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Abstract: Nowadays, online public opinions (OPOs) significantly impact corporate brand value
(CBV). To prevent corporate brand crises caused mainly by OPOs, it is essential to detect anomalies in
OPOs related to corporate reputation in a timely manner. This study explores how dramatic changes
in OPOs affect market capital value (MCV), the primary indicator of CBV, and aims to construct a
CBV early warning evaluation model. First, a set of OPO indicators dedicated to CBV are selected
based on correlation analysis between various popular OPO and CBV indicators collected through a
literature review. The method of Criteria Importance Through Intercriteria Correlation (CRITIC) is
then employed to determine the indicator weights using data collected from popular social media
platforms. Finally, the vector auto-regression (VAR) model is applied to validate the effectiveness
of the proposed evaluation model. A case study involving several Chinese enterprises shows that
abnormal changes in their MCVs consistently follow abnormal fluctuations observed in their OPOs,
with a significant delay. This finding enables managers to promptly detect potential crises from the
internet and take actions to avoid unexpected shocks.

Keywords: online public opinion; corporate brand value; early warning evaluation model; CRITIC;
VAR

1. Introduction

Traditionally, analyses of corporate brand value (CBV) are based on data obtained
from consumer questionnaires [1]. However, the results derived from such methods are
often neither comprehensive nor objective and tend to be delayed. This limitation hampers
the ability of corporations to promptly anticipate and respond to fluctuations in CBV.

Nowadays, social media plays an increasingly important role in daily life. With more
people expressing their opinions on internet platforms, this becomes crucial for corporate
brand management [2]. Some researchers have observed that negative consumer comments
on social platforms can harm CBV [3], and audience engagement and comment reading
significantly impact the CBV of online news media [4]. The results of some studies show that
online public opinions (OPOs) shape consumer decision-making and influence fluctuations
in CBV [5]. Thus, gaining a thorough understanding of the impact mechanisms of OPOs on
CBV, and subsequently developing an early warning evaluation model (EWEM) for CBV
fluctuations, is crucial for enhancing the ability of contemporary corporate managers to
detect sudden events that could significantly alter CBV in a timely manner.

To analyze the impact of OPOs on CBV and construct a dynamic EWEM for CBV, this
study focuses on the following issues:

1. Analyzing the impact of OPOs on fluctuations in CBV to determine the feasibility of
constructing a dynamic EWEM.

2. Constructing a dynamic EWEM for CBV by developing a CBV monitoring index
system based on OPOs.
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3. Validating the effectiveness of the proposed evaluation model using the vector auto-
regressive (VAR) model.

The rest of this study is organized as follows: Section 2 presents a state-of-the-art
review of related work. Section 3 describes the methodology for constructing the CBV
EWEM. Section 4 conducts an empirical analysis to validate the effectiveness of the pro-
posed approach. Section 5 presents the discussions, and Section 6 provides the conclusions
of the study.

2. Literature Review
2.1. Corporate Brand Value Evaluation Indicators

CBV encompasses both monetary value and non-monetary value. The monetary value
is derived from fundamental goods and services during the brand formation, while the
non-monetary value includes spiritual and emotional aspects, forming the comprehensive
image of the brand in the minds of consumers [6].

To the best of our knowledge, no standard approach has been developed for evaluating
a company’s CBV. Some researchers evaluate a company’s CBV based on internal corporate
factors, such as its market and financial assets [7–9]. Others highlight the importance of
consumer attitudes, leading to a preference for valuing CBV through external corporate
factors. For example, Cuesta et al. [10] evaluate CBV using green performance indicators
such as green brand loyalty, green perceived quality, green brand associations, green brand
awareness, and green brand sentiment. Wang and Wu [11] constructed a rural tourism
CBV management model with data derived from both corporate websites and customer
surveys. Sankaran and Chakraborty [12] observed that consumer satisfaction and trust can
positively impact CBV regarding mobile payments.

It has been observed in many existing studies that the reputation of a corporation’s
brand can convey a corporation’s operational status in the product market to the capital
market, and this is reflected in the stock market [13,14]. For example, Farhang et al. [15]
found a positive correlation between CBV and stock returns during short-term crises
at different periods of the market. Laghi et al. [16] argued that the monetary value
of a corporate brand constitutes a portion of the total stock value of the corresponding
enterprise. Bhaskaran et al. [17] concluded that the fundamental determinants of stock
prices are investors’ perceptions of the current and future earning potential of tangible and
intangible assets, and CBV, being a typical example of intangible assets, can be reflected in
a company’s market value through stock price changes. Consequently, this study used the
stock price of a company to represent its CBV when constructing the EWEM for CBV.

Since the market capital value (MCV) of a corporation changes in real time based
on the company’s status, it is crucial to use the MCV as the most important indicator for
monitoring the status of a company’s CBV.

2.2. Online Public Opinion Analysis Indicators

OPO, as user-generated content, is complex and dynamic. According to the literature,
OPO-based early warning indicators generally involve the following aspects: the subjects
and objects of OPO, the content and characteristics of OPO, the media and forms of OPO
expression, the process of OPO dissemination, and the societal response [18].

For example, Peng et al. [19] considered the development characteristics and dissemi-
nation features of OPO to construct an early warning indicator system based on attention,
engagement, diffusion, and status. Meng et al. [20] constructed an OPO crisis evalua-
tion model based on information personnel, information environment, and information.
Wang et al. [18] evaluated urgent OPO events from the perspectives of OPO heat, quantity,
intensity, attention degree, and change rate. Chen et al. [21] assessed OPOs on public
events with data regarding netizen roles, online media roles, public event dissemination,
and netizen attitudes and perceptions. Shen et al. [22] established a corporate OPO risk
assessment model by considering OPO voice, OPO heat, and netizen emotions.
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It is worth mentioning that most of the existing research on CBV predominantly
relies on financial data publicly disclosed by corporations and consumer behavior or
psychological data obtained through surveys. Such CBV measurements are characterized
by subjectivity and static nature, involve high labor costs, and suffer from lag, making it
difficult to monitor fluctuations in CBV in real-time.

Analyses with OPO data can help corporations reveal their brand’s real-time status.
Therefore, refining a set of OPO analysis indicators that are significantly correlated with
MCV, i.e., brand stock prices, can serve as a basis for constructing a CBV EWEM. This
model can then be made available for real-time monitoring of CBV fluctuations.

3. Method
3.1. Research Framework

As shown in Figure 1, this study is conducted as follows:
First, a set of OPO indicators relevant to CBV is determined by collecting both OPO

indicators and relevant browsing behavior (BB) indicators from existing studies based on a
thorough literature review.

Next, a correlation analysis is conducted between OPO indicators and MCV to identify
those significantly correlated with the company’s MCV.

Then, the weight of each selected OPO indicator is determined using the Intercriteria
Correlation (CRITIC) method, and the CBV EWEM is constructed.

Finally, the vector auto-regression (VAR) model is applied to validate the effectiveness
of the proposed CBV EWEM.

Figure 1. General procedure of this study.

3.2. Define OPO Indicators

The steps for defining the set of OPO indicators significantly correlated with the
company’s MCV are as follows:

Step 1: Collect all OPO indicators by reviewing papers relevant to CBV and published
since the year 2021 in the Web of Science.

Step 2: Rank the OPO indicators obtained in Step 1 in descending order based on their
frequency of occurrence in the references.

Step 3: Select the OPO indicators observed in more than 50% of the references and
accept these for constructing the CBV EWEM, as shown in Table 1.
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Table 1. OPO indicators relevant to CBV.

OPO Indicators Occurrence Frequency Literatures on CBV Literatures on OPO

posts 0.6875 [23–25] [18–22,26–30]
comments 0.6875 [3,31] [18–22,26,27,29,30,32]
retweets 0.625 [23,25] [18–22,26,29,30,32]

positive posts 0.625 [25] [18,20–22,28–30,33,34]
negative posts 0.625 [23] [18,20–22,28–30,33,34]

sentiment 0.5625 [23–25] [21,22,29,30,34–37]
likes 0.5625 [23,25] [18–21,26,29,30,32]

search 0.5 [4] [18–20,22,28,36,37]

Step 4: Define BB indicators for each OPO indicator obtained in step 3 to evaluate
relevant OPO sentiments, as shown in Table 2.

Table 2. BB indicators for evaluating relevant OPO sentiments.

OPO Indicators BB Indicators

posts
number of positive blog posts
number of negative blog posts

positive increment in blog posts

comments

number of positive blog comments
number of negative blog comments

positive increment in blog comments
comments on official blog posts

retweets

number of positive blog retweets
number of negative blog retweets

positive increment in blog retweets
number of retweets on official blog posts

sentiment sentiment tendency
trust tendency

likes

number of positive blog likes
number of negative blog likes

positive increment in blog likes
number of likes on official blog posts

search total search volume of brand keywords

Step 5: Value the indicators defined in Step 4.
Among the BB indicators presented in Table 2, all can be evaluated using simple statis-

tical methods on the collected data, except for the sentiment and trust tendency indicators.
The value of the sentiment tendency indicator is determined as follows:
First, construct the sentiment dictionary, degree adverb dictionary, and negation dictio-

nary using information from the Hownet Sentiment Dictionary, National Taiwan University
Semantic Dictionary (NTUSD) and HIT IR-Lab Tongyici Cilin (Extended), following the
method proposed by Ren and Wu [38]. After collecting the set of posts relevant to the
targeted corporate brand (Ω) from the most popular forums and websites during a prede-
fined observation period, the sentiment value of the comments in the post k (k ∈ Ω) can be
calculated using Equation (1).

ek = ∑
s∈Ωk

(−1)m × SIk × SVs (1)

where ek represents the sentiment value of post k, Ωk denotes the set of words observed in
post k, m represents the number of negation words, and SIk indicates the emotional intensity
of post k. In this study, all words are categorized into five groups based on their sentimental
value, as evaluated using the Hownet Sentiment Dictionary, and the sentimental intensities
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for those groups are set as 2.0, 1.5, 1.25, 0.5, and 0.25, respectively.Each post is assigned
a sentimental intensity degree according to its category. SVs represents the standardized
sentiment value of word s (s ∈ Ω). The value of SVs is set to 1 if the sentimental value of
word s is positive, and −1 if it is negative. The sentiment value of post k (k ∈ Ω) is further
standardized using Equation (2).

sgn(ek) =


1, if ek > 0
0, if ek = 0
−1, if ek < 0

(2)

Next, the sentiment tendency relevant to the targeted corporate brand at time t is
evaluated using a method developed from the approaches proposed by Shapiro et al. [39]
and Xu et al. [40], as shown in Equations (3)–(5).

Et = ln
1 + Epos

t

1 + Eneg
t

(3)

Epos
t = ∑

sgn(ek)>0
sgn(ek) (4)

Eneg
t = ∑

sgn(ek)<0
− sgn(ek) (5)

where Et represents the sentiment tendency at time t, Epos
t denotes the total number of

positive blog posts (i.e., the posts with positive sentiment value) collected up to time t,
and Eneg

t represents the total number of negative blog posts (i.e., the posts with negative
sentiment value) collected up to time t. If Et is positive, it indicates that the reputation of
the targeted corporate brand is strong; otherwise, it suggests that the brand’s reputation is
encountering some issues.

Then, the positive incremental series indicator is defined as the difference between the
positive and negative indicators.

The value of the trust tendency indicator is evaluated using the method proposed
by Kafeza et al. [24]; considering the different language environments, this paper uses
the sentiment dictionary in the Chinese language to replace the English dictionary in the
original method, and details are as follows:

First, the DLUT-emotion ontology [41], which includes definitions for “trust” and
“doubt”, is employed as the emotion dictionary to assess the trust tendency of each post
related to the targeted corporate brand. Next, the number of posts containing “trust” and
“doubt” is counted. Finally, the trust tendency of the targeted corporate brand is determined
as the difference between the number of posts with a “trust” tendency and those with a
“doubt” tendency.

3.3. Determine Weights of Selected OPO Indicators

Given the advantages of the CRITIC approach as illustrated in [19], this method is
applied in this study to determine the weights of OPO indicators defined in Section 3.2. As
outlined in Figure 2, the steps for determining these weights are as follows:

Figure 2. CRITIC method analysis procedure.
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Step 1: Construct the original indicator data matrix.
Without loss of generality, assume there are n posts and p evaluation indicators. The

original indicator data matrix can be constructed as shown in Equation (6).

A =

 a11 . . . a1p
...

. . .
...

an1 · · · anp

 (6)

where aij represents the value of the jth evaluation indicator for the ith post.
To ensure comparability across different measurement units, the indicators must be

scaled to a range between 0 and 1. For indicators where a higher value is better, the positive
normalization process shown in Equation (7) is applied. Conversely, for indicators where a
lower value is better, the negative normalization process shown in Equation (8) is used.

a′ij =
aj − amin

amax − amin
(7)

a′ij =
amax − aj

amax − amin
(8)

Step 2: Evaluate the indicator variability.
Calculate both the mean and standard deviation of each indicator, as shown in

Equation (9). Since a higher standard deviation indicates greater variability in an indi-
cator, it can be concluded that the more important an indicator is, the higher weight it
should be assigned. 

aj =
1
n ∑n

i=1 a′ij

σj =

√
∑n

i=1

(
a′ij−aj

)2

n−1

(9)

Step 3: Detect the conflict between different indicators.
If an indicator has a strong correlation with other indicators, it suggests low conflict

and may reflect similar information. This correlation reduces the independent evaluation
value of the indicator, so its weight should be decreased accordingly.

While the Pearson correlation coefficient is commonly used in existing studies, this study
employs the distance correlation coefficient (DCC) for conflict detection, as also applied in
Krishnan et al. [42], because the DCC overcomes the limitation of the Pearson correlation
coefficient in detecting linear relationships and addressing nonlinear correlations.

The DCC measures the independency between a pair of variables by evaluating the av-
erage distance between points in multidimensional space, and the calculation of the distance
correlation coefficients between two indicators, ci and ci′ , is shown in Equations (10)–(13).

dcorr(ci, ci′) =
d cov(ci, ci′)√

d cov(ci, ci′)d cov(ci, ci′)
(10)

where d cov2(ci, ci′) = Ŝ1 + Ŝ2 − 2Ŝ3 and Ŝ1, Ŝ2, Ŝ3 are defined using Formulas (11)–(13),
respectively.

Ŝ1 =
1
n2

n

∑
u=1

n

∑
v=1

∥ciu − civ∥dci
∥ci′u − ci′v∥dci′

(11)

Ŝ2 =
1
n2

n

∑
u=1

n

∑
v=1

∥ciu − civ∥dci

1
n2

n

∑
u=1

n

∑
v=1

∥ci′u − ci′v∥dci′
(12)

Ŝ3 =
1
n3

n

∑
u=1

n

∑
v=1

n

∑
l=1

∥ciu − cil∥dci
∥ci′u − ci′ l∥dci′

(13)
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Similarly, d cov(ci, ci) and d cov(ci′ , ci′) can also be calculated, and the conflict value
can be determined using Equation (14).

f j =
p

∑
i=1

(1 − dcorr(ci, ci′)) (14)

Step 4: Evaluate the overall importance of OPO indicators
Evaluate the overall importance of OPO indicators by considering both variability and

conflict performances, using Formula (15). The larger the Ij is, the more important the jth
evaluation indicator becomes.

Ij = σj × f j (15)

Step 5: Assign a weight to each OPO indicator.
Determine the weight of each OPO indicator using Equation (16).

ωj =
Ij

∑
p
j=1 Ij

(16)

4. Case Studies

To validate the proposed approach, a detailed case study and a comparison with key
performance indicators across different cases are shown in this section.

4.1. Detailed Case Study: Yuyue Medical

Yuyue Medical (SZ: 002223), a leading household medical device company in China,
faced public controversy over price increases of its oximeters during the COVID-19 outbreak
from late 2022 to early 2023. This controversy resulted in a sharp decline in its stock price,
starting on 27 January 2023. In this case study, we aim to verify whether the proposed
approach can provide significant early warning signals to Yuyue Medical’s management,
enabling them to take timely action to mitigate this crisis.

Posts were collected from Weibo, one of the largest social media platforms in China,
during a three-month observation period spanning from 1 December 2022 to 28 February
2023, with a daily time unit. A Python-based web crawler was used for data collection,
which included the following:

(1) Posts relevant to “Yueyue Medical” were collected from Weibo, including the cor-
responding number of likes, comments, and retweets. A total of 3998 posts were
retrieved, and after removing duplicate content and irrelevant data, 3540 posts were
deemed usable for feeding into the CBV EWEM model.

(2) Posts from the official Weibo account of “Yuyue Medical”, along with their corre-
sponding number of likes, comments, and retweets, were collected. A total 23 official
posts were gathered during the observation period.

(3) The daily brand Baidu index was collected from the Baidu platform.
(4) Yuyue Medical’s stock price was collected from Eastmoney, a financial and securities

portal in China.

4.2. Construction of the OPO Indicators System
4.2.1. Definition of OPO Indicators

Based on the correlation analyses between the initial set of OPO BB indicators, as
mentioned in Section 3, and the stock price of Yuyue Medical, the significantly correlated
OPO indicators were selected.

As shown in Table 3, the number of positive blog posts, likes, retweets, and comments
is significantly and positively correlated with the stock price. This suggests that user actions
such as posting positive views, liking, commenting, and sharing favorable content reflect
potential customers’ goodwill and spontaneous promotion of the brand.
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Table 3. Results of correlation analysis.

Independent Variable Correlation Coefficient (Significance)

number of positive blog posts 0.304 (0.001 ***)
number of positive blog likes 0.264 (0.005 ***)

number of positive blog retweets 0.198 (0.043 **)
number of positive blog comments 0.322 (0.001 ***)

number of negative blog posts 0.077 (0.433)
number of negative blog likes 0.035 (0.726)

number of negative blog retweets 0.056 (0.585)
number of negative blog comments 0.068 (0.497)

positive increment in blog posts 0.209 (0.027 **)
positive increment in blog likes 0.192 (0.037 **)

positive increment in blog retweets 0.164 (0.088 *)
positive increment in blog comments 0.262 (0.005 ***)

sentiment tendency 0.213 (0.023 **)
trust tendency 0.271 (0.004 ***)

number of likes on official blog posts 0.229 (0.025 **)
number of retweets on official blog posts 0.061 (0.561)

number of comments on official blog posts 0.217 (0.034 **)
total search volume of brand keywords 0.246 (0.006 ***)

Note: ***, **, * represent 1%, 5% and 10% level of significance, respectively.

No significant correlation is observed between the stock price and the number of
negative blog posts, likes, retweets, and comments. This may indicate that investors are
cautious about the short-term authenticity of negative OPOs, allowing management time
to act before the investors make the final decision.

Positive increments in blog posts, likes, retweets, and comments are positively corre-
lated with stock price. The net effect of user behavior outweighs the impact of negative
opinions, reflecting users’ overall perception of the brand’s value.

Trust tendency and sentiment tendency are positively correlated with stock price
fluctuations. This suggests that user attitudes, such as expressing trust in the brand and
demonstrating positive sentiment tendencies, will enhance the public’s perception and
reputation of the corporate brand.

The number of likes and comments on official Weibo posts are positively correlated
with stock price, while the number of retweets is not. More likes and comments on official
posts suggest that the brand’s content resonates well with its target audience, increasing
user engagement and helping to spread brand information. The lack of correlation for
retweets may be due to the different user behavior thresholds on social media. Liking is
a simpler action within the original post’s “territory”, while retweeting involves sharing
content with one’s own network, requiring a higher level of agreement with the content
and the brand. As a result, retweets are less frequent and have a smaller impact on CBV.

The total search volume for brand keywords is significantly positively correlated
with stock price. This suggests that a higher search index indicates more users seeking
information about the brand on social platforms, boosting brand visibility. Brands with
greater visibility are more likely to be remembered and recognized by consumers, which
positively impacts CBV.

4.2.2. Determination of Indicator Weights

After removing irrelevant items from Table 3, the indicator weights were determined
using the CRITIC approach presented in Section 3. The results are shown in Table 4.
Subsequently, a time-series value for the CBV-OPO monitoring index was calculated. A
higher index indicates more favorable overall OPO for the targeted brand, while a lower
index suggests less favorable OPO.
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Table 4. Results of weights.

Indicators Variability Conflict Amount of
Information Weights

number of positive blog posts 0.182 0.417 0.076 0.074
number of positive blog likes 0.132 0.454 0.060 0.059

number of positive blog retweets 0.162 0.424 0.069 0.067
number of positive blog comments 0.144 0.416 0.060 0.059

positive increment in blog posts 0.131 0.435 0.057 0.056
positive increment in blog likes 0.120 0.382 0.046 0.045

positive increment in blog retweets 0.117 0.376 0.043 0.043
positive increment in blog comments 0.142 0.407 0.058 0.057

sentiment tendency 0.206 0.595 0.123 0.120
trust tendency 0.150 0.577 0.086 0.085

number of likes on official blog posts 0.191 0.737 0.141 0.138
number of comments on official blog posts 0.169 0.685 0.116 0.114

total search volume of brand keywords 0.193 0.441 0.085 0.083

4.3. Validation of the Constructed CBV EWEM
4.3.1. VAR Model for Early Warning Capability Evaluation

This study employs a vector auto-regression (VAR) model, as applied in [43], to
further analyze the dynamic relationship between OPO and CBV, thereby validating the
early warning capability of the proposed CBV EWEM. The basic form of the VAR model is
shown in Equation (17).

yt = Φ1yt−1 + . . . + ΦNyt−N + Bxt + εt (17)

where yt represents the column vector of endogenous variables at time t, xt represents the
column vector of exogenous variables at time t, Φ and B are the coefficient matrices, and εt
is the random error term.

The selection of the lag order (i.e., the relationship between the current observations
and those from several previous time periods) is crucial for the establishment and analysis
of a VAR model. Given the uncertainty of the environment, the lag order should be carefully
determined based on the specific data and targets. In this study, the lag order is determined
with the rules applied in [44], and four information criteria, shown in Table 5, were utilized.
The smaller the value of the information criterion, the better the model balances goodness
of fit and complexity.

Table 5. Information criteria for determining lag order in VAR model.

Information Criteria Formula

AIC AIC = −2 log(L) + 2k
BIC BIC = −2 log(L) + k log(N)
HQ HQ = −2 log(L) + 2k log(log(N))

FPE FPE =
(

N+k
N−k

)
×

(
∑N

t=1 e2
t

N

)
Note: log(L) is the maximum likelihood estimate of the model. k is the number of parameters in the model. N is
the sample size. ∑N

t=1 e2
t represents the sum of squares of residuals.

In this study, the VAR model is constructed by taking the above calculated CBV-OPO
monitoring index (hereinafter represented by BVPOI) and CBV (represented by corporate
stock price STOCK) as variables, and impulse response analysis is used to study the
dynamic relationship between OPO and CBV.

To avoid spurious regression and ensure the reliability of the regression results, an
ADF unit root test was applied to conduct stationarity tests on the BVPOI and STOCK
time-series data.
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According to the results shown in Table 6, the original sequences of STOCK and BVPOI
are unstable. However, the time series of the difference of first order for these variables
are stable. Therefore, both variables are integrated from order one and can proceed to the
model construction stage.

Table 6. Unit root test for a variable.

Variable ADF Statistic 1% Level 5% Level 10% Level Conclusion

STOCK −2.074 −3.551 −2.914 −2.595 unstable
D(STOCK) −3.024 *** −3.568 −2.921 −2.599 stable

BVPOI −2.383 −3.555 −2.916 −2.596 unstable
D(BVPOI) −4.268 *** −3.585 −2.928 −2.602 stable

Note: *** represent the 1% level of significance, respectively. D represents the first-order difference of the sequence.

4.3.2. Selection and Estimation of Lag Order in VAR Model

As shown in Table 7, among the five evaluation criteria—AIC, SC, HQ, and FPE—three
criteria indicate that a VAR(2) model should be established. Therefore, it is reasonable to de-
termine a lag order of 2 for the VAR model, leading to the establishment of a VAR(2) model.

Table 7. Determination of lag order in VAR model.

Lag Order AIC SC HQ FPE

0 −4.32 −4.249 −4.292 0.013
1 −5.867 −5.651 * −5.783 0.003
2 −5.986 * −5.625 −5.846 * 0.003 *
3 −5.94 −5.429 −5.743 0.003
4 −5.798 −5.135 −5.542 0.003
5 −5.648 −4.83 −5.333 0.004

Note: * indicates lag order selected by the criterion.

After determining the lag order, the VAR model is estimated. The specific expressions
of the model are presented in Equations (18) and (19).

STOCK =0.82 × STOCK(−1)− 0.0 × STOCK(−2)+

0.198 × BVPOI(−1) + 1.498 × BVPOI(−2) + 5.175
(18)

BVPOI =0.007 × STOCK(−1) + 0.002 × STOCK(−2)+

0.085 × BVPOI(−1) + 0.206 × BVPOI(−2)− 0.089
(19)

4.3.3. Johansen Cointegration Test

As shown in Table 8, the trace values exceed the 5% critical values, indicating the
presence of cointegration among the variables. This suggests a long-term equilibrium
relationship, justifying the estimation of the VAR model. Consequently, the established
VAR model holds economic significance.

Table 8. Results of the Johansen test.

Null Hypothesis Eigenvalue Trace 10% Level 5% Level 1% Level

None 0.18 16.105 13.429 15.494 19.935
At most 1 0.09 5.195 2.705 3.841 6.635

4.3.4. Stability Test of the VAR Model

As illustrated in Figure 3, all roots of the VAR model lie within the unit circle, indicating
that the VAR model represents a stable system. This satisfies the stability requirements for
the impulse response function.
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Figure 3. Stability test chart.

4.3.5. Impulse Response Analysis

To validate the effectiveness of utilizing OPO analysis for monitoring fluctuations in
CBV, impulse response analysis is employed to explain the intrinsic dynamic interaction
mechanism between OPO and CBV. From the perspective of brand management, a decrease
in CBV has a more significant impact on a corporation. Therefore, in the impulse response
analysis, a negative shock is applied to observe the dynamic relationship between OPO and
CBV. Figure 4a, 4b, and 4c respectively represent the impulse response of STOCK to half a
standard deviation, one standard deviation, and two standard deviations of fluctuations
in BVPOI.

(a) 0.5 negative shock (b) 1 negative shock (c) 2 negative shock

Figure 4. Impulse response results of STOCK to the negative shock in BVPOI.

As shown in Figure 4, CBV declines slowly during the first two impulse periods.
The rate of decline increases in the 3rd period, reaching its peak close to the 4th period.
It then continues to decrease until the 6th period before beginning to recover slowly,
eventually approaching zero after nearly 20 impulse periods. Figure 4a–c illustrate that the
greater the negative shock to BVPOI, the more significant the fluctuation in STOCK. The
impulse response analysis results indicate that OPO exerts a direct impact on CBV: negative
sentiment in social media leads to a decline in CBV. The more adverse the sentiment,
the greater the impact on CBV. Conversely, positive sentiment in social media leads to
an increase in CBV. In terms of shock magnitude and duration, the impact on CBV is
minimal initially when OPO first emerges. However, the impact becomes significantly
more pronounced after 2–3 days, peaking around the sixth day before beginning to wane.
Despite this, the impact has a long-tail effect, indicating that the influence on CBV persists
for an extended period before stabilizing. Therefore, when negative OPO against a brand
emerges on media platforms, enterprises should intervene early to quickly identify and
respond to the negative OPO, for example, by doing crisis public relations in the first two
days of the OPO, soothing netizens’ emotions in time, reducing the scope of OPO, and
protecting the brand’s image. Similarly, when positive brand OPO emerges in social media,
enterprises should seize the prime publicity time of 2–3 days to increase exposure, deepen
netizens’ positive impression of the brand, and attract more potential consumers.
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4.4. Comparisons across Different Brands

To examine the generalizability of the method, this section presents a comparison
across different brands facing similar phenomena, taking Li-Ning, a well-known Chinese
clothing brand, as another example. At the end of September 2022, the design of new
clothing and hats released by the Li-Ning brand sparked controversy, leading to a significant
public outcry on social media platforms. Similarly, data were collected from Weibo during
the observation period from 1 September 2022 to 30 November 2022, i.e., one month before
and after the incident. The lag order was determined using the VAR method presented in
Sections 4.3.1–4.3.3. The lag order determination and impulse response results for this case
are shown in Table 9 and Figure 5.

Table 9. Determination of lag order in VAR model (LI-NING).

Lag Order AIC SC HQ FPE

0 −1.059 −0.991 −1.033 0.347
1 −3.369 −3.163 * −3.288 0.034
2 −3.425 −3.079 −3.289 * 0.033
3 −3.446 * −2.957 −3.254 0.032 *
4 −3.283 −2.649 −3.036 0.038
5 −3.151 −2.369 −2.846 0.043

Note: * indicates lag order selected by the criterion.

(a) 0.5 negative shock (b) 1 negative shock (c) 2 negative shock

Figure 5. Impulse response results of STOCK to the negative shock in BVPOI (LI-NING).

Table 10 presents the comparative results of numerical experiments between the Yuyue
Medical and Li-Ning brands. The combined results from different brands indicate that the
BVPOI constructed using the proposed method exhibits a significant correlation with stock
price fluctuations. Moreover, based on the evaluation method of lag order and impulse
response, it can be observed that there is a noticeable lag between the OPO monitoring
system set up in this study and the actual stock price changes. This demonstrates that the
proposed method can be effectively used as a predictive indicator.

Table 10. Comparative numerical experiments between Yuyue Medical and Li-Ning.

Brand Name Correlation Coefficient
(BVPOI and Stock) Lag Order Time Lag between BVPOI and Stock

(Impulse Response Analysis)

Yuyue Medical 0.359 *** 2 Reaches its peak in the 3rd period
LI-NING 0.567 *** 3 Reaches its peak in the 6th period

Note: *** represent 1% level of significance, respectively. D represents the first-order difference of the sequence.

5. Discussion

According to the results shown in Section 4, it is observed that the indicators, except for
the number of negative blog posts, likes, retweets, comments, and the number of retweets
on official blog posts, are significantly associated with CBV. These findings support previous
studies, such as those by [24,25], which examine the feasibility of using user-generated
data on social media to assess customer brand loyalty. The significant results from the
correlation analysis suggest that most indicators proposed in this study have a positive
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impact on CBV, particularly in shaping the brand’s online reputation. This conclusion is
consistent with Sohaib and Han [45], who found that social media marketing positively
influences CBV. When potential consumers see or engage with brand-related OPOs, it
likely strengthens their value co-creation behavior with the brand. This behavior positively
affects users’ attitudes toward CBV co-creation and their perception of brand trust, which
in turn enhances purchase intentions [46,47].

It is worth noting that our results indicate that user behaviors related to negative posts
do not have a significant negative impact on CBV, contradicting the common perception
that “negative OPOs will reduce CBV”. One explanation for this result is that, in the
stock market, investors place more importance on long-term effects rather than short-term
impacts, hence the minimal influence of short-term negative OPO on MCV. Additionally, as
noted by Labrecque et al. [3], while those posting negative brand information may intend
to diminish CBV, this behavior can backfire. Negative OPOs may elicit positive responses
from loyal consumers to brand posts, inadvertently strengthening potential consumers’
support for the brand.

In addition to social media platform users, some of the indicators in this study pertain
to the brand enterprises themselves. The correlation analysis results between the outcomes
of the brand’s social media activities on online platforms and CBV align broadly with the
findings of Lim et al. [48]. However, this study differs in that the number of retweets
on official blog posts is not significantly correlated with CBV. Apart from the behavioral
threshold differences mentioned in Section 4.2.1, Another possible reason is that the study
by Lim et al. [48] primarily focuses on platforms such as Twitter and Facebook, whereas
this paper concentrates on the Chinese “Weibo” platform. User behaviors differ across
platforms; for instance, indicators like “Twitter Feeds” and “Facebook Talking” are not
present on the “Weibo” platform, while “the number of retweets of official blog posts” is not
mentioned in their study. Therefore, the findings of this paper also serve as a supplement,
indicating that the impact of different social media activity outcomes on CBV is not entirely
uniform across platforms.

Furthermore, impulse analysis results indicate that the comprehensive BVPOI con-
structed through the EWEM positively influences MCV. The study results reveal that the
lag period for the impact of changes in OPO on CBV is two days, consistent with the
findings of Xu et al. [49], which identified a two-day lag period for the crisis spillover effect
between OPO and abnormal returns. As seen in Figure 4, after a change in OPO, CBV
exhibits significant fluctuations on the second to third day, with a long-tail effect. This
indicates a dynamic impact between OPO and CBV, and it validates the proposed EWEM’s
effectiveness in reflecting abnormal fluctuations in CBV.

The real-time EWEM based on OPO presented in this paper is more dynamic than
existing studies that assess CBV using survey data or corporate annual reports. Real-time
analysis of CBV changes allows brand managers to proactively monitor and respond to
unexpected internet shocks affecting CBV. However, this study primarily focuses on local
brands influenced by local OPOs. Whether local OPOs impact the value of foreign brands
requires further research. The current approach relies heavily on publicly available OPO
data. While this paper considers the dynamic impact of OPO on CBV, other factors, such
as the brand’s inherent reputation, also influence CBV changes. Brands with different
reputations are affected by OPO to varying degrees. Future research could explore how
OPO affects various types of brand differently. Additionally, this study focuses only on
publicly traded companies, and the method used does not consider the impact of OPO on
the CBV of privately held companies. Therefore, new methods are needed to analyze the
impact of OPO on the CBV of non-publicly traded companies.

6. Conclusions

This study identifies a set of OPO indicators related to CBV by analyzing their correla-
tion with MCV. It then develops a CBV EWEM, creating a monitoring system to detect CBV
fluctuations. A case study’s numerical analysis shows that the proposed model effectively
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provides early warnings of CBV anomalies, offering valuable decision-support information
for corporate brand crisis management. The main conclusions of this study are as follows:

a. Integrating existing big data-based research on brands and OPO early warning indi-
cators, this study employs principles of dynamism, accessibility, quantifiability, and
scientific rigor to preliminarily screen indicators and constructs a set of OPO indicators
related to CBV. Correlation analysis is used to assess the impact of each indicator on
CBV. The improved CRITIC method is then applied to calculate the weights of these
indicators, leading to the development of a CBV EWEM. The study finds that, except
for the number of negative blog posts, likes, retweets, comments, and retweets on
official blog posts, all other indicators are positively correlated with CBV. The number
of likes on official blog posts carries the highest weight among all indicators.

b. Combining the VAR model and impulse response analysis, this study investigates
the dynamic impact of OPO on CBV. Impulse response analysis reveals that OPO
affects CBV in the same direction, with the greatest impact on CBV in the early stage
of OPO development. Subsequently, the impact shows a long-term, gradual, and
stable decline. These results highlight the influence of OPO on fluctuations in CBV,
demonstrating the effectiveness of the proposed evaluation model.

The indicators in this study only include OPO data from public media platforms and
do not consider private corporate data, such as the number of followers. Future research
could expand the indicator set by collaborating with companies. Additionally, using real-
time dynamic data from OPO, it is possible to predict trends in CBV fluctuations. Advanced
technologies like big data analysis, artificial intelligence, and machine learning can provide
companies with immediate feedback and early warnings, helping them quickly identify
issues and opportunities and make timely adjustments to their brand strategy.
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