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Abstract
Due to the huge losses caused by product-harm crises and subsequent recalls in the automobile industry, companies must 
urgently design a product-harm crisis warning system. However, the designs of existing warning systems use the recurrent 
neural network algorithm, which suffers from gradient disappearance and gradient explosion issues. To compensate for 
these defects, this study uses a long and short-term memory algorithm to achieve a final prediction accuracy of 90%. This 
study contributes to the research and design of automatic crisis warning systems by considering sentiment and improving 
the accuracy of automobile product-harm crisis prediction.
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Introduction

With the increasing market volume of cars, the problems 
produced by car use are also increasing. Consumer com-
plaints directly describe the performance of cars, which can 
hurt a car brand and even produce a product-harm crisis, 
which can lead to huge financial losses [1, 2]. Therefore, 
many scholars consider post hoc strategies to manage the 
crisis, such as Hu et al. [1], while others have focused on 
crisis prevention, such as Hu et al. [2] and Zhang et al. [3]. 
It is critical to monitor and detect defects by analysing online 
complaints and warn companies of potential product-harm 
crisis events.

With the continuing maturation and development of 
artificial intelligence algorithms, artificial intelligence 
technology based on machine learning and deep learn-
ing has continued to grow to process natural language. 

Technologies, such as machine translation and dialogue 
systems, have made great progress, which justifies the 
superiority of the deep learning model in natural lan-
guage processing. Deep learning has been used in human 
behaviour research (e.g., Qin et al. [4] and Li et al. [5]), 
fault detection (e.g., Ouadine et al. [6]), and prediction 
and classification (e.g., Niresh et al. [7] and Voican [8]). 
In 2013, Habibi et al. proposed weighted calculations of 
the influence probability transition matrix transmitted by 
adjacent words using various graph centrality indicators, 
such as degree centrality and proximity centrality in a 
word graph, to improve keyword extraction [9]. Munoz-
Guijosa proposed a neural network training strategy when 
simulating train drivers’ vibration [10]. Siu mined topic 
information and keywords by training a hidden Markov 
model and achieved ideal results on a test corpus [11]. 
By constructing a semantic network graph and fusing the 
graph path conversion amount, word clustering coefficient 
and word window information, Li proposed a comprehen-
sive calculation index and achieved good performance 
with a patent data set [12]. Zhang proposed integrating 
the relevant information of the edges and points in a word 
graph in the calculation of the transition probability of 
TextRank to improve the effect of keyword extraction, 
which also provides the possibility for the application 
of public opinion monitoring [13]. With the continuous 
development of Internet technology, particularly the devel-
opment and application of 5G technology, both the speed 
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and effectiveness of communication have been mark-
edly enhanced, and the self-media era has arrived. The 
fast propagation speed and wide range of new media thus 
pose more severe challenges to public opinion monitoring 
and processing. However, the traditional means of public 
opinion supervision are unable to meet the demands of 
the new complex public opinion environment in terms of 
processing speed, handling mechanism, and coverage. The 
idea of historical public opinion and deep learning algo-
rithms provides a new way to understand public opinion 
and is an important application of artificial intelligence 
technology, particularly the data mining method, in pub-
lic opinion analysis. For example, Tse et al. developed a 
comprehensive data analysis framework alongside a text-
mining  framework to objectively analyse social media 
data during a horse meat scandal and helped companies 
handle the crisis [14]. Derakhshan and Beigy introduced a 
more advanced method (part-of-speech graphical model) 
to mine public opinion to predict stock prices [15]. Yang 
et al. even used the text mining method to build an early 
warning system for adverse drug reactions [16].

In the automobile industry, certain companies have 
described that traditional product-harm crisis warning 
systems cannot adapt sufficiently to the rapid develop-
ment of new Internet-based media technologies. Con-
versely, other companies still use traditional methods to 
predict and manage public crises, which allows the crisis 
to continue before being managed appropriately. If a cri-
sis is not handled effectively or in a timely manner, the 
crisis will continue out of control and damaging public 
opinion about the company, damaging the corporate brand 
and perhaps yielding large tangible and intangible losses 
to the company [1]. Therefore, it is important to study 
public opinions in automobile enterprises and develop an 
effective product-harm crisis warning system. This system 
will help predict and manage automobile product-harm 
crises in new media situations and maintain brand image. 
However, traditional statistical methods or keyword fil-
tering and extraction methods cannot accurately define 
the emotional tendency and importance, or link histori-
cal complaints together. Existing warning systems use the 
RNN algorithm, which exhibits gradient disappearance 
and gradient explosion. To mitigate these issues and con-
sider sentiment, this study uses the LSTM algorithm to 
improve prediction accuracy.

The structure of this study is as follows. In “Related 
work”, we review related studies, focusing on the methods 
that are used in this study. “Fine-grained sentiment model 
design and training” introduces the process of fine-grained 
sentiment analysis, including the web crawler design; data 
cleaning and annotation; a dictionary of participle and 
generative words; keyword extraction and vectorization; 
and model training. The analysis results are presented in 

“Intelligent product-harm crisis warning system design”, 
and “Conclusion” provides the conclusions of the study.

Related work

LSTM, a type of RNN, is used in this study due to the fol-
lowing reasons: (1) rating each sequence based on its likeli-
hood of appearing in the real world provides a measure of 
grammatical and semantic correctness, and language models 
often exist as part of sentiment analysis; and (2) a language 
model can be used to generate new text (e.g., language train-
ing models based on an author’s publications can generate 
a new text of the author’s style). This study also generates 
forecast data for decision-makers.

In a traditional neural network, input and output data are 
independent of each other, which is unfavourable when pre-
dicting public opinion. However, LSTM can predict the next 
word in a sequence, as well as a sentence describing com-
plaints. Before prediction, a word that often appears should 
be detected. Even though the complaint is not written by the 
same person, the content of the complaint and the related 
components can be predicted. For example, complaints 
about airbags and brakes are more related to consumer safety 
threats. Thus, predicting topics about personal safety will be 
more accurate.

An RNN network has three layers. Unlike ordinary back-
propagation (BP) neural networks, the input layer has two 
parts: the hidden layer vector (ht−1) at the previous moment, 
and the current input word vector (xt). The most famous 
word vector method is word2vec, which was proposed by 
Mikolov et al. [17] in 2013. word2vec uses shallow neural 
networks for model learning and maps words into the cor-
responding high-dimensional space, and the result obtained 
is the word vector. The hidden layer (ht) will also have two 
directions: one is used as the current output at the output 
layer, and ht is used as the input of the next step. The formu-
lae at time t are shown as follows [18]:

where f is the hidden layer activation function, which is typi-
cally a tanh function; and g is the output layer activation 
function, which is typically a softmax function. Therefore, 
the formulae are as follows[18]:

For the loss function, we use cross entropy in Zheng [18]:

(1)ht = f (uxt + wht−1),

(2)at = g(vht),

(3)ht = tanh(uxt + wht−1),

(4)at = softmax(vht).
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where yt(i) represents the true value; at(i) represents the out-
put value; and n is the length of the output vector.

The key contribution of this study is to establish model 
parameters and user preferences. Training the LSTM 
model is similar to training a traditional neural network 
[19]: both use the back-propagation through time (BPTT) 
algorithm. However, because LSTM shares the same 
parameters u, v, and w at all times [11], the back-propa-
gation algorithm should also be changed to some extent. 
Model training aims to find appropriate values for u, v 
and w.

BPTT expands the chain connection of the RNN, where 
each recurrent unit corresponds to a "layer", and each layer 
is calculated according to the BP framework of the feed-
forward neural network. Considering the parameter shar-
ing nature of recurrent neural networks [11], the gradient 
of the weight is the sum of the gradients of all layers [18]:

where xt is the loss function [12]. In this study, the calcula-
tion steps of BPTT are introduced by taking the multi-output 
network connected by the recurrent unit as an example. First, 
the update equations are as follows [18]:

The weights to be solved in the formulae are u, v, w, 
b, and c. For the last time step � . and the remaining time 
steps t ∈ [1, � − 1] , the partial derivative of the total loss 

(5)Loss = −

n∑

i=1

yt(i) ln at(i),

(6)L =

�∑

t=1

L(t) =

�∑

t=1

log p(ytx1,… , xt),
|||
�L

�L(t)
= 1,

(7)h(t) = f (ux(t) + wh(t−1) + b),

(8)o(t) = vh(t) + c,

(9)ŷ(t) = g(o(t))cc.

function with respect to the state of the recurrent unit is a 
set of recursive calculations [20]:

Because the RNN parameters are shared, they must 
befixed" to the change in the loss function of other time steps 
when calculating the gradient of the current time step. In this 
study, the parameters u, v, and w will be set and adjusted 
based on historical data.

LSTM also has certain shortcomings. We thus increased 
the prediction accuracy by stacking hidden layers and using 
a large amount of historical data. Finally, LSTM can accu-
rately classify customer complaints and provide risk warn-
ings based on the data in each time period.

Fine‑grained sentiment model design 
and training

Due to the long-term dependencies problem of RNN [21] 
when learning sequences, RNN will tend to exhibit gradient 
vanishing and gradient explosion; thus, RNNs are unable to 
grasp the non-linear relationship of a long time span [22]. 
We thus use LSTM to perform self-circulation calculations 
on three internal units: input gate, forget gate, and output 
gate. The overall process is shown in Fig. 1.

Web crawler design

To ensure the representativeness of the complaint data, this 
study crawled data from the website http://www.12365 auto.
com, which is one of the largest public platforms for auto-
mobile users in China. The users of this platform are active 
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and can report any problem they encounter when using a 
product. Python is used to crawl the data, and we strictly fol-
lowed the rules to guarantee both the stability of the website 
and the update frequency. Additionally, we used the ran-
dom update strategy to effectively avoid the shielding of 
anti-robots.

We used the Requests.Session() functions to access the 
interface of the website for data retention. The code is as fol-
lows: page = requests.Session().get(url). Then, we acquired 
the data of the current URL using the Xpath() function. The 
code is as follows: result = tree.xpath(’//table//text()’).

Next, we stored the obtained data and designed a loop 
function to move between web pages. The specific process is 
as follows: first, based on the URL, we identify the transfer 
rules between web pages; then, we replaced the specific web 
page transfer addresses with variables and then traversed 
the entire website iteratively. 20,000 pieces of data were 
obtained in total. The data set structure is shown in Table 1.

Data preparation and segmentation

We manually annotated the 20,000 pieces of raw crawled 
data and determined the risk level of each complaint. In 

dictionary to manage the stopwords and special characters. 
Punctuation marks were included in the stopword diction-
ary. The detailed command we used is as follows:

Because a sentence is composed of words, it must be 
partitioned into several words before being analysed. 
There are many partition algorithms that can be used with 
Chinese words, and the general logic of the Chinese word 
partition system is shown in Fig. 2.

The tokenizer “Jieba tokenizer” is used to partition the 
crawled data. Based on the trie tree structure, the Jieba 
tokenizer can achieve efficient word map scanning and 
generate a directed acyclic graph (DAG) that is composed 
of all possible terms that the characters in the sentence 
may represent. After each participle, we decomposed the 
complaint text into multiple words. The partition code is 
as follow:

this paper, we labelled each complaint with one of four 
risk levels, where level 4 represents the highest level 
of risk, and level 1 represents the lowest level of risk. 
Compared to existing research, we innovatively consid-
ered sentiment when annotating the data. There are two 
aspects in each complaint that must be recorded: the qual-
ity of the product, and the emotion of the complaint. In 
certain cases, these two aspects are independent because 
the emotion of the complaint depends on the quality of 
the product and the attributes of the consumer (e.g., gen-
der, education, personality). When complaining about the 
same problem, different consumers will express different 
emotions. Therefore, when we annotated the data, we con-
sidered both factors. Certain criteria to determine the risk 
level of a complaint are shown in Table 2.

Next, we cleaned the data by deleting null strings and 
lines with missing values. Then, we loaded the stopword 

Keyword extraction and vectorization

The Keras framework is used for keyword extraction and 
vectorization. Keras is an open source artificial neural net-
work library written in Python that can be used as a high-
level application program interface for TensorFlow, Micro-
soft-CNTK and Theano to design, debug, evaluate, apply 
and visualize deep learning models [23–25]. Keywords 
can describe the theme or primary content of the text. Key-
word extraction sentences were determined with tokenizer.
texts_to_sequences().

In this study, we used an analysis based on attributes and 
performed two tasks: attribute identification (i.e., mining the 
attributes related to the car quality in each complaint), and 
sentiment identification of the attributes. Attribute identi-
fication includes attribute classification identification and 
attribute extraction identification. We predefined certain 
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attributes, such as “engine failure”, “very angry”, and “air-
bags do not work”. A complaint can mention none or sev-
eral attributes, such as "engine", "airbag", "bad", "garbage", 
etc. Attribute extraction refers to the extraction of words or 
phrases related to attributes directly from the original text. 
For example, "start-stop function" and "flutter out" can be 
considered to be words related to the engine.

Existing attribute identification methods include traditional 
machine learning methods and deep learning-based methods. 
In this paper, we use a deep learning-based method to auto-
matically extract attributes and the probabilistic topic model 
proposed by Maas et al. to perform polarity judgment [26].

After extracting keywords from the complaints, we used 
keyword vectorization, which creates digital data that can 
be analysed.

Next, an index is added to the partitioned words to gen-
erate a dictionary. Thus, each word is labelled by a unique 

index number in the data set, and each complaint can be 
represented by numbers.

To facilitate the subsequent matrix standardization pro-
cess, we searched for the longest sentence, which was com-
posed of the largest number of words, and found that the 
longest complaint sentence contained 13 words. Because 
sentence lengths vary, we standardized them to 13. If the 
number of words is below 13 words, missing words are indi-
cated by 0.

Model training

After standardization, we obtained a standardized data 
matrix of N × 13. The training set is N × 80% × 13, and the 
test set is N × 20% × 13. As mentioned before, we used the 
LSTM method to avoid gradient disappearance and gradient 
descent. The specific model parameters are set as follows: 
epochs = 10, batch_size = 128, and validation_split = 0.2. 
Additionally, when selecting the optimal number of stack 
layers, we found that the accuracy does not always increase 
as the number of layers increases. If the number of layers is 
greater than 7, the accuracy does not increase further. There-
fore, we set the number of hidden layers to 7 and preserved 
the unique vector value of ht [27, 28]. For other parame-
ters, we set vocabulary = 10,000, embedding = 32, word_
num = 13, state_dim = 20, and ruturn_sequences = False.

Finally, we achieved a good result with accuracy near 
90%, and these results are shown in Figs. 3 and 4. To jus-
tify the effectiveness of the proposed algorithm, we also 

Table 1  Data-set structure No Name of the field

1 Complaint number
2 Car brand complained
3 Car series complained
4 Complaints models
5 Question briefly
6 Typical problem
7 Complaint time
8 Status of complaint

Table 2  Certain criteria to determine the risk level of a complaint

Risk level Criteria

4 The complaint is about engine, airbag, brake or other life-threatening problem; or the consumer is extremely unsatisfied about the 
response

3 The complaint is about car lights, engine oil, clutch, gearbox and other problems that may lead to safety problems; or the consumer 
is unsatisfied about the response

2 The complaint is about a large scratch, paint, peculiar smell, etc.; or certain problems remain after a repair
1 The complaint is about minor problems, such as noise, a small scratch, paint, etc.; or the complainant did not express any negative 

emotion
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conducted the same analysis using the support vector 
machine (SVM) method, which achieved an accuracy of 
approximately 70%. Therefore, the accuracy and loss of the 
proposed method indicate a good fitness to the data.

Intelligent product‑harm crisis warning 
system design

Thus, we have trained an early warning model for product-
harm crises for automobile companies, and the accuracy 
of the model was near 90%, which was able to support the 
detection work well.

Based on the model’s training results, we can build an 
intelligent product-harm crisis warning system. For example, 

we can design a crawl program that will crawl complaint data 
from a public platform each morning. Then, all complaints 
will be processed by the LSTM model trained in this study 
to automatically determine the risk level of each complaint 
and count the number of complaints in each risk level. When 
the number of complaints of a given risk level is greater than 
a threshold (see Table 3), the system will automatically send 
a warning to the monitoring personnel.

An intelligent warning system can be designed based on 
managers’ preferences, such as the time step, criteria, thresh-
old, etc. However, the model and algorithm developed in 
this study provide the core mode of the system and help to 
improve managerial decision effectiveness and efficiency.

Fig. 3  Train and validation 
accuracy

Fig. 4  Train and validation loss

Table 3  Threshold of the product-harm crisis warning system

Warning level Criterion of each warning level Warning colours

W4 Number of Level 4 risks > 400 Red
W3 0 < number of Level 4 risks ≤ 400 and number of Level 3 risks > 200 or number of Level 2 

risks > 500
Blue

W2 Outside the midst of W3 and W4, and the number of Level 2 risk is ≤ 500 Orange
W1 Not belong to W2, W3 and W4 Green
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Fine‑grained sentiment analysis results

By analysing each complaint, we determined the risk level 
of each message according to the model and classified sta-
tistics based on each complaint. We identified the prob-
lems with the most complaints and display the results as 
bar charts and word clouds in Figs. 5 and 6.

In the word cloud diagram (Fig. 6), the product features 
with more complaints are shown in larger fonts.

Conclusion

To help companies effectively prevent the occurrence of 
product-harm crises and avoid associated negative effects, 
this paper proposes a product-harm crisis early warning 
system based on the fine-grained sentiment analysis of 
car complaints. This system performs self-circulation 

calculations on the model’s three internal units (the input 
gate, forget gate and output gate) in the LSTM network. 
The model achieves an accuracy of 90%, which is mark-
edly higher than the accuracy of existing early-warning 
systems.

This study provides valuable information for automo-
bile companies to design an automatic product-harm crisis 
warning system and reduce the monitoring cost and associ-
ated tangible and intangible costs, including logistic costs, 
damage to the company’s reputation, and reduced con-
sumer loyalty, that can be caused by a product-harm crisis.

The proposed method (1) accurately locates and clas-
sifies many complaints; (2) reduces required manpower 
and can monitor the risk situation in real-time; and (3) 
provides automatic early warnings based on user-defined 
thresholds.

However, this study does have limitations. Due to the 
limitations of existing voice- and image-data processing 
technologies, this study did not analyse these two types 

Fig. 5  Fine-grained affective 
analysis results

Fig. 6  Complaint content 
extraction analysis word cloud 
display
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of data. In future research, we plan to add more types of 
data to the dataset, such as voice complaints and image 
complaints, and apply the model to the field of voice and 
image car product-harm crisis warnings.
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