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The factors that influence online review quality: the
example of new energy vehicle reviews

Xiaoguang Wang'™ Yijun Gao?, Lei Fan' & Nan Li'

China's new energy vehicle industry has gradually shifted from relying on policy support in
the past to a state where enterprise survival is determined by the market, which has driven
the industry to accelerate its move toward market orientation. This study aims to help
potential consumers quickly locate and obtain valuable, high-quality reviews, while also
assisting new energy vehicle companies in improving product quality and service levels to
promote the healthy development of the industry. To achieve these goals, review data were
first collected from online forums, and a corresponding corpus was subsequently constructed.
Next, an evaluation system for review quality was established, with values assigned to review
quality accordingly. Finally, a model of the influencing factors of review quality was devel-
oped; through multiple regression analysis, specific influencing factors were identified,
facilitating an exploration of the impact exerted by relevant factors on review quality. The
results indicate that the statistical features and semantic features of online reviews can serve
as evaluation indicators for constructing a quality evaluation system. In the influencing factor
model, the time interval, number of purposes, and reviewers'’ expertise exert a positive impact
on review quality; driving mileage has a negative impact on review quality; while the positive
impact of certified users on review quality is not significant. The study results provide a
simple criterion for consumers’ perception of review values and verify the influence of review
quality on consumers’ purchase intention. Additionally, they can help automotive companies
identify factors affecting the quality of online reviews and enhance the effectiveness of new
energy vehicle companies in utilizing online reviews for marketing purposes.
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Introduction

ccording to the 54th Statistical Report on China’s Internet

Development, compiled by the China Internet Network

Information Centre (CNNIC), 92% of potential con-
sumers often search for online reviews of relevant products before
making a purchase decision. And 77.5% consider online reviews
the most critical factor influencing their purchase decisions. To
reduce the perceived risk of products, potential consumers often
seek relevant signals or clues from online reviews to infer the
potential quality of products (Tsai et al. 2020). The review quality
primarily refers to how online reviews influence potential con-
sumers’ purchasing decisions and shopping preferences. High-
quality online reviews often contain objective and rich product
information or service experiences, which are highly persuasive
(Li et al. 2020a). When high-quality online reviews are con-
structive and positive, consumers are more likely to increase their
willingness to purchase, driven by increased trust, which ulti-
mately translates into actual sales of the product. When high-
quality online reviews are passive or negative, consumers can also
be persuaded to abandon their procurement, impacting product
sales in the opposite direction.

Experts and scholars in various fields have different under-
standings of the concepts and functions of online review quality
(Nelson et al. 2005; Barbara et al. 1997; Wang and Strong 1996).
Zhao et al. (2017) elaborated that online review quality refers to a
user’s evaluation of the system’s performance in providing user
reviews, based on their user experience. Hu and Krishen (2019)
investigated how online reviews can lead to information overload
and difficulty, ultimately affecting decision satisfaction. Lu et al.
(2023) developed a model to examine the effects of website-
generated quality and fit-related review keywords on consumers’
clothing purchase decisions. This paper defines online review
quality as follows: Online review quality is a combination of the
objective presentation of the review content itself and the user’s
subjective expression of the review content. That is, the higher the
objective presentation of the review content and the user’s sub-
jective expression, the higher the review quality; the lower the
objective presentation of the review content and the user’s sub-
jective expression, the lower the online review quality. Therefore,
the measurement of online review quality should consider both
objective factors, such as the media presentation form of review
content and product performance descriptions, as well as sub-
jective factors, including the emotions and semantics expressed
by consumers through their reviews.

In the vehicle industry, the replacement speed of vehicle pro-
ducts has gradually accelerated, and product selection has become
a decision-making problem that most consumers will face (Liu
and Teng 2021). For big-ticket consumer goods, such as vehicles
with high prices and strong durability, the high mismatch cost
makes potential consumers more inclined to obtain valuable
word-of-mouth information through online reviews to aid their
purchasing decisions. Efficient mining of valuable information in
complex online reviews is essential for potential consumers to
understand and evaluate the performance of vehicle products,
thereby forming a comprehensive understanding of these pro-
ducts. The Chinese government initiated the New Energy Vehi-
cles (NEV) subsidy policy in 2009 to promote the adoption of
clean energy vehicles. However, to encourage market-driven
growth and reduce fiscal burdens, the government introduced the
subsidy retreat policy in 2020. This policy gradually reduces
financial subsidies for NEV manufacturers and consumers, aim-
ing to phase out subsidies entirely by the end of 2022 (Zhang et al.
2021). The subsidy retreat policy marks a significant shift in the
NEV industry, as it forces manufacturers to compete based on
product quality, technological innovation, and cost efficiency
rather than relying on government support. This transition has
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intensified market competition and accelerated the industry’s
evolution toward a more sustainable and consumer-driven model
(Chen et al. 2023). Based on the above background, this study
aims to utilize online reviews of NEVs as the research object and
explore the factors influencing online review quality.

Existing studies on the influencing factors of online review
quality have two main aspects that need further improvement: 1)
Most literatures directly use the number of votes (Sun et al. 2019,
Jiang and Zou 2023) or the proportion of votes to the total votes
as indicators of review quality (Mudambi and Schuff 2010), and a
few literatures use the proportion of useful votes to the number of
days since the review was posted as an indicator (Tsai et al. 2020).
However, different measurement methods often lead to contra-
dictory results when testing the same influencing factors of use-
fulness (Hong et al. 2017), which is mainly caused by statistical
differences brought about by vote sparsity; 2) The evaluation of
review quality mainly focuses on specific dimensions such as
relevance and usefulness; the semantic analysis method for online
reviews is relatively simple, with problems such as inaccurate
quantitative basis and the need for timely updates of the lexicon.

NEVs are high-involvement, hybrid (search/experience) pro-
ducts. To address the two aforementioned shortcomings in the
research of review quality influencing factors and demonstrate
how electronic word-of-mouth (eWOM) theories perform differ-
ently in the unique context of NEV reviews, this study first con-
structs review quality evaluation indicators from the media
dimension and content dimension of online reviews, then uses the
entropy weight-TOPSIS method to determine the weights of each
indicator and assign values to review quality. Finally, it defines and
quantifies more comprehensive influencing factors of review
quality, determines the coefficients of these factors through sen-
timent analysis and machine learning models, and explores the
impact of multi-dimensional factors on review quality.

Concepts, models, and related research

Vehicle reviews. Vehicle reviews have become crucial decision-
making tools in the consumer journey. Recent studies have
demonstrated the significant impact of automotive review char-
acteristics on consumer perception and purchasing behavior.
Park et al. (2021) revealed through text mining analysis that while
technical specifications in professional reviews enhance cred-
ibility, excessive jargon creates comprehension barriers for non-
expert readers. Chen and Wang (2022) experimentally established
that user-generated reviews outperform professional evaluations
in predicting long-term reliability, particularly for post-ownership
vehicle conditions. The multimedia dimension has been exam-
ined by Lee et al. (2020), whose analysis of YouTube automotive
content showed that dynamic driving footage generates 37%
higher emotional engagement than static imagery, especially for
experience-focused vehicle segments. Cross-cultural differences
emerge prominently, as Brand et al. (2022) found that the Chi-
nese perceive review credibility holistically, whereas Germans
tend to categorize its antecedents for evaluating them separately.

Theoretical models. The Elaboration Likelihood Model (ELM)
and Information Adoption Model (IAM) are the most commonly
used theoretical models in review quality research (Aghakhani
et al. 2021; Choi, 2020; Elwalda et al. 2022; Park et al. 2021). In
ELM, information is transmitted and received through the per-
ipheral and central routes, thus changing consumers’ psycholo-
gical attitudes and achieving the purpose of persuasion (Petty and
Cacioppo 1984). In IAM, factors determining review quality are
categorized into two perspectives: the information source
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perspective and the information content perspective (Sussman
and Siegal, 2003).

(1) From the perspective of information sources, review depth,
review emotion, star rating, information quantity, persua-
siveness, and source credibility are essential factors in the
peripheral route that researchers often focus on. For
example, Chong et al. (2018) have studied the quality of
online reviews using the dual-process theory and found that
the quality of online reviews largely determines their
effectiveness. Wu et al. (2021) employed review depth,
content bias, and voting deviation to assess review quality
by the two-factor theory. The analysis shows that reviews
with less variation have a more significant impact on review
quality. Biswas et al. (2021) identified essential factors
affecting online review quality, including review title, review
emotion, star rating, and time features, and found that
ethnic culture has a strong moderating effect. Mousaviza-
deh et al. (2022) examined the factors that influence the
popularity and quality of online reviews. The results show
that longer online reviews and those with extreme star
ratings are more popular. Finally, Zhuang et al. (2023)
employed regression analysis to develop a quality frame-
work comprising social, textual, and evaluation features as
indicators for predicting high-quality answers.

(2) From the information content perspective, title content,
readability, review validity, semantic features, and language
style are key research factors for central routes. For example,
Zhou et al. (2020) used review data from Amazon.com to
model the effects of content similarity and sentiment
consistency on review quality. The results indicate that the
similarity of title content has a positive impact on review
quality. Wang et al. (2025) explored the effects of review
length, readability, validity, polarity, and other character-
istics on review quality. They found systematic differences
between voted and unvoted reviews. Through experiments,
Zhan et al. (2023) found that reviewers described their
actions rather than reactions to utilitarian products, while
they expressed enjoyment rather than responses to hedonic
products. Xiang et al. (2017) believe that language features,
such as readability, and semantic features, including
semantic relationships in online text, can be used to
measure the quality of reviews. Liu et al. (2019) found that
the degree to which the language style of online reviews
aligns with the target customer’s language style directly
impacts the quality of online reviews.

Technical models. Several scholars have investigated online
review quality using various technical models.

(1) From a sentiment analysis perspective, Zhu et al. (2020)
examined the differences in information quality among
online reviews based on the information richness theory,
emotional polarity, and product type. The results indicate
that diverse information richness and product types have
varying impacts on information quality across different
positive and negative emotional polarities. Wang et al.
(2024) extracted the statistical and topic semantic features
of online reviews for NEV and clarified the quality
evaluation indicators for online reviews. The research
results have demonstrated that the statistical features and
semantic topic features of online reviews on NEVs can serve
as evaluation indicators to construct a quality evaluation
system. He and Wang (2022) focus on evaluating NEV
through online reviews. A data-driven method is developed
to extract the attributes of the NEV. Sentiment analysis is

conducted to discriminate the sentiment orientation of each
review for each alternative under each attribute.

(2) From the machine learning perspective, Malik (2020)
extracted language features from online review texts and
constructed a review quality prediction model. The results
show that the mixed features of the samples provided the best
prediction accuracy. Ding et al. (2023) developed a combined
forecasting model comprising a backpropagation neural
network (BPNN), a recurrent neural network (RNN), and a
long short-term memory (LSTM) neural network. The study
aims to improve the prediction accuracy of product sales by
developing an online review-driven combination forecasting
model. Wang et al. (2023a) introduced an enhanced hybrid
model, combining Enhanced Representation through Knowl-
edge Integration and a deep Convolutional Neural Network.
Liu and Feng (2022) employed the BERT-wwm-ext model
structure, data mining, and deep learning to investigate the
selection of NEVs. Also, they analyzed the positioning of
domestic and foreign NEV brands, as well as their brand
development, from a complex network perspective. Wang
et al. (2023b) extracted consumer demands and topics using
the LDA model and used a trained Word2vec tool to extend
the consumer demand topics.

Methodology

Evaluation of review quality. In various studies on review
quality, elements such as review titles (Zhou et al. 2020), review
pictures (Li et al. 2022), review sentiment (Aakash et al. 2024),
review semantics (Kim et al. 2024), and ratings (Lei et al. 2023)
are essential factors that determine review quality. Inspired by
this, the study attempts to construct an evaluation system for
review quality based on the Yale Attitude Change Model
(YACM). The YACM was founded in 1953 by Carl Hovland
(Riley et al. 1954), a psychologist at Yale University in the United
States. This model identifies factors that affect the evaluation of
the credibility of online reviews, such as the information media
and the information content.

Dimension of information media. The media of information is the
carrier of information related to products and services. Online
reviews are transmitted between publishers and readers through
texts and pictures.

(1) Length of review title
Consumers tend to spend a high amount of time searching for
review content when they are interested in a product or
service. Consumers would like to find worthwhile information
with less search costs (Salehan and Kim 2016). The review title
provides a concise summary of the review content, giving
readers a general understanding and serving as a clue to
quickly grasp the content. Online forums encourage con-
sumers to provide detailed product information from different
dimensions, and review contents are generally lengthy. The
length of online review titles varies and is more distinguish-
able, which can be used as an indicator to measure the review
quality. Therefore, the “Length of review title” is defined as the
quality evaluation indicator of online reviews.
(2) Number of review pictures

Pictures included in online reviews are an effective
supplement to text content, capable of bringing visual
impact to potential consumers. The fact that consumers are
willing to spend time taking pictures and posting them
along with reviews indicates the emphasis on online
reviews. The overall quality of online reviews will be
improved due to the decorative effect of pictures and the
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consumers’ attention (Liu and Park 2015). Pictures not only
attract more attention through decorative function but also
enhance potential consumers’ understanding and cognition
of products through informational function (Anindya and
Panagiotis 2011). Therefore, the “Number of review
pictures” is defined as an evaluation indicator for the
quality of online reviews.

Dimension of information content. The information content refers
to all constituent elements with actual expressive significance in
each online review. It can be divided into structured content and
unstructured content, and to a large extent, determines the review
quality. Structured content mainly includes various evaluation
scores; unstructured content mainly includes review text,
semantic content, review readability, review sentiment, etc.

(3) Sentiment of review title
Sentiment refers to the attitude, opinion, or emotion
expressed toward an entity, topic, or event (Liu, 2012).
Potential consumers can infer the content of a review from
the title, preliminarily judge its value, and decide whether to
continue browsing. Review titles present reviewers’ opi-
nions, feelings, and preferences towards products or
services, leaving a first impression with concise information
(Ascaniis and Gretzel 2012). Studies have shown that
emotional language in review titles is more likely to attract
attention than neutral reviews (Ismagilova et al. 2019). The
more emotions reviewers express in the titles, the easier it is
to attract readers’ attention. Therefore, “Sentiment of
review title” is defined as an evaluation indicator for the
quality of online reviews.

(4) Review positive sentiment
Review sentiment is regarded as one of the critical factors
affecting review quality (Racherla and Friske 2012). Positive
sentiment expresses favorable, approving, or optimistic
attitudes (Liu 2012). A well-crafted review with a lot of
positive sentiment will reduce the search cost of potential
consumers and ease their anxiety. When most consumers
are satisfied with a product or service, potential consumers
tend to have a convergent psychology (Yi et al. 2020).
“Review positive sentiment” is defined as a quality
evaluation indicator for online reviews.

(5) Review negative sentiment
Negative sentiment conveys unfavorable, critical, or pessi-
mistic opinions (Liu 2012). Negative reviews, which
account for a small proportion, sometimes have more
evaluative value than positive reviews (Hu et al. 2009).
Consumers tend to rely more on negative information to
avoid risks (Lee et al. 2017; Kwok and Xie 2016). People are
more inclined to post negative reviews to expose merchants’
destructive behaviors, thereby reminding others to avoid
repeating the same mistakes (Yan et al. 2018). Negative
evaluations formed among potential consumer groups are
considered to have a higher reference value regardless of
whether they reduce the possibility of consumption. In view
of the above theories, “Review negative sentiment” is
defined as a quality evaluation indicator for online reviews.

(6) Review semantics
Semantics is the study of meaning in language, encompass-
ing word meanings (lexical semantics) and their combina-
tion in sentences (Saeed 2016). Studies by Kim et al. have
shown that the amount of information semantics directly
affects consumers’ perception of products (Kim et al. 2017).
If an online review includes semantic information that helps
understand product quality, the review is considered to be
more diagnostic of product performance (Filieri 2016).

7)

(8)

)

Online reviews rich in semantic content often have higher
information relevance and greater information credibility,
bringing consumers stable confidence. Based on the research
above, this paper defines “Review semantics” as a quality
evaluation indicator for online reviews.

Review readability

Readability measures how easily written text can be understood
by readers, influenced by factors like sentence length and
vocabulary complexity (DuBay 2004). Suppose the semantic
content represents the amount of information objectively
contained in a review. In that case, readability refers to the
amount of information that readers can obtain from the review
through their subjective cognition (Liang et al. 2018). The
readability of online reviews is directly related to the clarity of
expression in the reviews. The more coherent the sentences are,
the easier it is to increase the reading speed of potential
consumers, enhance the reading impression, and thus improve
the quality of online reviews (Ahmad and Laroche 2016).
Readable reviews are more likely to be recognized as high-
quality reviews and more likely to be disseminated (Liu and
Park 2015). In view of the above, “Review readability” is
defined as a quality evaluation indicator for online reviews.
Rating consistency

Rating consistency refers to the stability of respondents’
evaluations across repeated measurements or similar items
(Krosnick and Berent 1993). If the consistency of product
ratings is very high, it indicates that the reviewers’ responses
to the product attribute dimensions are consistent with
those of other consumers. Correspondingly, reviews with
low consistency are likely to cause cognitive dissonance
among potential consumers (Choi and Leon 2020). Studies
have found that review readers tend to consider opinions
inconsistent with those of other reviewers as less credible
and less helpful (Simon et al. 2015). Chua & Banerjee (2016)
used attribution theory to explain that reviews with high
rating consistency may be attributed to the experience of the
product, while those with low rating consistency may be
attributed to personal traits. Therefore, if consumers
consistently rate a particular product attribute dimension
highly, it means that their reviews are more useful and of
higher quality. In view of the above, “Rating consistency” is
defined as a quality evaluation indicator for online reviews.
Performance score

Online forums allow reviewers to rate product perfor-
mance. The score reflects the reviewers’ level of affirmation
towards the products’ performance and also influences the
review readers’ judgment on the quality of online reviews.
In view of the above, “Performance score” is defined as a
quality evaluation indicator for online reviews.

The quality evaluation system for online reviews is shown in

(1)

Table 1.

The weights and assignments of quality indicators. This paper first
applies the entropy weight method to determine the weights of
online review quality evaluation indicators. Then, the indicator
weights are used to assign values to online reviews. The specific
steps are shown below.

Determine the evaluation object and construct a level
matrix of online review data.

X X
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Where x; represents the value of the j-th evaluation
indicator for the i-th online review.

(2) Data standardization processing. To eliminate the impact of
dimensional differences between data on estimation results,
the min-max normalization method is adopted for proces-
sing. The specific operation is that when the evaluation
indicator value is positive,

x;; — min (x;)

Y= J i=1,2,...,mj=1,2,... ,m)
max (xj) — min (xj)
()
When the evaluation indicator value is negative,
max (x]) — X '
yi]‘: (121727 71’1;]:1,2, 7m)
max (xj) — min (x;)
(€)

Among them, max(xj) is the maximum value of the

evaluation indicator, and min (xj) is the minimum value of

the evaluation indicator. After normalization, the matrix is
generated as
Ju o im
y=P= |+ o |G=12.
ynl e ynm
(4)
(3) Using the entropy weight method to assign weights to
evaluation indicators, calculate the probability matrix p, and

use formula (5) to determine the value of each element P
in the matrij(/:
i
J :1:1}/ ij Y
Calculate the information entropy of each evaluation indicator.
For the j-th indicator, the formula for its information entropy is:
1 & ; .
e, = —Zpijln(pij)(z =1,2,...,mj=1,2,... ,m) (6)

L Inni=1

ymj=1,2,...,m) )

The larger the e;, the more significant the information entropy
of the j-th indicator, indicating that it carries less information.
The information utility value d;, is defined as

di=1-c¢ 7)

Normalize the information utility value to obtain the entropy
weight of each quality evaluation indicator:

w

j .
= (=1,2, ...
! Z}lldjo

,1m) ®)

Table 2 presents the information entropy, weight, and weight
ranking of review quality evaluation indicators derived using the
entropy weight method.

Combined with the indicator weights, the TOPSIS method is
applied to assign a value to the review quality. First, a weighted
matrix is established, and the fuzzy matter-element matrix is
obtained through the correlation analysis.

2=z =

2t Zim

Zp1 T Zam
©)
Among them, z;; = y;;x w; (where w; represents the indicator
weight obtained by the entropy weight method).

Table 1 Quality evaluation system for online reviews. The Positive Ideal Solution (PIS) and Negative Ideal Solution
(NIS) of the model are determined according to Formulas 10 and
Indicator dimension Indicator Indicator 11:
symbol Zt = (2,25 ... ... zh) (10)
Dimension of information  Length of review title Q1
media Number of review Q2 7 = (zl_7 Z5 e e Zn_) (11)
pictures " _ .
Dimension of information ~ Sentiment of review title Q3 Among them, z = max{zlj, Zgjeee e an.}’ Z; = min
content Rewgw positive Q4 21y Zgj e e Z”ji
sentiment Subsequently, the Distance from PIS and Distance from NIS
Rev'?w negative Q5 are calculated using Formulas 12 and 13.
sentiment
Review semantics Q6 Dt = / 42 12
= (z.. — Z
Review readability Q7 ! E]( i % ) (12)
Rating consistency Q8
Perf 9 T = /(2 — z7)?
erformance score Q DI = ZJ(ZU z; ) (13)
Table 2 Indicator weights of the review quality evaluation system.
Indicators Information entropy Information utility value Indicator symbol Indicator weight Rank
Length of review title 0.988 0.012 Q1 0.045 6
Number of review pictures 0.900 0.100 Q2 0.363 1
Sentiment of review title 0.990 0.010 Q3 0.034 8
Review positive sentiment 0.988 0.012 Q4 0.044 7
Review negative sentiment 0.952 0.048 Q5 0.181 2
Review semantics 0.992 0.008 Q6 0.029 9
Review readability 0.969 0.031 Q7 0.117 4
Rating consistency 0.963 0.037 Q8 0.139 3
Performance score 0.999 0.002 Q9 0.047 5
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Finally, the relative closeness is computed via Formula 14.

D
C =

T D) (9

Measurement of quality indicators. The quality evaluation indi-
cators for online reviews are measured as follows. Firstly, indi-
cators such as “Length of review title” and “Number of review
pictures” are extracted from the webpages. And “Performance
score” is a value derived from ratings. Next, the snowNLP
package (package version: v0.12.3) in the Python environment is
applied to analyze the sentiment of the comments, and the
indicators such as “Sentiment of review title,” “Review positive
sentiment,” “Review negative sentiment,” “Review semantics,”
and “Review readability” are calculated respectively.

SnowNLP is a Python library designed for processing and
analyzing Chinese text data. Its functionality encompasses various
natural language processing (NLP) tasks, including part-of-
speech tagging, text segmentation, and keyword extraction. A
core component of its analytical capability is sentiment analysis.
The model calculates a sentiment polarity score for a given input
text. This score is normalized to a continuous floating-point value
within the range of 0 to 1. The polarity of this scale is defined
such that a value closer to 1 indicates a more positive sentiment,
whereas a value closer to 0 signifies a more negative sentiment.

Readability is a self-defined indicator based on features such as
sentence length, word length, nouns, and neutral words extracted
by SnowNLP. Among these features, average sentence length,
average word length, and the proportion of nouns are negatively
correlated with readability, while neutral words are positively
correlated with readability. In line with the core principle of
reverse processing for negatively correlated features and direct
incorporation for positively correlated features, the readability
score formula, normalized to the range of 0 to 1, is presented as
follows:

1
L T WX (1=N,) +wyx M, (15)

avg

R =w;x + w, x

SLyng

where R denotes the readability score (0 to 1), SL,,,
average sentence length, WL, stands for the average word
length, N, indicates the proportion of nouns (0 to 1), and M,
refers to the proportion of neutral words (0 to 1). w; is the weight
of average sentence length (0.3), w, is the weight of average word
length (0.25), w; is the weight of noun proportion (0.2), and w, is
the weight of neutral word proportion (0.25).

As for the measurement of “Rating consistency,” we first
defined “Review discrete value,” that is, the difference between the
“comprehensive score” of each review and the average of all
“comprehensive scores.” Since the degree of dispersion of reviews
and the degree of rating consistency are opposite concepts, the
lower the degree of dispersion, the higher the degree of
consistency. To maintain a positive proportional relationship,
the higher the degree of consistency, the higher the rating
consistency score should be. Therefore, the reciprocal value of
“Review discrete value” was taken to obtain the variable of
“Rating consistency.”

represents the

Model of influencing factors of review quality. To study the
influencing factors of review quality, it is necessary to consider
the impact of review elements on review quality from the per-
spective of information content and pay attention to the impact
of peripheral elements on review quality from the perspective of
information sources. Relevant theories suggest that the time
interval between consumers’ post-purchase experience and their
reviews puts consumers at a higher level of knowledge con-
struction; the identity of reviewers affects consumers’ trust and
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the generation of purchase intention; and review professionalism
and reviewers’ experience have a positive impact on the useful-
ness of online reviews (Huang and Huo 2022). Relevant studies
show that consumers generally do not recognize that the tech-
nology of NEV is currently mature and believe that there are
shortcomings in driving range and battery life; needs such as
picking up and dropping off children and commuting to school
are the main reasons for users to purchase NEV (Huang et al.
2016).

Based on the above theories and research, this paper analyzes
feature mining results from NEV reviews, identifying key factors
influencing review quality. These factors belong to information
content features (e.g., driving mileage, time interval, number of
car-buying purposes) and information source features (e.g.,
certified users, reviewer’s expertise). A multivariate regression
model is constructed to examine the impact of these features on
review quality.

Influencing factors and hypotheses.

(1) Driving mileage

Driving mileage is vehicle-related information that online
forums allow consumers to fill in when posting reviews,
which helps readers understand consumers’ previous usage
of the vehicles. It is generally believed that the owner’s
understanding and feelings about the vehicles will deepen
with the increase in vehicle experience time, and the
description of the review content is more objective and
profound. However, consumers’ focus on new energy
vehicles differs from fuel vehicles, such as evaluating
battery performance, which is essential in consumers’
overall car assessment. The survey by Li et al. (2020b)
shows that respondents who have not used new energy
vehicles show higher concerns about battery performance
and battery safety. Surveys about online reviews show that
consumers are less likely to recognize that the current
technology of new energy vehicles has matured, which
reflects the shortcomings of new energy vehicles in terms of
range, power battery life, and stability (Li and Guo 2022).
The issue of battery performance degradation has consis-
tently impacted consumers’ purchasing intentions and
perceptions of new energy vehicles. Some consumers
believe that the vehicle’s speed, frequent acceleration, and
braking will impact battery performance. Therefore, as the
use time of new energy vehicles continues to accumulate,
the owner’s attention to new energy attributes, such as
battery performance, will increase, and the resulting
complaints will also be reflected in the emotions and
content of online reviews. The new energy vehicle industry
is still rapidly developing, and technical issues may impact
consumers’ experiences. Given the above, an increase in
driving mileage may affect the quality of online reviews, and
therefore, the following hypothesis is proposed:

H1: The Driving mileage negatively impacts the review
quality.

(2) Time interval

The period from purchasing a product or participating in a
service to writing a review, whether long or short, is
referred to as the time interval. The temporal construal
theory states that distant future situations are construed
higher (i.e., using more abstract and central features) than
near future situations. Accordingly, the theory suggests that
the value associated with the high-level construal is
enhanced over delay (Liberman and Trope 1998). The
time interval may affect potential consumers’ understand-
ing of the online review content, influencing their
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(©)

(4)

assessment of review quality. Observations indicate that the
Time interval between product experience and posting
reviews puts consumers at a higher level of construction,
which helps to reduce the negativity in online reviews,
making the reviews more specific and valuable (Huang et al.
2016). Combining the above analysis, a longer review time
interval can effectively improve the knowledge construction
level of review readers, so the following hypothesis is
proposed:

H2: The Time interval positively impacts the review
quality.

Number of car-buying purposes

Different consumers have different car-buying purposes. Some
models of consumers’ car-buying purposes are dispersed,
while others are concentrated. A survey-based study indicates
that rigid travel demands—specifically, commuting to and
from school as well as transporting children to and from
school—constitute the primary motivations for users to
purchase new energy vehicles. Specifically, over 70% of the
surveyed users cited commuting to and from school as a key
factor, while 33% identified transporting children to and from
school as a relevant consideration (Wang et al. 2023c).
Purposes such as “business trips,” “commuting,” “picking up
and dropping off children,” and “self-driving tours” objectively
reflect consumers’ positioning of car function requirements.
The purpose of buying a car affects the grade and type of
car chosen by potential consumers to some extent. If the
consumer’s goal of buying a car is single, the discussion
angle around the vehicle’s use in the review content may be
more concentrated. On the other hand, consumers
purchasing a car for multiple purposes may discuss and
compare various vehicle uses comprehensively in the review
content. The consumer’s description of the intention of
using the vehicle enriches the information in online
reviews. It enhances the richness of the information,
improving the overall quality of the review content. Given
the above analysis, this study proposes the following
hypothesis:

H3: The Number of car-buying purposes positively
impacts the review quality.

Certified users

Users of online car forums get certified by posting car
model information, owner data, and reviews. With the
completion of personal information and the increase in
page views, the level of certified users is expected to
continue improving. From a motivational perspective, one
of the reasons certified users strive to elevate their class is to
achieve self-improvement and establish an expert image by
posting reviews. According to IAM (Petty and Cacioppo
1984), although the peripheral route of information
transmission and reception is irrelevant to the content of
the information itself, it requires the information recipient
to use simple heuristic cues to analyze the peripheral
environmental factors of the information to achieve an
attitude change, ie., to assess the credibility of the
information at a lower cognitive cost. The reliability of
the reviewer is one of the key factors that review readers use
to assess the credibility of the information. Qiu & Zhang
(2024) found that the identity of the reviewers affects the
trust and purchase intention of potential consumers.
Therefore, whether the reviewer is a certified user can be
an essential external supporting condition that potential
consumers consider. Certified users may support external
conditions, which become an external factor for review
readers to consider. Given the theory mentioned above, this
study suggests that if the user who posts an online review is

certified, it may impact the overall quality of online reviews.

Therefore, the following hypothesis is proposed:

H4: The Certified users positively impact the review

quality.
(5) Reviewer’s expertise

Expertise was measured by whether a reviewer had a platform
ranking. This is a direct indication provided by the platform that
the reviewer has contributed a large number of helpful reviews as
voted by the community (Mudambi and Schuff 2010). Profes-
sional reviews can reduce the costs associated with information
search for potential consumers, lower the motivation to verify the
authenticity of information sources, and help accurately position
product quality. Additionally, potential consumers seek advice
from professional information sources when faced with complex
decision-making dilemmas. For instance, Wang & Chen (2023)
investigated the role of reviewer expertise in the perceived
usefulness of online reviews, demonstrating that reviewers’
professional background and experience significantly enhance
the perceived credibility and practical value of their reviews.
Through data analysis of online review websites, Zhang et al.
(2016) found, after analyzing review data on qunar.com, that
hotels with more expert reviews also receive higher scores.
Furthermore, Huang et al. (2016) explored the impact of
reviewers’ characteristics on the usefulness of hotel online
reviews. The results showed that the reviewer’s expertise and
experience have a positive impact on the usefulness of online
hotel reviews, and the influence of the reviewer’s expertise is even
more significant. Based on the above analysis, this study proposes
the following hypothesis:
H5: The Reviewer’s expertise positively impacts the review

quality.

Measurement of influencing factors. According to the hypothesis
of the influencing factor model, this study identifies “Driving
mileage,” “Time interval,” “Number of car-buying purposes,”
“Certified users,” and “Reviewer’s expertise” as five independent
variables. “Driving mileage” refers to the kilometers the vehicle
has travelled when consumers post reviews, which can be directly
extracted from the webpages. “Time interval” refers to the
number of days between when a consumer posts their review and
the vehicle’s purchase time, which can be directly extracted from
the webpages. Regarding the acquisition of the “Number of car-
buying purposes,” the websites encourage reviewers to describe
their purchase purpose in the form of short phrases, such as
“commuting to work,” “picking up and dropping off children,”
“long-distance driving,” etc. The “Number of car-buying pur-
poses” corresponding to each online review can be obtained by
counting the number of purchase purposes. “Certified users” can
be directly extracted from the reviewers” information pages.
“Reviewer’s expertise” is assigned as follows: If an online review
meets specific criteria, the review will be tagged with “Recom-
mended.” Meanwhile, according to the content of the reviews,
“Recommended” reviews are divided into three levels of word of
mouth (WOM): “Full-Level WOM,” “Essence WOM,” and
“Recommended WOM.” The grading criteria for ‘Recommended’
reviews are as follows: A ‘Full-Level WOM’ is awarded if the
review content is detailed, has original insights, includes vehicle
experience of more than 1,500 words, and is accompanied by
vehicle photos. An “Essence WOM” is awarded if the review
content is insightful, vividly written, persuasive, includes a vehicle
experience of more than 1,000 words, and is accompanied by
vehicle photos. A “Recommended WOM” is awarded if the
review content is objective and fair, of reference value, includes
vehicle experience of more than 500 words, and is accompanied
by vehicle photos. The “Reviewer’s expertise” is scored according
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Table 3 Influencing factor variables and measurements.

Variable category Variable names Variable symbols

Variable measurements

Dependent variable  Review quality Quality
Independent variable Driving mileage Mileage
Time interval Interval
Number of car-buying Purpose

purposes
Certified users Certification

Reviewer's expertise Expertise

Calculated through the quality evaluation system

Page capture

The difference between the review posting time and the car purchase time
Statistics based on the content of online reviews

Certified users are assigned a value of 1, and non-certified users are assigned a
value of O

Full-Level WOM is scored 3, “Essence WOM" is scored 2, “Recommended
WOM" is scored 1, and ordinary online reviews without a recommendation level
are scored O

Table 4 Correlation matrix and reliability measures.

Review quality Log(Driving Log(Time Number of car- Certified users Reviewer's
mileage) interval) buying purposes expertise

Review quality 1.000 —0.007" 0.010™ 0.246" 0.003™ 0.250™
Log(Driving mileage) —0.007"" 1.000 0.543" 0.040™ —0.006™ 0.022"
Log(Time interval) 0.010” 0.543" 1.000 0.033" —0.005™ 0.0217
Number of car-buying ~ 0.246"" 0.040™ 0.033™ 1.000 —0.001™" 0.261"
purposes

Certified users 0.003™ —0.006™ —0.005™" —0.001" 1.000 0.035
Reviewer's expertise 0.250" 0.022" 0.0217 0.2617 0.035 1.000

**Indicates significance at the 5% level.

to the recommended level of each online review: “Full-Level
WOM?” is scored 3, “Essence WOM?” is scored 2, “Recommended
WOM?” is scored 1, and ordinary online reviews without a
recommended level are scored 0.

Table 3 shows the descriptions and measurement methods of
the dependent and independent variables.

Model and data. This study categorizes variables such as “Driving
mileage,” “Time interval,” and “Number of car-buying purposes”
into an information content perspective of IAM. It categorizes
“Certified users” and “Reviewer’s expertise” into an information
source perspective of IAM. A regression equation is established,
as shown in formula (16):

Quality = B, + B, Mileage + f3,Interval + B, Purpose

+p,Certification + B Expertise + € (16)
Where 3, is the constant, §,~ f8; are the parameters to be esti-
mated, and ¢ is the error term.

Autohome.com.cn is the world’s largest automotive website in
terms of traffic, offering car price inquiries, test-drive evaluations,
model recommendations, online inquiries, and other features. It is the
fastest and most comprehensive Chinese automotive website. This
article selects the review data from the “New Energy Vehicle” section
on the website as the research object, collecting 6,446 reviews for
“below CNY100,000 (USD 13,930)” models, 10,643 reviews for
“CNY 100,000-200,000 (USD 13,930-27,860)” models, 11,354 reviews
for “CNY 200,000-300,000 (USD 27,860-41,790)” models, and 6,149
reviews for “over CNY 300,000(USD 41,790)” models. Furthermore,
after stop-word removal and word segmentation processing, the four
groups of corpora were generated, ready for subsequent analysis.

Results

Regression analysis. Given that the values of the two independent
variables, “Driving mileage” and “Time interval,” are significant, they
are subjected to a logarithmic transformation. The logarithmic

8

transformation of independent variables originates from the data
preprocessing principles in statistics and econometrics. Its core
objectives are to satisfy model assumptions, optimize estimation
effects, or enhance the interpretability of results. Logarithmic trans-
formation does not alter the economic significance or logical rela-
tionship between variables but only improves computational stability
by compressing the numerical range. It can eliminate the interference
of measurement units on correlation calculations, making the rela-
tionships between variables more objective (Box and Cox 1964). It
reduces the absolute value of the data without altering the nature and
relationships of the data, making the data calculation smoother.
However, it also weakens the issues of collinearity and hetero-
scedasticity in the model (Wooldridge 2019).

Initially, a correlation analysis of the variables is conducted,
and the correlation matrix and reliability measures are shown in
Table 4. There is a specific correlation between the variables,
suggesting that these variables can be used to explain the quality
of online reviews. The correlation coefficients between the
independent variables are around 0.5 or less, initially meaning
that there are no severe multicollinearity problems, and overall,
the sample is suitable for subsequent research.

It has been verified that the variance inflation factor (VIF)
values of all variables are less than 5, which further confirms the
absence of an obvious multicollinearity problem and ensures the
reliability of the subsequent regression analysis results. The
regression results with confidence intervals are presented in Table
5, where the values in the table represent the standardized
coefficients of the related explanatory variables after standardiza-
tion and their corresponding significance levels.

Table 6 presents the results of the validity test of the regression
model. As can be seen from the table, R? and adjusted R? in the
model are 0.630, with p < 0.01, indicating that the model fits well
in the case of a large sample size.

Table 7 presents the results of the Analysis of Variance
(ANOVA) conducted for the proposed model. The F-value,
which serves as a comprehensive metric for evaluating the
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Table 5 Regression results with confidence intervals.

Variable type

Variable names Standardized § and

significance level

Independent Log(Driving mileage)  —0.023***
variable Log(Time interval) 0.160**
Number of car-buying 0.084***
purposes
Certified users 0.003
Reviewer's expertise ~ 0.169***

** indicates significance at the 5% level, and *** indicates significance at the 1% level.

Table 6 Results of the model validity test.

R R? Adjusted R? Significance level
Model 0.652 0.630 0.630 0.000
Table 7 ANOVA analysis results.
Degree of Mean F Significance
freedom  square level
Model Regression 5 0.493 468.357 0.000
model
Residuals 33183 0.001
Total 33183

model’s overall validity, is statistically significant. This indicates
that the independent variables, taken together, exert a substantial
impact on the dependent variable.

Findings and discussions. Based on the results of the regression
analysis, this study conducts discussions from the perspectives of
information content and information source, respectively.

Perspective of information content.

1

“Time interval” significantly influences the review quality
(8 =0.160;p<0.05), supporting Hypothesis 2 (H2).
“Number of car-buying purposes” significantly influences
the review quality (5 = 0.084; p < 0.01), supporting Hypoth-
esis 3 (H3). According to temporal construal theory,
consumers who post reviews immediately after experien-
cing the products tend to focus more on specific details
(low-level construal). In contrast, those who delay posting
reviews are more inclined to provide overall evaluations
(high-level construal). Values associated with high-level
construal increase with time delay, as readers perceive
delayed reviews as more objective (Chen and Lurie 2013).
The results indicate that the longer the interval between a
consumer’s feedbacks about a car product, the more
pronounced the perceived effect of review quality for the
reader. This finding is consistent with the perspective of
temporal construal theory (Jirgen et al. 2023). Multi-
functional reviews are more likely to be recognized because
they cover a wider range of usage scenarios (such as
charging convenience and space requirements), thereby
meeting the needs of different consumers. Compared with
the content features of online reviews, a larger “Number of
car-buying purposes” may lead potential consumers to
associate the car with more functions and uses, indirectly
helping review readers better understand the review content
and effectively promoting the quality of the content.

)

“Driving mileage” significantly influences the review quality
(B = —0.023; p<0.01), supporting Hypothesis 1 (H1). The
negative regression coefficient suggests a negative correla-
tion between the vehicle’s mileage and the quality of online
reviews. In the IAM, driving mileage is a content element of
information. Combined with driving mileage, readers may
change their attitudes or behavior patterns after reading the
content of online reviews. By analyzing the review content,
it is found that consumers with more kilometers tend to be
more concerned about the limited range and the lack of
charging stations. Battery lifespan and charging speed are
the technical attributes that consumers are most concerned
about (Pawel et al. 2023). These concerns may affect usage
satisfaction and trigger negative emotions, and the negative
reviews generated in such contexts may reduce the review
quality. Therefore, higher driving mileage implies a
potentially lower review quality, which makes it less likely
to meet the psychological expectations of potential
consumers about the product. Increases in both the time
interval and the number of purposes exert a positive effect
on review quality. In contrast to this positive impact,
however, a higher driving mileage has an effect on review
quality in the opposite direction.

Perspective of information source.

(1)

)

“Certified users” do not significantly influence the review
quality (8 = 0.003; p >0.1). Thus, Hypothesis 4 (H4) is not
supported, indicating that whether a website user is certified
does not correlate significantly with the review quality. The
identity of an authenticated user has no substantial impact
on review quality. Even with a large sample size, this
variable still lacks a practical contribution to the model. As
previously mentioned, many studies focusing on usefulness
emphasize subjective feelings, such as consumers’ emo-
tional identification, while this paper focuses on the
objective evaluation of review content. Although some
studies have shown that the certification status of reviewers
may affect consumers’ purchase intention (Zhang and
Wang 2021), the identity of reviewers may not have such a
direct impact on objective review quality. Online review
websites encourage users to post more reviews. Still, some
websites lack robust regulatory mechanisms and fail to
differentiate restrictions between certified and non-certified
users posting reviews. Additionally, the presence of
anonymous and spam posts makes it challenging for
consumers to assess the reliability and credibility of online
reviews based on user cues. Moreover, it cannot be ruled
out that certified users might post some low-quality
advertisements or even false posts for commercial benefits,
leading to a generally low review quality.

“Reviewer’s expertise” significantly influences the review
quality (8 =0.169;p<0.01), supporting Hypothesis 5
(H5). For every one standard deviation increase in the
reviewer’s expertise (such as upgrading from “ordinary
review” to “recommended WOM?”), review quality improves
by 0.169 standard deviations. Professional labels (e.g.,
platform-certified “technical evaluation”) enhance content
persuasiveness through credibility endorsement. Especially
in high-tech threshold fields like NEV, consumers rely more
on expert opinions to reduce decision-making risks. With-
out relying on others for product information, reviewers
need to invest some effort to write “recommended” level
reviews. Whether praising the product or posting a negative
review, professional reviews tend to be more objective,
specific, and more readily accepted. Consumers are more
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inclined to seek and follow advice from professional
information sources when faced with decision-making
dilemmas than ordinary online reviews.

In addition to the discussions from the two perspectives
outlined above, this study also identifies that, in the evaluation
system for online review quality, “Number of review pictures”
carries significant weight. This high weight not only reflects the
critical role that review pictures play in enhancing review quality,
but also indicates the indicator’s high variability and strong
discriminative ability across reviews, which is the statistical basis
of entropy weighting. As a core visual medium, pictures contribute
to review quality through multidimensional mechanisms of
information transmission and cognitive influence. From the
perspective of information supplementation, pictures overcome
the limitations of textual expression by directly presenting product
details, usage effects, and contextual features, thereby effectively
reducing information asymmetry in consumer decision-making.
In terms of credibility construction, pictures serve as “visual
evidence,” enhancing the authenticity and objectivity of reviews
and strengthening consumers’ trust in the content. From a
cognitive processing standpoint, the consistency between pictures
and texts reduces consumers’ cognitive load. As found in Ceylan
et al.s (2023) research, photos increase the helpfulness of a review.
More importantly, though, greater similarity between photos and
texts heightens review helpfulness more.

All hypothesis verification results are shown in Table 8.

Conclusion

Data analysis and mining of user-generated content in online
environments is a hot issue shared by the industry and academia.
Product information, service information, user experience, usage
habits, and other relevant information in online reviews are of
great value to potential consumers and product manufacturers.
The findings highlighted theoretical contributions to the literature
and have practical implications for managers and customers.

Theoretical contribution. First, this study pioneered the con-
struction of a quality evaluation system for online reviews of new
energy vehicles. The research on online reviews has thus been
expanded from the original qualitative research of “good or bad”
to the quantitative analysis of “how good or how bad.” Unlike
traditional questionnaires and field interviews used in previous
studies, this paper uses online reviews as the primary data source.
Based on the content of numerous reviews, this paper utilizes a
model to determine the factors that influence the quality of online
reviews. It helps validate the possibility of extracting review
quality influences from massive online reviews and turning them
into valuable business intelligence.

Second, our research provides an exciting contrast to the
findings that “Certified users” will have a higher quality
evaluation than uncertified users (Wang et al. 2023¢; Petty and
Cacioppo 1984). In contrast, this paper found that whether a
website user is certified does not correlate significantly with the

Table 8 Hypothesis verification results.

Hypothesis Results
H1: Driving mileage negatively impacts the review quality. Support
H2: Time interval positively impacts the review quality. Support
H3: The Number of car-buying purposes positively Support

impacts the review quality.

H4: Certified users positively impact the review quality.
H5: Reviewer's expertise positively impacts the review
quality.

Not support
Support

10

quality of online reviews. Some websites lack robust regulatory
mechanisms and fail to differentiate restrictions between certified
and non-certified users posting reviews. By adding the “Certified
users” component as a precursor, the paper extends the previous
literature, which has only elaborated on the impact of certified
users on quality evaluation (Zhang and Wang, 2021).

Third, taking the quality of online reviews as the core concept,
this paper expands the application scope of theoretical models
such as the JAM and the ELM in the new scenario of automotive
reviews, and provides a simple criterion for different consumer
groups to perceive the value of online reviews. The methodology
proposed in this study is a valuable attempt to conduct product
research based on online reviews, and it also lays a solid
foundation for other types of research based on online reviews
(e.g., consumer preference analysis, product performance analy-
sis, and product market analysis).

Managerial implications. First, as vehicle mileage increases, the
quality of online reviews tends to decrease. Potential consumers who
read online reviews tend to focus on evaluation information corre-
sponding to fewer driving miles. They hope consumers who have
already purchased cars can quickly provide valuable reference opi-
nions. If the car product has been in use for a long time, it may
indicate that less information is available for reference. Online review
sites can improve the rules for posting reviews accordingly, such as
setting up information filtering mechanisms and prioritizing the
display of evaluation information with fewer miles driven.

Second, the period of online reviews positively impacts readers’
information quality perception. The longer the interval between
online reviews, the higher the quality the readers perceive.
Although the analysis results show that the quality of online
reviews improves as the consumer’s review time lengthens,
automobiles are consumer goods with a relatively fast replace-
ment cycle. New energy vehicles are developing and updating
faster than traditional fuel vehicles. Therefore, the content of
online reviews needs to keep pace with product updates to
resonate more easily with readers; otherwise, reviewers may lose
valuable references due to memory loss.

Third, the Number of car-buying purposes objectively reflects
consumers’ positioning of car function requirements. Online
forums can categorize online review content by car-buying
purposes, guiding potential consumers with similar car usage
requirements to browse corresponding grouped online reviews.
Car manufacturers can also conduct targeted marketing activities
based on consumers’ positioning of car function requirements.

Fourth, most automobile review sites display reviews in
chronological order, from the most recent to the oldest. While
such a display mechanism ensures that the latest content is
presented first, new reviews do not necessarily mean good
reviews. Due to the high time cost of retrieval, most viewers only
skim through some of the review content before making a
decision. Therefore, through the quality evaluation mechanism,
high-quality reviews are extracted from many reviews and
prioritized to be pushed to viewers, which helps improve the
efficiency of information utilization on the website. High-quality
review content is the core resource of online review sites. Online
review sites can combine reading habits and topic-mining results
to filter out high-quality review content and prioritize and
recommend it to review readers who need it.

Fifth, automobile companies must promptly address consu-
mers’ feedback on the use and experience of various automobile
products, and identify the statistical patterns of online reviews
and the semantic features of topics. Automotive companies need
to establish a feedback mechanism with review websites to
comprehensively analyze the quality of online reviews and their
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influencing factors from different dimensions. According to the
review scores of different regions and models, they should flexibly
adjust their production plans and marketing strategies. Auto-
motive companies also need to take online reviews as a guide to
improve product performance and service quality promptly, and
ultimately realize increased sales volume and market share.

Limitations and future research. NEVs have a relatively short
development history. Some models have been on the market for
merely a year or even just half a year, which means the review
data available for this study is limited. Such limited review data
may compromise the overall quality of the regression model, and
whether the model can be applied to other products still requires
further verification. Additionally, the review data are mainly
collected from mainstream domestic automotive vertical media
platforms in China, which may diminish the promotional value of
the research findings in countries and regions outside China.
Future research could focus on studies of influencing factors
models in other industries and compare review quality evaluation
models to discover similarities and differences. Future research
could also segment consumer groups and focus on analyzing
review quality evaluation models for specific consumer groups.

Data availability
Supplementary information. The online version contains sup-
plementary material available at https://doi.org/10.6084/m9.
figshare.29166875.
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