector dimension, and window size.

Fig. 2. Steps in word-vector generation from the text corpus of chemical accident
cases.

In this study, the word2vec model was culled from the Gensim
module in Python to generate word vectors for the text corpus of
chemical accident cases based on Anaconda Spyder. Fig. 2 shows the
word vector–generation steps for the corpus of chemical accident
cases. These mainly consist of information collection, text corpus
preprocessing, text corpus word2vec model construction, and
word2vec model evaluation.

2.1. .4. Word2vec model evaluation
Word vector training is an unsupervised process based on
word2vec. Generally, there are two methods for evaluating word
vectors. One is to apply word vectors to an existing NLP system and
then draw conclusions by observing system evaluation indicators
such as the precision, recall, and F-score of word-vector accuracy.
The other is to evaluate the quality of word vectors in linguistic
terms. To decrease cost and improve efficiency, this study performed
model evaluation from a linguistic perspective. Specifically, a mean
average precision (MAP) (Zhang et al., 2019) of the 50 words closest
to the target word was used as the evaluation criterion. The fol
lowing formulas were employed to compute the MAP:

2.1. .1. Chemical accident case collection
A total of 10,000 accident cases from 1988 to 2020 were col
lected, and a vocabulary with a capacity of 1 G was obtained after
preliminary screening. Among them, 3000 cases actually occurred;
the remaining 7000 were discovered in a timely manner and effec
tively controlled. These reports on chemical accidents were com
piled by major Chinese chemical companies; 3000 were collected
from chemical factories such as Qilu Petrochemical, Maoming
Petrochemical, and Petro China Fushun Petrochemical. Another 7000
cases were obtained by crawling websites such as ChemMade.com,
safehoo.com, and the China Chemical Safety Association. The key
words used to crawl the websites were “chemical accidents,” “che
mical production process,” and “petrochemical industry.”

MAP =

N
n = 1 AveP (qn)

AveP (q) =

N
R
i = 1 Mi

2 × 20R

.

,

(1)

(2)

In these equations, N represents the number of selected target
words, AveP (qn) is the average precision of each target word, R is the
number of words closest to the target word, and M is the manual
evaluation score for the similarity between each word and the target
word. In our experiment, N = 5 and R = 50; M was measured as
follows:

2.1. .2. Text corpus preprocessing
Illegal characters such as spaces, line breaks, letters, punctuation,
and stop words have no practical meaning and will reduce the
training efficiency of the word2vec model. Meanwhile, in Chinese
text, word segmentation is a key step for downstream NLP tasks
given the lack of obvious word boundaries in Chinese. Therefore, text
corpus preprocessing was essential for this study. It mainly consisted
of removing illegal characters from the text corpus, word segmen
tation, removing stop words, and organizing the text corpus into the
word2vec input format.
First, the re module in Python was used to remove illegal char
acters. Next, to improve the efficiency and accuracy of segmentation,
a proprietary dictionary of chemical vocabulary was constructed
through manual statistics based on existing records, consisting of
7828 chemical safety terms. Further, “jieba segmentation” was used
to accurately segment the preprocessed text into words. Stop words
were then removed, and a text corpus of approximately 1.35 million
words was finally obtained.
The CBOW and skip-gram models represent words in corpus as a
vector with contextual comprehension. In this study, the text corpus
was processed sentence by sentence through preprocessing, word
segmentation, and stop-word removal. The text corpus was finally
organized into list format and then fed into the word2vec model.

1) If a word was completely unrelated to the target word, then M = 0.
2) If a word was roughly related to the target word, then M = 1.
3) If a word exactly matched the target word, then M = 2. Fig. 3 il
lustrates the model evaluation process.
In this study, CBOW, skip-gram, number of iterations, hierarchical
softmax and negative sampling optimization tricks, vector dimen
sion, window size, and min_count were the key model parameters
used to learn the 300-dimensional word embedding of the voca
bulary related to chemical accidents. Based on the actual demand for
chemical accident case analysis, the selected evaluation target words
were set to “accident,” “fire,” “heat exchanger,” “air respirator,” and
“ethylene.” Figs. 4–6 present the model evaluation results. Among
them, Fig. 4 shows the effect of different numbers of iterations on
MAP under the CBOW model while Fig. 5 shows the same for the
skip-gram model. Similarly, Fig. 6 shows the effect of different op
timization tricks on MAP under the CBOW model. From these
700
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Table 1
setup of the word2vec model parameters.
Parameter

Setup

sg
Vector dimension
Number of iterations
hg
Window size
Negative
Sample
min_count

0 (CBOW)
300
30
0 (negative sampling)
10
5
1*10-3
5

vectors. Third, MAP was the highest at 30 iterations; thus, the
number of iterations of the word2vec model was set to 30 in the
experiment. The word2vec model parameters were set as shown in
Table 1.

Fig. 3. Flowchart of model evaluation.

2.2. Text-classification model for chemical accident cases
2.2.1. Deep learning models for text classification
The text classification of chemical accident cases is essential for
risk assessment. It can improve the efficiency of information mining
and provide valuable information for risk assessment and the su
pervision and early warning of chemical accidents. Deep learning
techniques have shown impressive results for text classification, and
convolutional neural networks (CNNs) (Banerjee et al., 2019), re
current neural networks (RNNs) (Errattahi et al., 2019), and long
short-term memory (LSTM) (Messina and Louradour, 2015) are the
most commonly used deep learning techniques in text classification.
However, CNN cannot obtain the semantic relationship between
nonadjacent words in a sentence since CNN’s filter has a limited
word capacity. Meanwhile, RNN may cause gradient explosion or
disappearance for long data sequences. LSTM, however, can capture
long-distance and close-range dependencies between word se
quences (Zhao et al., 2019).
Fig. 7 shows a topology of LSTM. Here, h and c are two states of an
LSTM cell, c denotes the cell output state of the previous time step,
and h denotes the output of the hidden layer. At each iteration t, the
current cell input xt, output of previous time step ht-1, and cell
output state of the previous time step ct-1 are incorporated by the
LSTM cell to update the network parameters during training. Gate
mechanisms are introduced to control the cell states of LSTM by
allowing information to pass through optionally. it, ft, ot, and ct de
note the input gate, forget gate, output gate, and output state of the
current cell, respectively. The values of gates and the input state of
the cell were calculated by Eqs. (3–6):

Fig. 4. Number of iterations versus MAP under the CBOW model.

Fig. 5. Number of iterations versus MAP under the skip-gram model.

it =

(Wi xt + Ui ht

1

+ bi),

(3)

ft = (Wf xt + Uf ht

1

+ bf ),

(4)

+ bo),

(5)

ot =

(Wo xt + Uo ht

1

ct = tanh(Wc xt + Uo ht

ct = ft *ct

Fig. 6. Optimization tricks versus MAP under CBOW model.

1

+ ct *it ,

ht = ot *tanh(ct),

1

+ bc ),

(6)
(7)
(8)

where wi, wf, wo, and wc denote the weight matrices between the
input of the hidden layer and the input gate, forget gate, output gate,
and input cell state, respectively. Ui, Uf, Uo, and Uc denote the weight
matrices between the previous cell output state and the input gate,
forget gate, output gate, and input cell state, respectively. bi, bf, bo,
and bc denote the corresponding bias vectors.
is the sigmoid
function. Then, at each iteration t, cell output state ct and LSTM layer
output ht are calculated by Eqs. (7 and 8).

results, the following conclusions can be drawn. First, the MAP of the
CBOW model was 0.13% higher than that of the skip-gram model.
Further, the CBOW model requires less training time than the skipgram model because of the limitation of text size, and it is more
suitable for calculations involving large amounts of text data.
Second, the MAP of the negative sampling trick was 0.28% higher
than that of the hierarchical softmax trick, and the negative sam
pling trick was more suitable for obtaining high-quality word
701
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Fig. 7. LSTM topology.

2.2.2. Text-classification model
Two key factors were considered to improve the accuracy of the
text classification of chemical accident cases. The first concerns how
to represent the contextual semantic information of a sentence; the
other concerns how to express the important part of a sentence for a
given chemical accident case text.
Bidirectional LSTM (BiLSTM) can process sequence data in both
directions with forward LSTM and backward LSTM layers; these two
hidden layers are connected to the same output layer. Further, the
attention mechanism has shown great success in many text classi
fication tasks (Rao and Spasojevic, 2016; Li et al., 2017). The core idea
of an attention mechanism is to assign a weight to each position at a
lower level of a neural network when computing a higher level of
representation (Zhou et al., 2016). Therefore, to extract the de
pendency features between word sequences and the contextual se
mantic information of the text corpus, a BiLSTM text-classification
model with an attention mechanism was constructed to classify
document-level case texts (Fig. 8).
In the model, first, each case text was reprocessed and re
presented sentence by sentence based on the pre-trained word2vec
model. Next, each text vector was fed to the forward and backward
LSTM cells sentence by sentence, and the output vectors ht of the
BiLSTM were connected and transformed according to Eq. (9). An
attention weight vector t was obtained using Eq. (10). The final
representation of text d is calculated by Eq. (11):

ut = tanh(Wu ut + bu),

t

= softmax

d=

t

t ut .

3.1.1. Experiments
Identifying common trends in chemical accidents, such as the
main characteristics, common causes, and high-frequency types, can
help safety management personnel grasp the overall situation of
chemical accidents. It can also provide a reference for formulating
safety management strategies and enhancing personnel safety
awareness. Similarly, accident precursors can provide valuable clues
for risk analysis and risk warning. Therefore, correlations between
word vectors were used to obtain accident correlation information
(e.g., common trends and accident precursors). Specifically, “acci
dent” and “accident causation” were selected as target words, and 50
associated words were found. Figs. 9 and 10 show, respectively, the
word-cloud diagram of common trends and the word-cloud diagram
of common causation. Then, word-cloud diagrams for the precursors
of explosions, fire, and poisoning were obtained through correlations
between the word vectors of each type of accident case text fol
lowing the text classification of accident cases. Namely, “explosion,”
“fire,” and “poisoning” were selected as target words, and the as
sociated words are presented in word-cloud diagrams (Figs. 11, 12,
13, respectively).
Meanwhile, in order to quantitatively analyze the common trend
of chemical accidents and common accident precursors of the highfrequency types of chemical accidents, the histogram corresponding
to each of word-cloud diagrams was drawn based on the frequency
of words associated with“accident”,“accident causation”,“explosion,”
“fire,” and “poisoning”(Figs. 14,15, 16, 17and 18, respectively).

(9)

ut ut
(ut

3.1. Correlation analysis of common trends in chemical accident cases

ut

1

1)(ut

ut 1)T

,
(10)

3.1.2. Results and discussion
Fig. 9 and Fig. 14 show the common trends in chemical accidents.
Repeatability, similarity and suddenness are the main characteristics of
chemical accidents, and illegal operations, negligence, mistakes, un
clear or risky operation, and mismanagement are the common causes.
Regarding accident type, explosion, fire, and poisoning are the highfrequency types of chemical accidents. In addition, chemical accidents
often lead to environmental pollution and numerous casualties. These
are in line with the general understanding of chemical accidents (Zhou
et al., 2016) as well as theories about accident causation (Fu et al.,
2017). Further, accident causes can be classified in terms of direct
causes, indirect causes, and root causes (Fig. 15). Over-temperature,
over-pressure, and leakage are direct causes; negligence, error,

(11)

3. Case study
For the case study, pre-trained word vectors from the chemical
accident case text corpus were applied to the text mining of che
mical accident cases. We then conducted correlation analyses of
common trends in chemical accidents and the text classification of
those cases.
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Fig. 8. Model architecture of chemical accident case text classification.

Fig. 10. Word cloud for accident causation.

Fig. 9. Word cloud for accident-related information.
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Fig. 11. Word cloud for the accident precursors of explosions.

Fig. 13. Word cloud for the accident precursors of poisoning.

3.2. Text classification of chemical accident cases
3.2.1. Experiments
Here, the keras 2.4.3 module was imported based on Anaconda
Spyder, and a BiLSTM model with an attention mechanism was
constructed to classify the case texts of chemical accidents.
Section 2.2.1.1 indicated that explosion, fire, and poisoning were
the high-frequency types of chemical accidents. Therefore, accidents
were divided into four categories: explosion, fire, poisoning, and
other. The developed text-classification model was trained and
tested on a labeled datasets of 2800 cases in a supervised learning
setting, and each case text was manually labeled. Among the cases,
there were 1000 explosion accident cases, 1000 fire accident cases,
500 poisoning accident cases, and 300 other types of accident cases.
During the experiments, we split the datasets into training sets,
validation sets, and test sets, which accounted for 80%, 10%, and 10%,
respectively.
The model input was the document-level text of the accident
cases. Each sentence was represented by the vector sum of each
word in the sentence based on pre-trained word vectors. We
merged the sentence-level features from each time step into a
document-level feature vector through the attention layer, and
the maximum number of sentences in each text was 70. Finally, a
document-level feature vector was used for the text classification
of cases. The model output was represented by a four-dimensional
matrix selected from the accident type matrix [1,0,0,0][0,1,0,0]
[0,0,1,0][0,0,0,1]]. The matrix [1,0,0,0] corresponds to fire accident,
[0,1,0,0] corresponds to explosion accident, [0,0,1,0] corresponds
to poisoning accident, and [0,0,0,1] corresponds to other types of
accidents.
Experiments were then conducted to determine the optimal
hyperparameters of the model. To find the optimal loss function, we
experimented with binary crossentropy, categorical crossentropy,
and mse function. For the optimizer, we performed testing using
SGD, Adam, and RMSProp optimizers. A learning rate ranging from
0.001 to 0.0001 was tested. Finally, mse and Adam were used
(learning rate = 0.001, beta_1 = 0.9, beta_2 = 0.999, epsilon = 1e-7).
At the same time, the dropout probability was 0.5 in each layer. As a
result, the model’s accuracies on the training data and validation
data were 99.18% and 78.15%, respectively (Fig. 19). The losses on the
training data and validation data were 4.8507e−04 and 0.0939, re
spectively (Fig. 20). Table 2 shows the model parameters.

Fig. 12. Word cloud for the accident precursors of fires.

improper handling, thought paralysis, lack of discipline, and blindness
are indirect causes; and management confusion and mismanagement
are root causes. It can be seen that personal unsafe act and unsafe
conditions of equipment or materials are the main factors that cause
accidents. And the root causes is vulnerabilities of process safety
management (PSM). This highlights the need to strengthen safety
management to prevent accidents before they occur.
Figs. 11, 12, and 13 show qualitatively the accident precursors of
explosions, fires, and poisoning, respectively. Meanwhile, Figs. 16, 17,
and 18 display occurrence frequency of accident precursors in past
chemical accidents. Lightning, open flames, electric sparks, ignition
sources, and shock waves can ignite combustible gases and lead to
fires and explosions. Smoke, leak points, open flames, high tem
peratures, and lightning are common precursors of fire accidents.
Regarding poisoning, signs such as suffocation, fainting, or a high
concentration of hydrogen sulfide gas near the workplace indicate
that a poisoning accident is about to occur or has occurred. These
results thus highlight the potential for using word embedding to
obtain the common trends and precursors of chemical accidents.
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Fig. 14. Histogram for common trends of chemical accidents.

Fig. 15. Histogram for chemical accident causes.

3.2.2. Results and discussion
A total of 280 chemical accident cases were tested based on the
text-classification model, including 100 explosion cases, 100 fire
cases, 50 poisoning cases, and 30 other cases. The performance of
the text-classification model was evaluated by precision (P), recall
(R), and F-score (F). P, R, and F were calculated as shown in Eqs.
(12–14), respectively,
P=c1/c2×100%,

(12)

R=c1/c3×100%,

(13)

F=(β^2+1)PR/(β^2 P+R)×100%.

14)

Here, c1 is the number of returned correct results, c2 is the
number of all returned results, and c3 is the number of results that
should be returned. P represents the precision of the classification

Fig. 16. Histogram for accident precursors of explosions.

705

S. Jing, X. Liu, X. Gong et al.

Process Safety and Environmental Protection 158 (2022) 698–710

Fig. 17. Histogram for accident precursors of fires.

results, and its value was calculated by Eq. (12); R is the recall of the
classification results, calculated by Eq. (13). The F-value measures
the importance of R and P, and the value of β represents the con
tribution of R and P to the measurement standard. In this study, R
and P were considered equally important for evaluating the classi
fication effect. Therefore, the value of β is 1, and the F-value was
calculated by Eq. (14).
Table 3 shows the P, R, and F of the test cases, with average values
of 73.1%, 72.5%, and 72.8%, respectively. All were 47.5% without
loading the proprietary dictionary of chemical vocabulary in the text
preprocessing.
It can be seen that the BiLSTM model with an attention me
chanism could accurately classify chemical accident cases based on
pre-trained word vectors from case texts. Further, the precursors of
explosions, fires, and poisoning could be extracted based on text
classification, as shown in section 3.1.2. P and R were 80% for fire and
poisoning labels. The average P (73.1%) and R (72.5%) for all labels
achieved better performance in Chinese text classification methods
(Li et al., 2021; Cheng et al., 2021) under chemical accident data
scarcity. At the same time, the average P and R values increased by
25.6% and 25%, respectively, by loading the custom chemical pro
prietary dictionary during the word segmentation of case texts. The
training and testing process of the model took a total of 30 minutes
on a computer with an Intel (R) Core (TM) i5-8275U CPU and 8 GB
RAM. In short, the BiLSTM model with an attention mechanism
could learn more hidden-feature information, and taking sentencelevel feature vectors as input improved the computational efficiency
of the model.

Fig. 19. Accuracy on training and validation data.

In order to discover the strengths and weaknesses of our model
and identify what needs to be strengthened in the next work, at
tention-based BiLSTM fused CNN with gating mechanism model
(ABLG-CNN) (Deng et al., 2021) for Chinese long text classification
was selected for quantitative comparison with our model in our
chemical accident cases datasets. Table 4 shows models comparison
results. It can be seen that our BiLSTM model with an attention
mechanism obtained better classification performance than ABLGCNN in our chemical accident cases datasets. And the average P、R、
F are all 70% for ABLG-CNN(1D Convolution), 67.5% for ABLG-CNN(2D
Convolution) and 64.18% for ABLG-CNN(3D Convolution). This is
because on the one hand, our datasets is smaller than THUCNews
and sogou datasets; on the other hand, CNN often loses a lot of in
formation while sampling feature data by reducing their width and
height. Therefore, CNN does not have a significant advantage in
classifying chemical accident case texts with strong contextual se
mantic relevance.

Fig. 18. Histogram for accident precursors of poisoning.
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equipment or materials(more than 75 types) (GB, 1986) in past ac
cident data, and there are overlaps and repetitions between types,
(2) there is no regularity in the classification of personal unsafe act
and unsafe conditions of equipment or materials, (3) the direct
cause, indirect cause and root cause of the accident are also in
dependent and interrelated(Foster, 1981).Therefore, the classifica
tion of accident causes is facing challenges.
4. Discussion
The common trends and precursors of chemical accidents can
provide safety managers with key information to respond to situa
tions that may result in adverse safety outcomes. Such information
can also be shared with on-site personnel to enhance their safety
awareness regarding “what to do” and “what not to do.” In summary,
this study’s contributions are fourfold. First, a text-mining method for
chemical accident cases in China was proposed and developed based
on word embedding and deep learning for the first time. Common
trends and accident precursors were extracted through correlation
analysis and text classification. The obtained information aligned with
the general understanding of chemical accidents (Zhou et al., 2016) as
well as theories of accident causation (Fu et al., 2017). The text-clas
sification model classified chemical accident cases into explosions,
fires, poisoning, and others. Instead of high P and low R (Fang et al.,
2020), the average P (73.1%) and R (72.5%) of the model both achieved
ideal performance for Chinese text classification under data scarcity
(Li et al., 2021; Cheng et al., 2020). Further, a proprietary dictionary
was constructed to improve the accuracy of Chinese word segmen
tation, which played an important role in achieving ideal text classi
fication performance. The average P and R of text classification
increased by 25.6% and 25%, respectively, by loading the proprietary
dictionary during text segmentation. Then, a simple and effective
word2vec model evaluation was conducted based on MAP. In addi
tion, the BiLSTM model with an attention mechanism considered the
contextual semantic relevance of case texts and improved computa
tional efficiency by merging sentence-level features from each time
step into a document-level features vector.
However, the average P and R of our text classification model
need to be further improved for industrialization. Especially, the P
and R of the “other” type are lower than that of explosions, fire, and
poisoning for lack of high-quality datasets and the performance for
the classification of accident causes needs to be strengthened. In the
follow-up research, it is necessary, therefore, to improve perfor
mance of our method from the following four aspects:

Fig. 20. loss on training and validation data.
Table 2
Bilstm model parameters.
Parameter

Value

Input_shape
n_classes
Hidden layer
Hidden size
Embedding size
Optimizer
Learning rate
Loss
Metrics
Dropout
Batch size
Epoch

[70,300]
4
2
256
300
Adam
0.001
mse
accuracy
0.5
51
100

At the same time, an in-depth analysis of accidents causes can
help in understanding how accidents occur and identifying those
hazards that caused accident. Therefore, according to word cloud
and histogram for accident causes showed in Fig. 10, Fig. 15 and 24
Model (Fu et al., 2017),chemical accident cases were classified from
the four levels of human, equipment or materials, operational be
havior and management strategy, which respectively covers from
root, indirect to direct reasons of an accident. And it helps us explore
the cause chain of accidents from personal unsafe act, personal ha
bitual behavior, unsafe conditions of equipment or materials and
vulnerabilities of management strategy. The experiment of classi
fying the causes of accidents was carried out based on BiLSTM with
attention model. From Table 5, it can be seen that the performance
for the classification of accident causes was weaker than that of for
the classification of accident types.
The case is as follows:(1) there are many types of personal unsafe
act(more than 60 types) (GB/T, 2009) and unsafe conditions of

1) To further strengthen cooperation with the safety-management
departments of major chemical enterprises to establish a high
quality chemical accident case datasets. High-quality investiga
tion reports are essential for deriving lessons from chemical ac
cidents. However, full accident reports can be hard to obtain.
Cases from websites are often incomplete, and complete cases
are not fully disclosed to the public. These are collected and
sorted by major Chinese chemical companies (e.g., SINOPEC and
China National Petroleum Corporation) and are mainly used for
internal safety training and management.

Table 3
performance of the text classification model for The classification of accident types.

BiLSTM with attention model
Type of explosion
Type of fire
Type of poisoning
Type of other
Average value

Proprietary dictionary of chemical vocabulary loaded

Proprietary dictionary of chemical vocabulary not loaded

Precision (P)
0.4000
0.6000
0.6000
0.3000
0.4750

Precision (P)
0.7241
0.8000
0.8000
0.6000
0.7310

Recall (R)
0.4000
0.6000
0.6000
0.3000
0.4750

F (F-score)
0.4000
0.6000
0.6000
0.3000
0.4750
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Recall (R)
0.7000
0.8000
0.8000
0.6000
0.7250

F (F-score)
0.7118
0.8000
0.8000
0.6000
0.7280
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Table 4
Model comparison results.
BiLSTM with attention model

ABLG-CNN
3D- CNN

Metrics
Type of explosion
Type of fire
Type of poisoning
Type of other
Average value

P
0.7241
0.8000
0.8000
0.6000
0.7310

R
0.7000
0.8000
0.8000
0.6000
0.7250

F
0.7118
0.8000
0.8000
0.6000
0.7280

P
0.6667
0.7000
0.7000
0.5000
0.6418

2D- CNN
R
0.6667
0.7000
0.7000
0.5000
0.6418

BiLSTM with attention model
P
0.6100
0.6000
0.5833

R
0.6100
0.6000
0.5833

F
0.6100
0.6000
0.5833

0.6364

0.6364

0.6364

0.6074

0.6074

0.6074

P
0.7000
0.8000
0.7000
0.5000
0.6750

1D- CNN
R
0.7000
0.8000
0.7000
0.5000
0.6750

F
0.7000
0.8000
0.7000
0.5000
0.6750

P
0.8000
0.7000
0.8000
0.5000
0.7000

R
0.8000
0.7000
0.8000
0.5000
0.7000

F
0.8000
0.7000
0.8000
0.5000
0.7000

vectors can effectively identify the common characteristics, causes,
and high-frequency types of chemical accidents, as well as the
common precursors of each high-frequency type of accident.
Repeatability and suddenness were the main characteristics of
chemical accidents. Illegal operations, negligence, mistakes, and
unclear or risky operation were the common causes of accidents, and
explosion, fire, and poisoning were the high-frequency accident
types. The common causes of accidents could be further divided into
direct, indirect, and root causes. Over-temperature, over-pressure,
and leakage were the direct causes of accidents; negligence, error,
improper handling, thought paralysis, lack of discipline, and blind
ness were the indirect causes; and management confusion and
mismanagement were the root causes. Therefore, continuously up
dating safety-management strategies based on lessons learned from
chemical accidents cases and strict implementation of it are two
important measures to ensure safe production. In terms of accident
precursors, lightning, open flames, electric sparks, ignition sources,
and shock waves can ignite combustible gases and lead to fires or
explosions. Smoke, leak points, open flames, high temperature, and
lightning were found to be the common precursors of fire accidents.
Further, signs such as suffocation, fainting, or a high concentration of
hydrogen sulfide gas near the workplace indicate that a poisoning
accident is about to occur or has occurred. Such precursors should be
monitored in chemical production processes. (2) The BiLSTM model
with attention could accurately classify types of accidents and the
causes of accidents based on pretrained word vectors from case
texts. The average P (73.1%) and R (72.5%) of the model for the
classification of types of accidents achieved ideal performance for
Chinese text classification methods and the average P and R in
creased by 25.6% and 25%, respectively, when loading the custom
chemical proprietary dictionary during word segmentation; the
average P and R for classification of causes of accidents are both
60.7%. (3) Taking sentence-level feature vectors as the input of the
BiLSTM model with an attention mechanism improved computa
tional efficiency; model training and testing took a total of 30 min
utes. Finally, (4) the results indicated that our method can provide
site managers with an efficient tool for extracting useful insights
from chemical accident cases based on word embedding and deep
learning.

Table 5
performance of the text classification model for The classification of accident causes.

Metrics
Causes of personal unsafe act
Causes of personal habitual unsafe behavior
Causes of unsafe conditions of equipment or
materials
Causes of vulnerabilities management
strategy
Average value

F
0.6667
0.7000
0.7000
0.5000
0.6418

2) To improve the accuracy of pre-trained word vectors of chemical
accident cases text corpus. In terms of converting Chinese words
into word vectors, the BERT (Bidirectional Transformers for
Language Understanding) model is recognized as having many
advantages (Kalyan and Sangeetha., 2021). However, BERT still
needs improvement for processing Chinese text corpora (Fang
et al., 2020). Therefore, in follow-up research, the BERT model
will be used for Chinese chemical accident case corpora, and the
BERT and word2vec models will be compared in terms of textmining efficiency and effectiveness.
3) To upgrade the current multi-class model to a multi-label text
classification model for chemical accident cases. Unlike multiclass classification, as in multi-label classification, every textual
document may belong to several labels at the same time.
Chemical accidents are complexity, unpredictability, and synergic
effects. Thus, different types of chemical accidents trigger and
influence each other. Often when a chemical accident occurs, an
explosion can cause a fire, a fire can also cause an explosion, and
poisoning can cause a fall. Hence, our current multi-class model
sometimes misclassified the types of fire and explosion accidents,
which can adversely affect the classification performance.
Therefore, to improve the performance of text classification of
chemical accident cases, the current text classification model will
be update to a multi-label classification model in the next work.
4) Generally, personal unsafe act can lead to unsafe conditions of
equipment or materials and cause accidents, and improper
management strategies can also lead to personal unsafe act and
cause accidents. Hence, the root cause of most accidents is vul
nerabilities of process safety management (PSM) (Zhao et al.,
2014). Thus, to improve the performance for the classification of
accident causes in the follow-up research, root causes on PSM
elements should be examined and reported thoroughly and sys
tematically. And a clear standard for classification of vulner
abilities of PSM should be explored.
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correlation analyses of common trends and accident precursors in
chemical accident cases and to perform text classification. The re
sults revealed the following: (1) Using the correlations among word
708

S. Jing, X. Liu, X. Gong et al.

Process Safety and Environmental Protection 158 (2022) 698–710

Appendix A. Supporting information

Kalyan, K.S., Sangeetha., S., 2021. BertMCN: mapping colloquial phrases to standard
medical concepts using BERT and Highway Network[J]. Artif. Intell. Med. 112,
102008. https://doi.org/10.1016/j.artmed.2021.102008
Kidam, K., Sahak, H.A., Hassim, M.H., et al., 2015. Method for identifying errors in
chemical process development and design base on accidents knowledge[J].
Process Saf. Environ. Protect. 97, 49–60.
Li, L., Nie, Y., Han, W., et al., 2017. A Multi-attention-Based Bidirectional Long ShortTerm Memory Network for Relation Extraction[C]//. International Conference on
Neural Information Processing. Springer, Cham.
Liu, K., Qiu, P.Y., Liu, X.L., et al., 2017. Measuring Traffic Correlations in Urban Road
System Using Word Embedding Model [J]. Aeta Geodaetica et Cartographica Sinica
46 (12), 2032–2040 10．11947／j．AGCS．2017．20170166.
Liu, S.H., Liu, X.H., Liu, X.L., et al., 2018. Concept extraction of coal mine safety accident
ontology based on word embeddings and CRFs[J].Coal. Technology 37 (09),
178–181.
Liu, X.W., Wang, X., Zhang, W.S., et al., 2017. Parallel Data: From Big Data to Data
Intelligence．Pattern Recognition and Artificial Intelligence. 30 (8), 673–681.
https://doi.org/10.16451/j.cnki.issn1003-6059.201708001
Mao, S., Wang, B., Tang, Y., Qian., F., 2019. Opportunities and Challenges of Artificial
Intelligence for Green Manufacturing in the Process Industry[J]. Engineering
(English) 005 (006), 995–1002. https://doi.org/10.1016/j.eng.2019.08.013
Messina, R., Louradour, J., 2015. Segmentation-free handwritten Chinese text re
cognition with LSTM-RNN. 2015 13th International Conference on Document
Analysis and Recognition (ICDAR) 171–175. https://doi.org/10.1109/ICDAR.2015.
7333746
Mikolov, T., Chen, K., Corrado, G., 2013. Efficient estimation of word representations in
vector space[J]. arXiv preprint 1301, 3781.
Osarogiagbon, A.U., Khan, F., Venkatesan, R., 2021. Review and analysis of supervised
machine learning algorithms for hazardous events in drilling operations[J].
Process Saf. Environ. Protect. 147, 367–384. https://doi.org/10.1016/j.psep.2020.
09.038
Pasman, H.J., 2020. Early warning signals noticed, but management doesn’t act ade
quately or not at all: a brief analysis and direction of possible improvement[J]. J.
Loss Prevent. Process Ind. 70, 104272.
Peng, Y.L., Niu, Y., 2018. Feature words selection based on word embedding[J]. Comput.
Technol. Develop. 28 (06), 7–11.
Rao, A. , Spasojevic, N., 2016. Actionable and Political Text Classification using Word
Embeddings and LSTM.
Ricci, F., Moreno, V.C., Cozzani, V., 2021. A comprehensive analysis of the occurrence of
natech events in the process industry[J]. Process Saf. Environ. Protect. 147,
703–713. https://doi.org/10.1016/j.psep.2020.12.031
S. F.Jing, X. W. Liu，Chuanzhong. Xu. A Simple and Effective Methodfor the Use of
Chemical Accident Cases, in proceedings of 2016 IEEE International Conference on
Service Operations and Logistics, and Informatics, Beijing, China, July 2016: 235239.
S. Krause and Busch, 2019 and F. Busch, "New Insights into Road Accident Analysis
through theUse of Text Mining Methods," 2019 6th International Conference on
Modelsand Technologies for Intelligent Transportation Systems (MT-ITS), 2019,
art. no.8883343: 1-6. DOI: 10.1109/MTITS.2019.8883343.
Saidani, N., Adi, K., Allili., M.S., 2020. A semantic-based classification approach for an
enhanced spam detection[J]. Comput. & Secur. 94, 101716. https://doi.org/10.1016/
j.cose.2020.101716
Sarrouti, M., Said, O., Alaoui., El, 2020. SemBioNLQA: a semantic biomedical question
answering system for retrieving exact and ideal answers to natural language
questions[J]. Artif. Intell. Med. 102 (Jan.), 101767.1–101767.16. https://doi.org/10.
1016/j.artmed.2019.101767
Single, J.I., Schmidt, J., Denecke, J., 2020. Knowledge acquisition from chemical acci
dent databases using an ontology-based method and natural language processing
- ScienceDirect[J]. Safety Science, 129:104747.DOI：10.1016/j.ssci.2020.104747.
Song, B., Suh, Y., 2019. Narrative texts-based anomaly detection using accident report
documents: the case of chemical process safety. J. Loss Prevent. Process Ind. 57,
47–54. https://doi.org/10.1016/j.jlp.2018.08.010
Tshitoyan, V., Dagdelen, J., Weston, L., Dunn, A., et al., 2019. Unsupervised word em
beddings capture latent knowledge from materials science literature[J]. Nature
571 (7763), 95–98. https://doi.org/10.1038/s41586-019-1335-8
Turney, P.D., Pantel., P., 2010. From frequency to meaning: vector space models of
semantics[J]. J. Artif. Intell. Res. 37 (1), 141–188.
Wan, Y.S., Hassim, M.H., Ahmad, S.I., Rashid, R., et al., 2021. Inherent occupational
health assessment index for research and development stage of process design.
Process Saf. Environ. Protect. 147, 103–114. https://doi.org/10.1016/j.psep.2020.09.
015
Wang, A., Chun, H.U., et al., 2008. Phototransformation of nitrobenzene in the Songhua
River: kinetics and photoproduct analysis[J]. J. Environ. Sci. 20 (007), 787–795.
Wang, B., Wu, C., Reniers, G., et al., 2018. The future of hazardous chemical safety in
China: opportunities, problems, challenges and tasks[J]. Sci. Total Environ. 643
(12), 1–11.
Wang, F.Y., Yuan, Y., Li, J.J., 2018. From intelligent vehicles to smart societies: a parallel
driving approach. IEEE Transact. Comput. Social Syst. 5 (3), 594–604. https://doi.
org/10.1109/TCSS.2018.2862058
Wang, F.Y., Zhang, J.J., Zheng, et al., 2016. Where Does Alphago Go: From ChurchTuring Thesis to Alphago Thesis and Beyond． IEEE /CAA Journal of Automatica
Sinica，2016,3( 2): 113－120．.
Wu, D.Y., Zhao, J.S., 2021. Process topology convolutional network model for chemical
process fault diagnosis[J]. Process Saf. Environ. Protect. 150, 93–109 10.1016/
j.psep.2021.03.052.

Supplementary data associated with this article can be found in
the online version at doi:10.1016/j.psep.2021.12.038.
References
Akhtar, M.S., Garg, T., Ekbal, A., 2020. Multi-task learning for aspect term extraction
and aspect sentiment classification[J]. Neurocomputing 398, 247–256. https://doi.
org/10.1016/j.neucom.2020.02.093
Amin, S.U., Alsulaiman, M., Muhammad, G., Mekhtiche, M.A., Hossain., M.S., 2019.
Deep learning for EEG motor imagery classification based on multi-layer CNNs
feature fusion. Futur. Gener. Comput. Syst. 101, 542–554. https://doi.org/10.1016/j.
future.2019.06.027
Baker, H., Hallowell, M.R., Tixier, J.P., 2020. Automatically learning construction injury
precursors from text[J]. Autom. Constr. 118, 103145. https://doi.org/10.1016/j.
autcon.2020.103145
Banerjee, I., Ling, Y., Chen, M.C., Hasan, S.A., et al., 2019. Comparative effectiveness of
convolutional neural network (CNN) and recurrent neural network (RNN) archi
tectures for radiology text report classification[J]. Artif. Intell. Med. 97, 79–88.
https://doi.org/10.1016/j.artmed.2018.11.004
Bengio, Y., Ducharme, R., Vincent., P., 2003. A neural probabilistic language model[J]. J.
Mach. Learn. Res. 3, 1137–1155.
Cai, S., PPalazoglu, A., Zhang, L., Hu., J., 2019. Process alarm prediction using deep
learning and word embedding methods[J].ISA Transactions 85, 274–285.
Casson Moreno, V., Reniers, G., Salzano, E., Cozzani., V., 2018. Analysis of physical and
cyber security-related events in the chemical and process industry[J]. Process
Safety Environ. Prot. 116, 621–631.
Chen, F., Wang, C., Wang, J., et al., 2020. Risk assessment of chemical process con
sidering dynamic probability of near misses based on Bayesian theory and event
tree analysis[J]. J. Loss Prev. Process Ind. 68 (1), 104280. https://doi.org/10.1016/j.
jlp.2020.104280
Cheng, C.W., Yao, H.Q., Wu., T.C., 2013. Applying data mining techniques to analyze the
causes of major occupational accidents in the petrochemical industry[J]. J. Loss
Prevent. Process Ind. 26 (6), 1269–1278.
Cheng, M.Y., Kusoemo, D., Gosno, R.A., 2020. Textmining-based construction site ac
cident classification using hybrid supervisedmachine learning[J]. Automation in
Construction, 118:103265. DOI：10.1016/j.autcon.2020.103265.
Clark, S., 2015. Vector Space Models of Lexical Meaning. In Shalom. In: Lappin, Fox, Chris
(Eds.), Handbook of Contemporary Semantics, chapter 16. Wiley-Blackwell, Oxford.
Deng, J., Cheng, L., Wang, Z., 2021. Attention-based BiLSTM fused CNN with gating
mechanism model for Chinese long text classification[J]. Computer Speech &
Language. 68 (6), 101182. https://doi.org/10.1016/j.csl.2020.101182
Errattahi, R., Hannani, A.E., Salmam, F.Z., 2019. Incorporating label dependency for ASR
error detection via RNN[J]. Proced. Comput. 148, 266–272. https://doi.org/10.1016/
j.procs.2019.01.069
Fang, W., Luo, H., Xu, S., 2020. Automated Text Classification Of Near-misses From
Safety Reports: An Improved Deep Learning Approach[J]. Adv. Eng. Inform. 44.
Foster, J., 1981. OSHA Standards[J]. Science 213 (4510), 818–819.
Fu, G., Wang, X.M., Li., Y., 2017. On the 24Model and the application of its causative
codes to the analysis of the related accidents[J]. J. Safety Environ. 17 (03),
1003–1008.
GB 6441-1986，The classification for casualty accidents of enterprise staff and
workers[S].
GB/T 13861-2009, Classification and code for the hazardous and harmful factors in
process [S].
Harris, Z.S., 1970. Distributional structure. Papers Struct. Transform. Linguist.
Heidarysafa, M., Kowsari, K., Barnes, L.E., et al., 2018. Analysis of Railway Accidents'
Narratives Using Deep Learning[C]// IEEE International Conference on Machine
Learning and Applications (IEEE ICMLA). IEEE.
Hinton, G.E., 1989. Learning distributed representations of concepts.[C]. Eighth Conf.
Cognit. Sci. Soc.
Hjp, A., Bf, B., 2021. The delft 1974 and 2019 European loss prevention symposia:
highlights and an impression of process safety evolutionary changes from the 1st
to the 16th LPS[J]. Process Saf. Environ. Protect. 147, 80–91. https://doi.org/10.
1016/j.psep.2021.09.024
Ibrahim, M.A., Khan, M., Mehmood, F., 2021. GHS-NET a generic hybridized shallow
neural network for multi-label biomedical text classification[J]. J. Biomed. Inform.,
103699. https://doi.org/10.1016/j.jbi.2021.103699
Ibrahim, M.A., Khan, M., Mehmood, F., 2021. GHS-NET a generic hybridized shallow
neural network for multi-label biomedical text classification[J]. J. Biomed. Inform.,
:103699. https://doi.org/10.1016/j.jbi.2021.103699
Jatnika, D., Bijaksana, M.A., Suryani, A.A., 2019. Word2Vec model analysis for semantic
similarities in english words[J]. Procedia Comput. Sci. 157, 160–167. https://doi.
org/10.1016/j.procs.2019.08.153
Jing, S.F., Cheng, C.J., Xiong, G., et al., 2012. ACP based 3D emergency drills system for
petrochemical plants[C]// intelligent control & automation. IEEE.
Jing, S.F., Liu, X.W., Cheng, C.J., Shang, X.Q., Xiong, G., 2014. Study on a process safety
management system – design of a chemical accident database. October. pro
ceedings of 2014 IEEE International Conference on Service Operations and
Logistics, and Informatics, Qingdao,china 282–285.
Jing, S.F., Xiong, G., Liu, X.W., Gong, X.Y., Hu, B., 2019. Study on key information ex
traction of chemical accident cases.[J]. Ind. Saf. Environ. Protect. 45 (08), 61–65.

709

S. Jing, X. Liu, X. Gong et al.

Process Safety and Environmental Protection 158 (2022) 698–710
Zhang, J., Shao, K., Guan, T., 2019. Application of traffic environment accident in
formation text processing technology based on LDA topic model. Ekoloji 28 (107),
4401–4404 art. no. e107493.
Zhao, J.S., Suikkanen, J., Wood, M., 2014. Lessons learned for process safety manage
ment in china[J].Journal of loss prevention in the process industries 29, 170–176.
Zhao, S., Cai, Z., Chen, H., Wang, Y., Liu, F., Anfeng, L., et al., 2019. Adversarial training
based lattice LSTM for Chinese clinical named entity recognition. Journal of
Biomedical Informatics 99, 103290. https://doi.org/10.1016/j.jbi.2019.103290
Zhang, K.J., Shi, T., Li, W.N., et al., 2019. Word2Vec optimization strategy based on an
improved statistical language model[J]. J. Chinese Inform. Process. 33 (07), 11–19.
Zhong, B., Pan, X., Love, P., et al., 2020. Hazard analysis: a deep learning and text
mining framework for accident prevention[J] (LAD). Adv. Eng. Inform. 46, 101152.
https://doi.org/10.1016/j.aei.2020.101152
Zhou, L., Fu, G., Liu, X., 2016. Statistics and analysis on chemical accidents based on
behavior–based safety theory[J]. J. Saf. Sci. Technol. 12 (01), 148–153.
Zhou, P., Shi, W., Tian, J., et al., 2016. Attention-BasedBidirectional Long Short-Term
Memory Networks for Relation Classification[C]//Proceedings of the 54th Annual
Meeting of the Association for ComputationalLinguistics (Volume 2: Short
Papers).

Xiang, L., Cui, M., Li, J., Bai, R., Lu, Z., Aickelin, U., et al., 2021. A hybrid medical text
classification framework: Integrating attentive rule construction and neural net
work - ScienceDirect[J]. Neurocomputing 443, 345–355. https://doi.org/10.1016/j.
neucom.2021.02.069
Xu, B., Cheng, W., Qian, F., 2019. Self-adaptive differential evolution with multiple
strategies for dynamic optimization of chemical processes[J]. Neural Comput.
Appl. 31 (3). https://doi.org/10.1007/s00521-018-03985-x
Yang, X.D., Gao, L.T., Yang, L.N., 2017. Research on data crawling and storage system of
agricultural product price based on Hadoop platform[J]. Comput. Appl. Softw. 34
(03), 76–80.
Yildirim, O., Baloglu, U.B., Tan, R.S., Ciaccio, J.E., Acharya., U.R., 2019. A new approach for
arrhythmia classification using deep coded features and LSTM networks. Comput.
Method. Prog. Biomed. 176, 121–133. https://doi.org/10.1016/j.cmpb.2019.05.004
Yin, Q., Yang, J., Tyagi, M., 2020. Field data analysis and risk assessment of gas kick
during industrial deepwater drilling process based on supervised learning algo
rithm[J]. Process Saf. Environ. Protect. 146 (1), 312–328. https://doi.org/10.1016/j.
psep.2020.08.012
Zhang, B., Hu, L.M., Lei, H., et al., 2018. Word embedding based chinese news event
detection and representation[J]. Pattern Recognit. Artif. Intell. 31 (03), 275–282.

710

