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Abstract: In recent years, as people’s awareness of energy conservation, environmental protection,
and sustainable development has increased, discussions related to electric vehicles (EVs) have
aroused public debate on social media. At some point, most consumers face the possible risks of
EVs—a critical psychological perception that invariably affects sales of EVs in the consumption
market. This paper chooses to deconstruct customers’ perceived risk from third-party comment
data in social media, which has better coverage and objectivity than questionnaire surveys. In order
to analyze a large amount of unstructured text comment data, the natural language processing
(NLP) method based on machine learning was applied in this paper. The measurement results show
15 abstracts in five consumer perceived risks to EVs. Among them, the largest number of comments
is that of “Technology Maturity” (A13) which reached 25,329, and which belongs to the “Performance
Risk” (PR1) dimension, indicating that customers are most concerned about the performance risk of
EVs. Then, in the “Social Risk” (PR5) dimension, the abstract “Social Needs” (A51) received only
3224 comments and “Preference and Trust Rank” (A52) reached 22,324 comments; this noticeable gap
indicated the changes in how consumers perceived EVs social risks. Moreover, each dimension’s
emotion analysis results showed that negative emotions are more than 40%, exceeding neutral or
positive emotions. Importantly, customers have the strongest negative emotions about the “Time
Risk” (PR4), accounting for 54%. On a finer scale, the top three negative emotions are “Charging Time”
(A42), “EV Charging Facilities” (A41), and “Maintenance of Value” (A33). Another interesting result
is that “Social Needs” (A51)’s positive emotional comments were larger than negative emotional
comments. The paper provides substantial evidence for perceived risk theory research by new data
and methods. It can provide a novel tool for multi-dimensional and fine-granular capture customers’
perceived risks and negative emotions. Thus, it has the potential to help government and enterprises
to adjust promotional strategies in a timely manner to reduce higher perceived risks and emotions,
accelerating the sustainable development of EVs’ consumption market in China.

Keywords: electric vehicles; EVs; consumption market; perceived risk; emotion analysis; social media
comment; natural language processing; NLP

1. Introduction

With the development of the economy and society, the vehicle industry has thrived
and maintained rapid growth for many years. Private cars have gradually become public
consumer goods. For a long time in the future, China’s vehicle sales will continue to grow
due to rigid demand and the upgrading of consumers’ consumption structure. China has
a large population and a great demand for vehicles. Vehicle industry development will
bring more major energy shortages and environmental pollution problems. The pressure of
energy and the environment has driven the cultivation and development of electric vehicles
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(EVs). EVs meet the requirements of energy conservation, environmental protection, and
sustainable development and are a key emerging industry supported by China. Therefore,
the Chinese government has taken a series of measures to increase the market share of EVs
and developed incentive policies to encourage consumers to buy EVs. Prime examples
are purchase subsidies, where the government provides monetary subsidies to EV buyers,
purchase tax and value-added tax exemptions [1], preferential pricing, driving restrictions,
and license plate controls [2]. Through these supportive policy incentives, particular
promotion of EVs has been achieved. According to data from the China Association of
Automobile Manufacturers (CAAM) from January to July 2021, the sales of new EVs reached
1.478 million, with a year-on-year increase of 2 times. China has adhered to the strategic
orientation of pure electric drive, made outstanding achievements in developing the new
energy vehicle industry, and has become one of the fundamental forces in developing and
transforming the world vehicle industry. According to statistics from the China Passenger
Car Association (CPCA), purchases of new energy passenger vehicles in China reached
1.11 million, increasing 71.5% over 2019, while the increase was only 20% two years ago.
However, looking at the overall vehicle sales market, EVs sales in China only accounted
for 5.76% of total vehicle sales by 2020. The figure falls far short of the goal of EVs sales,
accounting for about 20 percent of all new vehicle sales in China in 2025, as outlined in the
New Energy Vehicle Industry Development Plan (2021–2035) released by the State Council
in 2021. Consumers’ enthusiasm to buy EVs seems to still be low; the market share of EVs
is relatively small, and the consumer market for EVs is still underdeveloped.

This highlights the need for further research on the factors influencing consumers’
purchase of EVs from the consumer behavior perspective. Most previous research studies
consumers’ intentions to buy EVs by questionnaire and interview survey. Much work origi-
nates from EVs’ technical uncertainty and immaturity, a significant obstacle to adoption and
sales [3–5]. Moreover, some scholars suggest paying more attention to EV purchases’ psy-
chological factors [6,7]. With the increased importance of analytics at the micro-level [8,9],
including understanding and predicting individuals’ behaviors [10], accurate and timely
measurement of psychometrics has become of paramount importance. Psychometric di-
mensions are measures of latent constructs related to knowledge, ability, attitudes, and
perception [11]. These dimensions are essential antecedents, mediators, and moderators
for human behaviors [12]. Based on questionnaire survey data, some studies used scales
to divide the dimensions of consumers’ psychological perceived risks and found that per-
ceived risk affects consumers’ perceived usefulness of EVs, consumers’ attitudes towards
EVs, and consumers’ intention to purchase EVs negatively [13,14]. However, psychometric
data collection efforts have traditionally relied on survey-based methods administered
monthly or quarterly. This method of collecting and measuring relevant constructs has
proven limitations in quantity, timeliness, period, space span, richness, and objective [15].
An even more concerning limitation, academic circles emphasize the need to follow ethical
guidelines in the research process. In the process of using traditional questionnaire surveys
and interview methods, researchers may expose people’s privacy, cause disharmonious
relationships between researchers and interviewees, and violate ethical standards.

However, in the Internet era, the form of release of consumers’ psychological per-
ception information has changed. Many consumers actively and directly express their
psychological activities, including emotions, perceived risk, attitude, purchase intention,
etc., through comments on social media by natural language. Simultaneously, machine
learning techniques have proven particularly helpful in analyzing new big-data sources
and were previously underutilized for research [16]. Based on a large amount of text data,
machine learning technology for natural language processing (NLP) has laid a foundation
for breaking the limitations of the previous traditional method [17]. More importantly,
research across the psychology field has started to embrace big data and the NLP approach.
Some scholars have studied consumer preferences for charging infrastructure from con-
sumer comments posted on public social media using NLP technology [18]. Some studies
have analyzed consumers’ semantic and emotional tendencies using the Weibo comment
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text data and NLP tools and developed the corresponding dynamic recognition model
of consumers’ purchase intention preference [19]. Scholars deconstruct the multi-faceted
dimensions of Chinese consumers’ image of boutique hotels through empirical analysis
with many online textual data from social media [20]. In addition, other scholars crawl data
on Weibo about migrant workers’ topics as the fundamental corpus of migrant workers’
concerns and use the NLP method to construct a recognition and emotional analysis model
of the migrant workers’ concerns [21].

Based on the current research results and a huge amount of consumer comments about
EVs on third-party social media platforms, this paper measures consumers’ perceived risks
and emotions towards EVs on multi-dimensional and fine-granular through NLP tasks.

This paper aims to build an NLP measure architecture combined with machine learn-
ing models to study the perceived risk of EVs from social media comments. As a new
technique and generation of vehicles, there are many uncertainties in consumers’ cognition
of EVs, resulting in a psychological risk perception that may hinder consumers’ acceptance
and purchase of EVs and thus affect the development of the EV consumer market. This
paper is expected to uncover public concerns about EVs, of which specific dimensions are
risk and different emotional intensities. This will help government departments further
understand people’s psychological concerns and emotions to targeted policies that can
be designed to increase public acceptance of EVs. Meanwhile, manufacturers can also
thoroughly prioritize their corporate development strategies according to customer needs,
thereby increasing market share.

The structure of this paper is as follows:

• Introduce the related research of perceived risk theory and the NLP methods of
this study.

• Design consumer perceived risk measure architecture based on social media comments,
build the NLP tasks implementation process and analyze experimental results.

• Conduct empirical results and analysis to prove the method’s feasibility and obtain ad-
vanced suggestions and means for government management and enterprise operation.

2. Literature Review
2.1. Perceived Risk Research in Consumer Behavior Theory

The concept of perceived risk was initially applied to the research of psychology-
related fields. Since the 1860s, the perceived risk theory has been widely introduced into
the field of consumer behavior, proposing that consumers’ purchasing behavior implies
unpredictable results, and the uncertainty of such results is the original concept of perceived
risk [22]. After nearly 60 years of research and development, perceived risk theory has
received extensive and deep research from scholars. They pointed out that perceived
risk includes two factors: uncertainty, that is consumers’ subjective perspective of the
possibility of whether something will happen; and the severity of the consequences, that is
the severity of the consequences when things happen [23,24]. A widely accepted definition
is that perceived risk is the expected negative utility of consumers when they purchase a
particular product or service [25].

Perceived risk is closely related to consumer behavior. Research shows that the reasons
for consumers to delay, change or cancel purchase decisions were related mainly to the
influence of perceived risks [26]. When purchasing products, consumers tend to reduce
their perceived risks rather than maximize their perceived gains [27]. Therefore, perceived
risks are more potent in explaining consumers’ purchasing behaviors. The perceived risk
may influence consumers’ decision-making process [28]. Previous research indicated that
perceived risk negatively affects consumers’ attitudes and intentions to buy innovative
products or services [29–31]. In the EV consumer market, these viewpoints are also ap-
plicable to the research on consumers’ purchasing behavior of EVs, since EVs have been
regarded as a disruptive and innovative technology [32]. Consumers’ intention to purchase
EVs was not high, partly due to their concerns about risks. The perceived risk may be an
essential factor in inhibiting consumer acceptance of EVs [33]. Meanwhile, prior research



Energies 2022, 15, 1637 4 of 23

has suggested that perceived risk plays a negative role in perceived usefulness [34,35].
Therefore, when consumers perceive a series of risks about EVs, they tend to question
the usefulness of EVs, becoming more likely to form negative emotions and reduce their
purchase intention.

2.2. Perceived Risk Dimension Research

Scholars extended the research field of perceived risk to dimensional analysis [24].
The perceived risk dimension refers to the consumers’ perceived risk concerning aspects
and related contents. The mainstream method to measure consumers’ perceived risk is
the two-factor model. First, ask interviewees about their perceived risk and uncertainty
through a questionnaire survey or interview using designed scales according to different
research backgrounds, then multiply the two to get the perceived risk value [23,36]. In
the research on consumers’ purchase behavior for EVs, most scholars use the multi-item
scale to measure consumers’ psychological perception dimensions. The scale design mostly
referred to previous literature and was slightly modified to suit current research motivations.
Typically, each question in the questionnaire was measured on a five-point Likert scale
ranging from 1 “strongly disagree” to 5 “strongly agree” [2,7,14,37].

The dimensions of risk that consumers perceive in the consumer market vary depend-
ing on product attributes and characteristics [29]. Although customers’ perceived risk of
general products has multiple dimensions, the most representative six dimensions include
financial, performance, social, psychological, physical, and time risks. Their explanatory
ability to the overall perceived risk of consumers reaches 88%. For EVs, some scholars have
proposed that risks perceived by consumers consist of five dimensions: performance risk,
physical risk, financial risk, time risk, and psychological risk. Table 1 shows a review of
consumers’ perception of risk dimensional division research.

Table 1. Review of Perceived Risk Dimension Research.

Products Type Dimensions Description Author(s)

Generic Products

1. Performance Risk The purchased product does not perform as expected. [38–40]

2. Physical Risk The personal injury caused by purchasing the product. [38–40]

3. Financial Risk The purchase products will result in a loss of money or
other resources. [38–40]

4. Time Risk The time loss caused by purchasing or retaining products. [38–40]

5. Psychological Risk The product leads to an inconsistent self-image. [38–40]

6. Social Risk The products are not accepted by relatives and friends. [38–40]

EVs

1. Performance Risk

Consumers worry about the performance differences
between EVs and traditional gasoline vehicles. [5,37]

Consumers tend to have general perceptions that EVs offer
several lower levels of performance, such as reduced range,
low maximum speed, less powerful acceleration.

[30,32]

EVs might not perform well because of long recharging
time, short driving distance, and limited charging stations. [7,33]

2. Physical Risk

There can be safety and reliability issues in EVs, such as
spontaneous combustion which can cause physical
damages.

[7,41]

EVs can cause contingency, such as batteries to burst into
flames, and result in physical damages. [33,42]
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Table 1. Cont.

Products Type Dimensions Description Author(s)

3. Financial Risk

The batteries in EVs cannot be insured in China. When the
battery fails, it is difficult for consumers to ask for
compensation.

[43,44]

The total purchase cost of EVs is higher than that of
conventional gasoline cars. [45,46]

4. Time Risk

Consumers may loss time in the using process of EVs, such
as spending long time to recharge the battery. [33,47]

The lack of charging infrastructure leads to consumers
spending a lot of time looking for charging stations and
charging piles.

[18,48]

5. Psychological Risk

Consumers’ social status maybe improved or decreased lies
on how EVs are viewed. [7,49]

Consumers’ purchases of EVs may be misunderstood by
other people, damaging their social status and self-image in
social groups.

[31,50]

2.3. NLP Methods for Measuring Psychological Perception

Typically, many psychometric dimensions require ten or more survey responses, mak-
ing them less feasible in persistent measurement environments [51,52]. Hence, recent stud-
ies have suggested that the machine learning-based NLP method applied to user-generated
content such as consumer-generated social media comments might offer a complementary
or alternative mechanism for measuring psychometric dimensions [18,21,53]. In terms
of technical feasibility, many existing studies discussed how to deal with the sparsity of
short texts on social media [54]. They leverage the structural information such as time slice,
users, and hashtags for alleviating the context sparsity problem of short text. Although
machine learning-based NLP has particular applications in the measurement of psycho-
logical dimensions, especially in sentiment polarity (i.e., positive, negative, neutral) and
emotions classification (e.g., happiness, anger) tasks [55–58], many necessary psychological
measurements, such as the specific dimensions of consumer perceived risk, have not been
explored to a large extent. As stated in the introduction, the consumer perceived risk
measurement method potentially impacts consumer behavior research. So, this study
first needs to demonstrate the feasibility of the NLP method in measuring multidimen-
sional and fine-grained consumer perceived risk based on text data of consumer social
media comments.

BERT for NLP: this model is a multilayer bi-directional transformer encoder based on
fine-tuning. Compared with previous feature-based language models, the output of the
BERT model is adaptable, and the word vector embedding mechanism will dynamically
adjust to context information. As a result, even for the same word, the corresponding
encoding output is not the same in different contexts, solving the problem of polysemous
words [59,60]. Therefore, the BERT model is a general language model to support different
NLP tasks, and it has reached the highest level in many NLP tasks, such as reading
comprehension [61,62], text classification problems [63,64], emotion analysis [65,66], and
information extraction [67,68].

Convolutional neural networks (CNNs) utilize layers with convolving filters to apply
to local features [69]. Invented initially for computer vision [70], CNNs have recently
demonstrated superior performance on several NLP tasks [18,21]. To learn character-
level CNN embeddings to accommodate possible spelling errors and prefix and suffix
information is an impressive achievement. [71]. In addition, scholars used a CNN trained
on top of pre-trained word vectors for sentence-level classification [72]. In summary, CNNs
could be particularly useful for text classification of user-generated psychometric content,
which often contains significant misspellings and domain-specific expressions.
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Recursive neural networks (RNNs) selectively pass information across sequential steps
while processing sequential data one element at a time [73]. In order to solve the problem
of gradient disappearance in long-term sequence learning, two main gating mechanisms
are proposed: long short-term memory [74] and gated recurrent unit [75]. The basic idea is
to use a set of gates to regulate the value flowing to each hidden state so that the gradient
does not approach zero. These RNNs are proven effective for many NLP tasks [76,77].
For example, in the context of psychometric NLP, RNNs can capture long-term language
dependencies in user-generated texts, which are often difficult to capture by manual
feature engineering to improve the classification performance of previously under-explored
psychometric dimensions [78].

With its good performance in natural language processing (NLP) translation tasks,
scholars began to introduce attention mechanisms [79] into psychological measurement
tasks such as emotion analysis [78,80] and Chinese text classification [77,81]. The core goal
of the attention mechanism is to select the more critical information in the current task from
the sea of information, regarded as a dynamic tuning of feature weight. The traditional
method assigns a particular weight to each token in word vector training without special
treatment. The attention mechanism assigns a particular weight to each token in this
process and then applies it to other tasks [82].

This paper’s first task is the determination of classification labels, that is, by NLP
methods, to confirm which aspects in what degree of granularity should be applied in
this study. The second is the classification task, with perceived risk aspects determined in
the first task. The third is the emotional analysis task for each aspect under the perceived
risk dimensions. Thus, this paper proposes an architecture expressly designed to measure
consumers’ perceived risk in the following section.

3. Methodology

Figure 1 depicts psychometric NLP architecture, which encompasses three NLP tasks
based on social media text: fused analysis via excavation of labels classification, semantic
identification, and emotion analysis. Each component of the architecture is intended
to address the aforementioned research’s limitations, thereby resulting in exploring the
feasibility leverage—a novel method for the measurement of psychometric dimensions.
The research process is follows:

• Construct a data set of consumers’ social media comments toward EVs. At present,
there is no adequate public data set on the customer perceived risk of EVs based on
social media comments or corresponding methods for measuring customer perceived
risk of EVs in China. Therefore, this paper preprocesses the collected related data to
improve NLP accuracy through Chinese word segmentation, manual tagging corpus,
and data cleaning.

• Establish a measurement system of customer perceived risk, including three NLP tasks.
The first NLP task is to determine the classification of labels. The abstract extraction
function of the BERT model was used to obtain quantitative analysis results from text
data. Combined with previous research findings, labels containing perceived risk
dimensions and granularity were obtained through manual screening and matching.
Then, a word vector trained by the BERT model was used as initialization parameters
of subsequent model. The second NLP task is the semantic identification of the
consumer social media comments about the perceived risk of EVs. Based on the
experiment results of the first NLP task, construct a multi-label classification method
with the Text CNN model to complete the consumer comments semantic identification
task. The third NLP task is the emotional intensity analysis of each perceived risk
dimension. Based on the experimental results of the second NLP task, an emotion
classification method is established to realize the multi-dimensional emotion analysis
task by fusing the Bi-LSTM model and the attention mechanism.
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• To find the key aspects and their correlation in finer granularity by analyzing the
recognition results of different semantic expressions in consumer comments, the
emotional intensity of different perceived risk dimensions, with the feature word lists.

Figure 1. NLP Architecture of Customer Perceived Risk towards EVs.

3.1. Classification Label Mining Based on BERT Model

In this paper, in order to effectively measure the dimension of consumer perceived
risk from the text data of social media comments, we created the first NLP task, mined the
text data using the BERT model to obtain the abstract information about perceived risk in
different dimensions [67,68,77,83], and then determined the target perceived risk labels
combined with the previous relevant studies.

The abstract information of the preprocessed text data is extracted by the BERT model.
The word is predicted through the transformer encoder function of the BERT model; the
overall structure of the model is shown in Figure 2. BERT is trained by maximizing
the likelihood function of the predicted word, the album function calculation formula is
as follows:

max
θ

ln pθ(x|x̂) ≈
T

∑
t=1

mt ln(xt|x̂) (1)

When m = 1 indicates that the word is masked, it will be replaced by the “[MASK]” tag. θ
represents the model parameters; x is the predicted target word; x̂ represents the context
of the target word. The prediction of target words is to obtain the abstract information of
different perceived risks in the consumer comment text.
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Figure 2. Network Structure of BERT Model.

3.2. Semantic Identification Based on Bert-TextCNN Model

Combined with the classification labels obtained from the first NLP task, we further
set up the second NLP task—which is a text multi-label classification model based on the
deep learning method TextCNN—to classify the data sources collected from social media
and identify the consumer perceived risks about EVs. The network structure is shown in
Figure 3, wherein the word vector is generated by the BERT model and the TextCNN model
generates a classification result via a neural network [62,63].

Figure 3. Semantic Identification Based on Bert-TextCNN.

The BERT model can make the word vector coding result in global training according
to the downstream task fine-tuning model parameters, and the model will adjust the word
vector according to the contextual information. After using the BERT model to learn the
text, it will be adapted to multi-label text classification by fine-tuning. The input sentence
with n words is constructed as X = ([CLS], x1, · · · , xn, [SEP]). A word xi can be converted
into a word vector hi:

hi = BERT(xi) (2)

Subsequently, the BERT model generates the word vector matrix E ∈ Rn×d, where
n is the input length and d is the word vector dimension (d = 768). Let hi ∈ Rd indicate
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the word vector of the i word in the input. The input H of the length n can be represented
as follows:

H = {h1, h2, · · · , hn} (3)

The convolutional calculation feature map is performed by the Text CNN convolution
layer. Set the convolution kernel as w ∈ Rm×d, m is the height, and d is width. It can
generate a new feature through a window containing m words. For example, a feature ci
can be generated by window hi:i+m−1:

ci = f (w·hi:i+m−1 + b) (4)

Here b ∈ R is a bias term, and f is a non-linear activation function. The convolution
operation for the convolution kernel w and the word vector of all windows in matrix E to
generate a feature c ∈ Rn−m+1 is as follows:

c = [c1, c2, · · · , cn−m+1] (5)

Then, the maximum pooling operation is carried out through the pooling layer of
the TextCNN model, that is, only the maximum value of each feature obtained by the
convolution operation is taken, and the most important feature information is compressed
and retained. The pooled result of the feature c is c′ = max{c}. By joining the pooling
results of all kernels, the new features are obtained as follows, where k is the total number
of kernels (k = 768):

z =
[
c′1, c′2, · · · , c′k

]
(6)

Finally, in the full connection layer, the classification results are output using the
softmax activation function, and z will be dropped out randomly with a 0.1 probability.
The output result y of the full connection layer is:

y = so f tmax(wdense·(z ◦ r) + bdense) (7)

where y is the classification result, wdense and bdense are parameters and bias terms of the full
connection layer respectively, r ∈ Rm is the mask vector used to randomly drop elements
out in z, and the operation symbol ◦ denotes the multiplication of bits.

Meanwhile, we apply the focus loss function to solve the classes imbalance problem of
the multi-label classification task (Lin et al., 2017). The loss function is designed as follows:

loss =
1
T

T

∑
j=0

∑
i

ytαt(1− ŷt)
γ log ŷt (8)

As shown in the above formula, the loss is the sum of all labels, where ŷt indicates a
predicted probability value represented by a certain class, yi represents the real label value
of the sample, αt represents the weight about the loss of a certain class with t label, and the
sum of the weights of all classes is 1.

3.3. Emotion Analysis Based on Att-BiLSTM Model

Based on the second NLP task obtained classification results, we used a deep learning
model Bi-LSTM combined with an attention mechanism to contrastively analyze the nega-
tive emotional intensity towards different perceived risk dimensions [63,68]. The network
structure is shown in Figure 4.
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Figure 4. Emotion classification based on BERT-Att-BiLSTM.

• Word Vector Layer

As with the second NLP task, the BERT model was used to learn the text. It will be
adapted to the emotion classification model by fine-tuning. The word vector of the i word
in the input. The input H of the length n can be represented as follows:

H = {h1, h2, · · · , hn} (9)

• Bi-LSTM Layer

An LSTM network model is an improvement of the recurrent neural network (RNN)
to solve the problems of gradient explosion and difficulty in learning long-distance features
when the RNN processes long sequence information [84]. Compared with RNN, LSTM
adds a memory unit and three control gate structures composed of input gate, forget
gate, and output gate. The three control gate structures enable the network to selectively
retain and discard state values, which can better capture long-distance context sequence
information. In the processing of sequential text, the output of LSTM at the last moment
will be taken as the input of the t moment, so the above information can be well preserved.
At moment t, the input of the memory unit includes the output ht−1 of the hidden layer at
the previous moment, the state variable hc−1 of the memory unit, and the input information
xt of the input layer at the current moment. The output of the memory unit includes
the state variable ct of the memory unit and the output ht of the hidden layer at the
current moment. The specific calculation process of the LSTM network model is shown in
Equations (10)~(15):

ft = σ
(

U f xt + W f ht−1 + b f

)
(10)

it = σ(Uixt + Wiht−1 + bi) (11)

gt = tan h
(
Ugxt + Wght−1 + bg

)
(12)

ct = ft � ct−1 + it � gt (13)

ot = σ(Uoxt + Woht−1 + bo) (14)
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ht = ot tan h(ct) (15)

where, ft indicates the forget gate, which decides what information to discard from the
current cell state. it represents the input gate, which determines how much of the newly
acquired information to choose to update the status. ot represents the output gate, which
determines how much information generates the hidden layer state variable. U f , Ui, and
Uo are their tunable parameters respectively, W f , Wi, and Wo are their weights respectively,
b f , bi, and bo are their bias terms respectively. σ is the sigmoid activation function, tanh is
the hyperbolic tangent activation function, and � is the product of the matrix elements.

In the sentiment analysis of multi-dimensional perceived risk, the contextual infor-
mation of consumers’ comments on social media plays an auxiliary role in sentiment
classification. However, one-way LSTM can only learn the above historical information,
and cannot master the following information, thus limiting the effect of emotion classifi-
cation. Therefore, the Bi-LSTM network is adopted in this paper. The Bi-LSTM network
model includes two processes: forward propagation and backward propagation. The
training sequence is input into the forward LSTM network model to obtain the forward
characteristic information ht through forwarding propagation calculation. Similarly, the
backward characteristic information ht is obtained through backward propagation calcula-
tion by inputting the backward LSTM network model. Then, the forward characteristic
information ht and the backward characteristic information ht are spliced to obtain the final
hidden state ht. In this way, forward and backward bidirectional semantic features are
summarized with the formula:

ht =

[→
h t;
←
h t

]
(16)

• Attention Layer

The attention weight vt is calculated, that is, the semantic relevance between the cur-
rent entity and the context information is calculated. The calculation formula is as follows:

vt = α(ht) (17)

where ht is the context semantic feature vector output by the Bi-LSTM hidden layer.
Secondly, attention weight is probabilistic. The attention weight probability vector pt

is calculated by the softmax function. The calculation formula is as follows:

pt =
exp(vt)

∑m
t−1 exp(vt)

(18)

Finally, attention weight configuration. According to the degree of semantic relevance,
attention resources are allocated to feature vector ht to generate a weighted semantic
representation of the feature vector and enhance text feature expression. The calculation
formula is as follows:

at =
m

∑
t=1

ptht (19)

• Output Layer

In this study, we give the training set
{(

s(i), y(i)
)

, i = 1, · · · , N
}

, where the category

label y(i) ∈ {1, · · · , k} (k is the category number of the possible). For text sentiment
classification, the distributed representation v(i) generated from text s(i) is input into
softmax layer to obtain the predicted probability distribution of discrete category labels as
shown below:

pi = So f tmax
(

Wsv(i) + bs

)
∈ Rk (20)
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The loss function of this model is average cross-entropy error plus Frobenius norm
constraint of Softmax layer weight matrix, as shown in the following formula:

J(θ) = − 1
N

N

∑
i=1

log pi
yi + λ ‖Ws ‖F2 (21)

where θ indicates all parameters in the network; pi
yi is the yith component of pi; λ is

the penalty coefficient, which measures the importance of two items; and the subscript F
denotes the Frobenius norm.

4. Data Sources and Experimental Settings
4.1. Data Sources

This study uses Python programming technology to capture 70,158 consumer online
text comments about the EVs on social media from 1 January 2019 to 16 August 2021,
with third-party data sources including Weibo, Zhihu, Toutiao, XiguaVideo, Tiktok, and
Kuaishou. This paper chose these social media comments as data sources for the following
reasons. Weibo is the leader among social platforms for sharing brief, real-time information.
Founded in 2009, it has more than 340 million active users. Zhihu is the leader in the high-
quality Q&A community on the Chinese Internet, and has more than 2.5 million monthly
active paying users, more than 3 million total content posters, and more than 3 billion
annual visitors since 2011. Toutiao is the number one most recommended engine based
on data mining and has 260 million active users monthly. Tiktok and Kuaishou are the
top two short video publishing platforms in China, with 620 million and 380 million daily
active users, respectively. But more importantly, unlike the comment data on e-commerce
platforms, these third-party consumer comments based on social media are more objective
in commenting on individuals, events, social issues, social groups, and organizations.
Obviously, social media comments express the consumers’ perceptions of events and
emotional feelings. The original data of this paper can be found by this link: https://pan.
baidu.com/s/1gm6HlAy6zFITJaGV9ADd_Q (accessed on 20 January 2022), with the access
code: ubk6.

4.2. Model Parameters Setup

After the Optimization processes in the experiments, the parameters of the TextCNN
and Att-BiLSTM model applied in this study are finally set as shown in Table 2. This paper
uses the BERT-Base edition with Chinese Simplified and Traditional support, 12 layers,
768 hidden, 12 heads, and the GELU activation function.

Table 2. Parameter Setting of Three Models.

Parameter
Value

TextCNN Att-BiLSTM

Batch size 64 128
Epochs 50 120

Internal layer 3 3
No of hidden layers 3 3
Activation function RELU RELU
Learning optimizer Adam(stochastic) Adam(stochastic)

Regularization L2-regularization = 0.0001 L2-regularization = 0.003

4.3. Model Performance Evaluation Index

The emotion classification experiment results used the three indicators to evaluate
model performance. Precision index (P) is the calculation of how many of the data classified
as positive examples are true. Recall index (R) is the calculation of how many positive
samples are correctly classified, and the (F1) value is the average of precision and recall,
which is commonly used in the text classification field. Slightly differently, the multi-label

https://pan.baidu.com/s/1gm6HlAy6zFITJaGV9ADd_Q
https://pan.baidu.com/s/1gm6HlAy6zFITJaGV9ADd_Q
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classification experiment results using the four indicators to evaluate model performance.
Among them, macro average composite index (MaF1) is the weighted average of macro
accuracy (MaP) and macro average recall rate (MaR), all marked with (+), indicating that
the higher the value of these three evaluation indexes, the better. The hamming loss (HL)
index is the number of classification labels that are wrong in predicting the evaluation
model. In particular, (−) is used as the mark of this index, indicating that the lower the
model’s prediction error value, the better.

5. Result Analysis and Discussion
5.1. The Result of First NLP Task

The result of first NLP task comes from the qualitative and quantitative analysis, and
the specific generation process is shown in Figure 5. The first step is to qualitatively analyze
the preprocessed data according to sociology, psychology, and management theories and
obtain m (1, 2, . . . , m) preset consumer perceived risks of EVs. The second step is to extract
the abstract information of preprocessed data through the feature word prediction function
of the Bert model and get n (1, 2, . . . , n) abstracts of consumers’ perception of EVs risk.
The third step is to match m qualitative analysis results with n quantitative analysis results
proposed by the researchers. Valid matching results have two types. First, the preset
perceived risk with matched abstracts is valid. The abstracts without preset perceived risk
will also be valid and be named. This study obtained five perceived risks. Then, to study in
finer granularity, the five perceived risks are divided into 15 sub risks or topics according
to the corresponding abstracts.

As shown in Figure 5, the consumer perceived risk for EVs consists of 5 dimensions,
namely “Performance Risk” (PR1), “Physical Risk” (PR2), “Financial Risk” (PR3), “Time
Risk” (PR4), and “Social Risk” (PR5). Each dimension successfully matched 3 relevant
abstracts and a total of 15 abstracts. The abstracts related to the “Performance Risk” (PR1)
dimension were “Range Anxiety” (A11), “Climatic Conditions” (A12), and “Technology
Maturity” (A13). The abstracts related to “Physical Risk” (PR2) were “Radiation Injury”
(A21), “Physical Discomfort” (A22), and “Accident” (A23). The abstracts related to “Finan-
cial Risk” (PR3) were “Cost-in-use” (A31), “Acquisition Cost” (A32), and “Maintenance
of Value” (A33). The abstracts related to “Time Risk” (PR4) were “EV Charging Facilities”
(A41), “Charging Time” (A42), and “Charging Convenience” (A43). The abstracts related
to “Social Risk” (PR5) were “Social Needs” (A51), “Preference and Trust Rank” (A52), and
“Environmental Conservation” (A53). In particular, the list of feature words extracted by
the Bert model is also crucial to better understand each dimension of perceived risk and
allow researchers to obtain more accurate classification labels for later studies. Therefore,
all 15 abstracts (A11, A12, . . . , A53) will be the labels for multi-classification to study all
five dimensions of the consumer perceived risk in finer granularity.

5.2. The Result of Second NLP Task

The result of the second NLP task is that, based on the classification labels determined
by the first NLP task, semantic recognition of social media comment data is achieved
by integrating the fine-tuning function of the BERT model and the TextCNN multi-label
classification model. Table 3 shows that the macro average composite index (MaF1) value
reaches 0.90, reflecting the excellent performance of the classification model from the precise.
The hamming loss (HL) index value is 0.0012, indicating that the number of wrongly
predicted label pairs is small, and the classification model performance is better from the
perspective of loss. It can also reflect the effectiveness of the multi-label classification model
used in the quantitative semantic analysis.
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Figure 5. Perceived Risk Labels Match Process and Results.

Table 3. Performance of Multi-Label Classification Model.

Model MaP(+) MaR(+) MaF1(+) HL(−)

BERT-TextCNN 0.93 0.91 0.92 0.0011

In addition, we further visualized the comment data of consumer perceived risk towards
EVs. Figure 6 is the histogram of the distribution of consumer perceived risks. Different colors
represent five different dimensions of perceived risk, among which 47,473 comments are
related to EV “Performance Risk” (PR1), followed by “Social Risk” (PR5) 36,335, “Financial
Risk” (PR3) 30,411, “Time Risk” (PR4) 16,025, and “Physical Risk” (PR2) 12,352. This reflects
the strength of users’ perception of risk toward EVs in different dimensions. At a finer
granular level, “Technology Maturity” (A13) 25,329, “Accident” (A23) 9630, “Cost-in-use”
(A31) 12,601, “EV Charging Facilities” (A41) 6433, and “Preference and Trust Rank” (A52)
22,324 ranked at first in their corresponding dimensions. Notably, in the “Social Risk” (PR5)
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dimension, abstract “Social Needs” (A51) received only 3224 comments and “Preference
and Trust Rank” (A52) reached 22,324 comments—this is a noticeable gap.

Figure 6. Histogram of Distribution of Customer Perceived Risks about EVs.

5.3. The Result of Third NLP Task

The third NLP task result, the emotion classification experiment, analysis emotional
intensity of each perceived risk dimension and granularity. Table 4 shows that the precision
index (P) value reaches 0.91, the recall index (R) value reaches 0.92, and the average (F1)
value reaches 0.91. It can also reflect the effectiveness of the method used in the paper.

Table 4. Performance of Emotion Classification Model.

Model P R F1

BERT-Att-BiLSTM 0.91 0.92 0.90

The results are visualized as shown in Figure 7. It can be seen from the figure that
there are five different pie graphs of perceived risk emotion classification. The emotion
classification of each risk dimension is obtained from three fine-grained abstract emotion
classifications, so the arrow of the fine-grained emotion classification pie graph points to
the emotion classification pie graph t of each risk dimension. The grey part represents
neutral emotion in the 20 pie graphs, the blue part represents negative emotion, and the
orange part represents positive emotion.

The “Time Risk” (PR4)-related comments expressed the strongest negative emotions,
reaching 54%, followed by “Financial Risk” (PR3) 49%, “Physical Risk” (PR2) 45%, “Per-
formance Risk” (PR1) 43% and “Social Risk” (PR5) 40%. On a finer scale, the top three
negative emotions are “Charging Time” (A42) 58%, “EV Charging Facilities” (A41) 56%,
and “Maintenance of Value” (A33) 53%. Notably, the biggest grey and orange portion in the
emotional classification pie graph of the five risk dimensions are both shown in the “Social
Risk” (PR5) pie graph. From a fine-grained perspective, positive emotional comments of
“Social Needs” (A51) reached 38%, higher than 35% of negative emotions.
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Figure 7. Emotion Pie Graph of Customer towards EVs.

5.4. The Analysis of NLP Tasks Results

Based on the results above, to obtain the interpretation of consumers’ overall and
fine-grained perception risks about EVs, the analysis procedure should require conjoint the
results of three NLP tasks, including the feature word lists, semantic recognition results, and
emotion analysis results. Consumers are most significantly concerned with the perceived
risks in ascending order of “Performance Risk” (PR1), “Social Risk” (PR5), “Financial Risk”
(PR3), “Time Risk” (PR4), and “Physical Risk” (PR2). As shown in Figure 7, the pie graph
of each perceived risk dimension’s emotional classification shows that negative emotions
make up more than 40% in total. This exceeds neutral or positive emotions, indicating that
most consumers keep negative emotions when commenting on the risks involved in EVs
on social media. Some results are interesting as follows:

• Of particular note is that the comment amounts related to the “Technology Maturity”
(A13) and “Preference and Trust Rank” (A52) abstracts are more additional than other
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abstracts. Combined with the feature words list of “Technology Maturity” (A13), such
as “Workmanship”, “Maturity”, “Limitations”, “Degree of Attenuation”, “Hydrogen
Fuel”, etc., it follows that Chinese consumers take the technical maturity issue of
EVs the problem that needs the most attention. The same situation also occurs in
“Preference and Trust Rank” A52, with the feature words list as “Preference”, “Believe”,
“Dislike”, “Domestic”, “Foreign”, etc. The negative emotional comments (A13, 38%;
A52, 39%) of these 2 abstracts also significant more than positive ones (A13, 32%; A52,
28%). The experiments show that the discussion mainly focuses on the disadvantages
and limitations of technology, and the still fragile confidence of new technology or
new EVs brands. Meanwhile, as shown in Table 5 the “Technology Maturity” (A13) is
also the most occurred abstract in top 10 combined labels, accounting for seven times.
It can be concluded that the abstract in performance risk dimension “Technology
Maturity” (A13) in “Performance Risk” (PR1) dimension is the key factor to effect
consumers perceived risks.

• Accounting for 54% of negative-in-emotion results, the comments about the “Time
Risk” (PR4) occupy first place in the five dimensions of risks. Though the total
related comments are relatively more minor, the consumers discussed much more
about “EV Charging Facilities” (A41, 40.1%) or “Charging Time” (A42, 39.3%) than
“Charging Convenience” (A43, 20.6%). Combined with the sentimental results of
negative emotions, “Charging Time” (A42, 58%) is the first of all 15 abstracts. “EV
Charging Facilities” (A41, 53%) is also very high negatively emotional. Consumers
are obviously unsatisfied with the charging facility and its quantity put into use
and efficiency.

• The number of comments related to “Physical Risk” (PR2) ranked at the end shows
that the majority of consumers do not think safety is an exclusive problem to EVs. Even
this, in a finer granular, 78% of comments related to “Physical Risk” (PR2) expressed
concerns about “Accident” (A23). Not only that, 46% of the comments about the
“Accident” (A23) abstract tested to be negative emotions. Analysis of the feature
words list connected to “Accident” (A23) shows that consumers worried about the
battery burning or and exploding, the brake system, etc.

• In the dimension of financial risk, the number of public comments about each abstract
are relatively close. Combined with emotion analysis, consumers have more negative
emotions about the value maintenance of EVs, which indicates that consumers have
low evaluation on the second-hand value of EVs;

• Finally, there is a significant change when consumers discuss the social risk of EVs. In
previous studies, questionnaires and interviews paid great attention to measuring the
risk that consumers’ purchase or use of EVs may cause adverse effects such as family
and friends’ incomprehension. However, through the measurement method proposed
in this paper, the measurement results of consumers’ perceived social risk dimension
show only 3224 comments related to “Social Needs” (A51). This is a sharp contrast to
the comments of “Preference and Trust Rank” (A52), 22,324, in the same dimension. It
implies that consumers have come to accept EVs as a regular, considerable commodity
rather than a new, poorly practicable and experimental novelty.

Table 5. Top 10 Combined Labels.

Combined Labels Number of
Comments

Technology Maturity (A13) + Preference and Trust Rank (A52) 9869
Technology Maturity (A13) + Cost-in-use (A31) 5993
Technology Maturity (A13) + Environmental Conservation (A53) 5837
Technology Maturity (A13) + Range Anxiety (A11) 5744
Technology Maturity (A13) + Climatic Conditions (A12) 5358

Cost-in-use (A31) + Preference and Trust Rank (A52) 4621
Technology Maturity (A13) + Maintenance of Value (A33) 4403
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Table 5. Cont.

Combined Labels Number of
Comments

Technology Maturity (A13) + Accident (A23) 4226
Maintenance of Value (A33) + Preference and Trust Rank (A52) 4225
Maintenance of Value (A33) + Environmental Conservation (A53) 4186

5.5. The Discussion of Key Risks in Co-occurrence Network

(1) Based on the co-occurrence mathematical matrix Table 5, this paper selects the top 10
co-occurrence risk abstracts to form a co-occurrence network, as shown in Figure 8.
The abstract “Technology Maturity” (A13) in the “Performance Risk” (PR1) dimension
is obliviously the central node of the network. As it has the largest number (25,329) of
comments and forms a co-occurrence relationship with 7 other abstracts, it is the key
factor that affects consumers’ perceived risks.

• In the same dimension, the relationship between “Technology Maturity” (A13),
“Range Anxiety” (A11), and “Climatic Conditions” (A12) shows that consumers’
doubts about the technological maturity of EVs, especially the uncertainty of
battery performance, leads to consumers’ range anxiety and anxieties about
performance in cold weather.

• “Technology Maturity” (A13) and “Accident” (A23) also have co-occurrence,
suggesting that it may be due to the lack of reliable and intelligent driving and
control systems that consumers worry about accidents of EVs.

• The “Technology Maturity” (A13) and “Environmental Conservation” (A53) co-
occurrence, occurring 5837 times, suggests that the EVs potential pollution risks
of battery scrapping, damage, and existing pollution and emission in the power
generation industry make consumers doubt the authenticity of EVs’ environ-
mental friendliness. Consumers also expressed other environmentally friendly
energy products that are potential alternatives to fuel or electric vehicles, such
as hydrogen vehicles. Then the joint action of “Technology Maturity” (A13) and
“Environmental Conservation” (A53) pulls down the evaluation of “Maintenance
of Value” (A33).

(2) More importantly, four risk nodes, which are “Technology Maturity” (A13), “Prefer-
ence and Trust Rank” (A52), “Cost-in-use” (A31), and “Maintenance of Value” (A33),
form a local network.

• “Technology Maturity” (A13) has direct relationships with all other risks in the
local network. The connection of “Technology Maturity” (A13) and “Cost-in-
use” (A31) shows that the immaturity of EVs technology also leads to some
consumers worrying about the high cost of battery repair, replacement, and the
correspondingly high cost of insurance. Moreover, they will question whether
EVs can meet the manufacturer’s promise of low cost-in-use.

• Finally, the joint action of “Technology Maturity” (A13) and “Environmental
Conservation” (A53) pulls down the evaluation of “Maintenance of Value” (A33).
Most importantly, the co-occurrence of “Preference and Trust Rank” (A52) and
“Technology Maturity” (A13) is the most frequent of all, occurring 9869 times.
Moreover, the connections between “Preference and Trust Rank” (A52) and
“Cost-in-use” (A31) are 4621, and between “Preference and Trust Rank” (A52) and
“Maintenance of Value” (A33) are 4225. This represents that consumers’ perceived
risk of EVs’ technology maturity is closely related to EV brands’ preference and
trust ranking, directly or indirectly. That is to say, consumers’ concerns about
technology maturity will affect their choice of fuel vehicles and EVs and focus on
comparing the technology maturity of different EVs brands.
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Figure 8. Co-occurrence Network Analysis.

6. Conclusions

This study used the NLP method to measure and analyze the perceived risk of
70,158 consumer comments towards EVs on social media with a multi-dimensional and
fine-granular method. The measurement results show 15 abstracts related to perceived
risk which match five perceived risk dimensions. Compared with most previous studies,
the comments data set is without geographical limit, is timelier, and is big-data based and
thus more objective. By machine-learning-based NLP methods, the experiment results are
quantitative, accurate, and timely to validate previous studies.

Additionally, this paper also has the fine-granular ability to investigate difference,
change, or inversion. However, compared with previous studies, the most apparent
inversion is consumers’ emotional change on “Social Needs” (A51). This indicates that
the Chinese consumer market gradually accepts EVs. The high growth of the EVs market
in 2021 confirms this point. In 2021, 2.99 million new energy vehicles were sold in China,
increasing 169% over 2020. The sales of new energy vehicles accounted for 14.9% of the
total sales of all passenger vehicles, an increase of 159% compared with 5.76% of the
year 2020. With the increasing acceptance of EVs and the strong policy support of the
Chinese government, the trend of EVs replacing traditional fuel vehicles on a large scale is
taking shape in the mainstream vehicle consumption fields.

Despite the rapid acceptance in China’s EVs market, Chinese consumers still have a
wide range of perceived risks with negative emotions, especially performance, financial,
and time risks. In addition, there are also complicated relationships among the risks. So, at
present, Chinese and international manufacturers carrying out business activities in China
are facing the same opportunities and challenges.

The results of this study showed that, as a manufacturer, the fundamental way to
improve the brand and product market acceptance of EVs is to improve the product
performance, reliability, and follow-up service level and reduce the use cost. As a greater
number of safer, and more economical EVs are put into use, when the retention of EVs
increases to a certain amount and the stability is further improved, the insurance premium
will decrease. At the same time, the second-hand EVs market will be activated by itself,
and value preservation will increase.
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In order to achieve the goal of energy conservation and emission reduction, based
on the existing support policies, the Chinese government, or capital guided by the gov-
ernment’s policy, needs to invest more in the construction and upgrading of charging
infrastructure to reduce the time consumption of EVs charging. In addition, the Chinese
government should lead the formulation of EVs battery standards to realize the sharing
of batteries of different brands of electric vehicles, improve battery using efficiency, and
reduce the total cost to society.

Though this research has some interesting findings and implications, it is important to
highlight the limitations which present valuable opportunities for future research. With
more data, we can better prove the advantages of the study frameworks in this paper. We
will collect more data for supplementary experiments in the future. It should be feasible to
compare the perceived risk differences of consumers for different manufacturers or brands
on a more fine-granular scale, but this paper ignored this point. Both classification and
sentiment analysis models need to strengthen training to improve classification accuracy.
More NLP methods or models should be introduced to optimize the research frameworks.
Furthermore, we will study the evolution trend of consumer perceived risk by introducing
the timeline. Thus, we can catch the invention interval and analysis why and when the
invention occurred.
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