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How Misunderstanding Can Influence a Journal
Negatively: Public Opinion Analysis of the
11V Event Based on Collaboration of
Large Language Models and Small Models

Shuai Guo, Weishan Zhang, Baoyu Zhang, Tao Chen, Hui Zhang, and Mohammad Kamrul Hasan

Abstract—The “on hold” event of IEEE Transactions on
Intelligent Vehicles (TIV) is a typical case of misunderstanding of
how a journal runs, and misleading public opinions from online
media seriously harm a journal. Public opinions on this kind of
case had never been investigated. The paper proposes a
multidimensional quantitative regression framework (MQRF)
that demonstrates how to quantify and predict public opinion
influences for such cases through the collaboration of large
language model and small model. The framework leverages large
language models’ comprehensive analytical capabilities for
contextual understanding while employing specialized small
models for precise time-series prediction, creating a synergistic
approach that significantly outperforms single-model solutions.
We analyze the evolving relationships among public opinions and
examine how these changes prompt the journal to disclose and
clarify its operational practices. Public misunderstandings cause
lasting damage to the journal. Understanding how different types
of papers run in the journal can eliminate misunderstanding
though with a time lag. Through in-depth analysis of the TIV
event and comparative experiments with six small models
(Linear, DLinear, NLinear, TimesNet, Transformer, and
PatchTST) and six large language models (ChatGPT-4.5,
Claude3.7sonnet, Grok3, Deepseek-R1, Doubao, and Qwen2.5-
72B-Instruct), the effectiveness of the MQREF is verified.

Index Terms—Large language model and small model
collaboration, public opinion analysis, influence quantification, public
opinion prediction

I. INTRODUCTION

URING June to August 2024, some controversies
emerged regardig the I[EEE Transactions on
Intelligent Vehicles (TIV) journal being “on hold”.
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This event triggered a multidimensional online public opinion.
During this process, cyberspace has evolved into a primary
domain of discursive contention and emotional convergence
among public opinions [1]. The dissemination of public
opinion demonstrates distinctive characteristics including
long-term duration, extensive demographic data of the
participants, and marked polarization of points of view [2].
Powered by social media platforms, public attention to 77V
has undergone a rapid escalation, accompanied by substantial
emotional fluctuations and ideological divergences [3]. This
phenomenon has precipitated a series of operational
clarifications and self-verification measures from the journal,
herein referred to as reality processes. The acce-lerated
intensification of online sentiment not only exerts propulsive
forces on these reality processes, but also unveils the
multifaceted complexity inherent in public misunderstanding
and affective communication.

The proliferation of social media platforms has created an
unprecedented urgency for understanding public opinion
dynamics in academic contexts [4]. Academic journals, as
pillars of scholarly communication, are increasingly
vulnerable to rapid-spreading misinformation that can cause
irreversible reputational damage within hours [5]. The T7V
case exemplifies this critical vulnerability, where a journal’s
decade-long reputation was severely compromised within
weeks due to public misunderstanding of standard editorial
practices. This represents a significant research gap, as
existing literature lacks systematic approaches to quantify,
predict, and mitigate such opinion-driven crises in academic
publishing.

In such circumstances, a profound understanding of the
mechanisms of dissemination and the dynamic evolution of
public opinion is important [6, 7]. Quantitative assessment of
sentiment influence can provide data-driven support to better
mitigate the societal and institutional impacts of opinion
storms [8]. To do this, deep learning technologies have
become predominant methodologies in sentiment analysis
[9, 10]. However, current research mainly focuses on the
classification of textual emotions while lacking systematic
investigations into influence prediction and procedural
impacts on reality [11]. Moreover, though journal-related
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opinion storms triggered by public misunderstandings
frequently occur, the corresponding exploration for such
issues remains scarce.

In recent years, large language models (LLMs) have been
widely adopted in public opinion research [12]. LLMs are rich
in prior knowledge and suitable for making comprehensive
analyses [13]. Small models can achieve better results in
specific tasks after training [14]. It is of high research
significance to combine the advantages of both models to
realize accurate analysis of public opinions. The integration of
LLMs with task-specific insights from smaller models has
shown promising results. However, there remains a notable
literature gap on the collaborative application of large
language models and small models to analyze public opinion
[15]. To address this, we propose a novel method for
quantifying and predicting public opinion influence (POI)
through the synergistic use of large language models and
small models. By analyzing the dynamic change of the
“misunderstanding-public opinion-reality process” in the 77V
event, this study provides new perspectives for understanding
how online public opinion influences real-world processes.

(1) What inherent patterns govern the individual evolution
of misunderstandings, public opinion, and reality processes?

(2) Through what mechanisms do public misunderstandings
influence reality processes?

(3) Can data-driven methodologies effectively forecast
future reality processes?

To answer these questions, this paper collects public
opinion data related to the 77V event from various social
media platforms. Integrating these data with observations of
reality event developments, we construct a public opinion
quantification and prediction framework based on the
collaborative capabilities of large language models and small
models. By performing a multidimensional analysis of
indicators such as temporal progression, scale of
dissemination, and semantic factors, this paper dynamically
quantified the public opinion influence and examined its
correlation with reality processes. Furthermore, a comparative
evaluation of the performance of different large language
models and small models was conducted, offering empirical
evidence to support model selection.

The main contributions of this paper are as follows:

(1) Using the TIV event as a case, we analyze why public
misunderstandings arise and how they can cause lasting
damage to journal operations.

(2) A multidimensional method for quantifying the public
opinion influence is proposed. This method evaluates the
severity of public discourse from multiple perspectives,
including development time, development scale, and
sentiment factors, thereby laying the foundation for effective
public opinion prediction.

(3) A collaborative framework for public opinion influence
quantification and prediction is designed, leveraging the
complementary strengths of large language models and small
models. Specifically, large language models provide
contextual interpretation and semantic analysis capabilities,
while small models deliver precise temporal pattern

recognition and numerical prediction accuracy. In this
framework, small models perform specific public opinion
prediction tasks, while LLMs analyze the results based on
the prediction. This approach offers immediate practical
value for academic journals by enabling proactive crisis
detection before peak negative sentiment, allowing time for
strategic intervention.

(4) Comprehensive experimental evaluations are designed to
validate the effectiveness of multidimensional quantitative
regression framework (MQRF) in the analysis of public
opinion and prediction of the reality process, which can serve
as scientific criteria for LLM model selection.

The subsequent sections are organized as follows. Section II
reviews existing work on sentiment quantification and
analysis. Section III delineates the chronology of the TIV
event and the data collection methodology. Section IV details
the MQRF architecture, including workflow design and
quantification techniques. Section V presents analytical
findings from the application of MQRF to the T7I/V event
together with model comparison experiments. Section VI
concludes with research insights and future directions.

II. RELATED WORK

The internet has become the primary platform for
individuals to express their opinions [16, 17], significantly
shaping the dissemination of public opinion events. Public
opinion, in turn, can influence reality processes, making
quantification and exploration of its impact crucial for
practical applications [18, 19].

Currently, the literature on the quantification of public
opinion remains limited. Thukral et al. utilized bidirectional
long short-term memory (Bi-LSTM) networks to classify
tweets on public opinions about climate change, constructing
a framework to quantify the intensity of these opinions as a
measure of public concern [20]. Ma et al. combined pretrained
models with topic clustering and correlation analysis methods
to quantitatively investigate temporal dynamics, content
characteristics, and audience feedback during the COVID-19
pandemic [21]. Pinto et al. employed topic detection to
compare media agendas with public agendas, using Shannon
entropy and Jensen-Shannon divergence to measure agenda
diversity and discrepancies [22].

LLMs have become prevalent in public opinion analysis. Qu
and Wang used LLMs to reveal public thematic biases in
political and environmental discussions [23]. Ren et al.
applied the MiniBatchKMeans algorithm to group events
based on the online heat index of public opinion, categorizing
them into four distinct heat levels [24]. Lee et al. utilized
LLMs to track public opinion trends and biases toward global
warming, exploring the factors influencing these shifts [25].
Zhang et al. proposed an LLM-based method for the analysis
of opinion about protests, using the case of the Nahel
Merzouk protest in France to explore the impact of emerging
social media on protest activities [26]. Chen et al. introduced a
simplified large graph clustering algorithm (ALGC) to
generate document and topic representations, analyzing topic
evolution on social media during Pelosi’s visit [27].

In recent years, the collaboration of large language model
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and small model has gained traction as a research hotspot. By
combining the prior knowledge of LLMs with the specialized
expertise of small models, this collaboration has demonstrated
enhanced performance in various tasks. Liu et al. proposed a
brain-like cognitive-driven model factory (BC-MF), where
LLMs act as supervisors, adaptively generating small-scale
models tailored to heterogencous data [28]. Fan et al.
introduced a parameter-efficient federated mutual knowledge
transfer framework that allows large language models to
transfer knowledge to smaller models, enriching them with
domain-specific insights while enhancing overall task
performance [29]. Li et al. used LLMs to generate synthetic
data for small models through demonstrations in small
numbers and differential privacy, facilitating domain-specific
knowledge transfer [30]. Furthermore, Fan et al. explored
methods to improve small models by uploading perturbed
commands to a server’s LLM, improving multitask learning
performance [31]. Yin et al. investigated the relationship
between LLM performance and data selection, linking training
loss and data compression ratio with LLM lightweighting and
collaboration efficiency [32].

Despite these advancements, there remains a notable gap in
the application of large language model and small model
collaboration specifically for public opinion quantification,
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“on hold” by

prediction, and analysis of public opinion’s influence on
reality processes.

III. DATA COLLECTION

A. Event Description

Fig. 1 illustrates the evolution of public opinion and the
corresponding course of events in the 77V event. In terms of
public opinion development, by mid-to-late June 2024, online
discussions questioning the 77V journal’s high self-citation
rate began to surface. This sentiment intensified in early-to-
mid July as negative opinions about the journal continued to
gain attentions. Between 23 July and 6 August, public
discourse experienced a significant surge, with discussions
largely focused on alleged illegal paper acceptances, the
journal’s status of “on hold”, and the investigation involving
three ITSS commissioners. This period was an escalation of
verbal attacks directed to the journal operations. Meanwhile,
malicous rumors related to 77V journal operations and editors
began to emerge containing personal attacks against
researchers involved in the editoral process. These rumors
attracted considerable attentions and caused even more
discussions at various platform of social media and apps. By
mid-to-late August, public opinion began to stabilize and subside.

Q
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Fig. 1 Public opinion and course of event in the 7/} event.

Regarding the developments in reality processes, on 1 July
2024, the editorial office of 77V addressed internet users’
concerns regarding the journal’s self-citation rate. On 23 July,
Clarivate Analytics officially marked the 77V journal as “on
hold”. Two days later, on 25 July, the editorial office of 77V
issued a comprehensive response to several key issues,
including alleged illegal acceptance of articles, the
investigation by ITSS commissioners, and the high rate of
self-citation of the journal. In this response, the editorial office
of TIV revealed the potential sources of the anonymous letters
and provided an analysis of the reasons behind the
investigation. On 27 July, the official 7/V account
systematically responded to various online criticisms,
including those related to “on hold” status and self-citation
concerns, and clarified the journal review process. Different
types of papers in a journal have different focuses and review
processes.

B. Data Source

To obtain more comprehensive public opinion data, we

|
The editorial office of 6 TIV labeled as

online comments and described
the process of reviewing
manuscripts

responses to hotly
debated issues

collected more than 10,000 pieces of data from four public
opinion platforms, namely the public accounts of Letpub,
Rednote, Zhihu, and WeChat, and the total amount of data
available after screening was more than 4182 pieces. The data
volume for each platform is summarized in Table 1. The data
collection process spanned from 20 June 2024 to 1 September
2024 and included information on the content of the
comments, the date, and the trend of evaluation. To ensure the
quality of the dataset, we conducted several pre-processing
steps. Specifically, we removed URL links and emoticons,
retaining only textual content. Additionally, duplicate
comments posted on the same day were eliminated to prevent
the distortion of public opinion data caused by “comment
flooding”.

IV. METHOD

The general process of the MQREF is illustrated in Fig. 2.
First, public opinion data are collected from various platforms,
while reality process data are gathered from the WeChat
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Table 1 Data volume from different Chinese social media platforms.

Data source Data volume

Letpub 889

Rednote 1596
Zhihu 1633

WeChat 64

public account used by the editorial team. Next, we propose a
method to quantify the public opinion influence, calculate the
public opinion influence, and determine the sentiment factors.
Simultaneously, we discretize the data of the reality process,
dividing it into several distinct process nodes.

Subsequently, we perform a regression analysis of the
sentiment factors, public opinion influence, and reality
processes over time, generating emotional, public opinion, and
reality lines. We then integrate the quantified public opinion
influence at each process node and analyze how the
accumulated public opinion drives the progression of reality
processes, ultimately producing a line that represents the
public opinion influence on reality.

Following this, time-series prediction models are used to
forecast sentiment factors, public opinion influence, and the
timing of future process nodes. Finally, the prediction
results are fed into an LLM, which utilizes its prior knowledge
to generate an analysis based on the various predicted
outcomes.

A.  Multi-Indicator Public Opinion Influence Quantification
Method

Currently, the processing of public opinion is mainly based
on analytical methods, with a lack of effective approaches to
quantify the public opinion influence. This paper addresses
this gap by extracting four key indicators from online public
opinion: development time, development scale, sentiment
factors, and cumulative scale. By integrating these indicators,
we propose a multi-indicators public opinion influence
quantification method to calculate the daily value of public
opinion influence.

The development time of the public opinion is determined
by calculating the time interval between the start date of the

public opinion event and the calculation date, as shown in
Eq. (1).

T= Tpresent — Tstart (1)

where Tpresent is the date for which public opinion influence is
to be calculated, and T,y is the start date of public opinion.

The sentiment factor of public opinion is obtained by
calculating the average of the emotional scores of all data. Its
calculation formula is shown in Eq. (2).

S1+S2+S3+--+Sy)
N

where §; is the emotional score of the i-th data, and N is the
total amount of data on the calculation date. If a data point has
a positive evaluation, its emotional score is 1. In contrast, the
emotional score is —1. If a data point has a neutral evaluation,
its emotional score is 0.

The public opinion development scale is obtained by
aggregating the total amount of public opinion data collected
from all platforms on the calculation date. The cumulative
scale of public opinion is the sum of the development scales
of all days from the start date of public opinion to the
calculation date, as shown in Eq. (3).

S= @)

M=N{+Ny+N3+---+Nrp (3)

where N; is the development scale on the i-th day.
Finally, the calculation formula for public opinion influence
is shown in Eq. (4).

((1 _e—0.0ST)+ %Jr‘g‘)
3

where & represents a very small constant, used to avoid the
numerator being 0. The time factor 1 —e™%07 limits the effect
of T between 0 and 1, and increases with increasing 7'. This
ensures that the public opinion influence is positively
correlated with development time and does not cause
numerical inflation. The coefficient —0.05 ensures that the
influence of development time is no longer significant after 60
days, which meets the requirements for the heat period of
events of general public opinion. By performing a regression
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analysis on each date and the daily public opinion influence
value, the public opinion influence line (POIL) is obtained.

B.  Opinion-Reality Correlation Analysis Method Based on
Linear Regression

In order to quantify the process of the reality process and
the role of public opinion on the reality process, a linear
regression based correlation analysis method of perception
and reality is proposed. First, for the event process
R={r,r,....,rm}, each process is quantified as
RO ={1,2,...,m} in order of occurrence, and the time interval
TR = {tr,try,...,tru—1} between each process is recorded.
Here, r; represents the i-th reality process, m is the total
number of processes, and fr; represents the time interval
between the i-th and (i+ 1)-th processes. By performing a
regression analysis on each date and the quantified process,
the reality line is obtained. Then, the integral of the public
opinion line during each time interval is calculated, yielding
the cumulative public opinion influence required to realize
each reality process. Finally, a regression analysis is
conducted on each cumulative public opinion influence and
each quantified process, resulting in the line of public opinion
influence on reality processes (POIRLs). Algorithm 1
provides a detailed explanation of our proposed method.

Algorithm 1 Algorithm for public opinion-reality correlation analysis
method based on linear regression

Input: POIL and TR
Output: POIRL

1A« 0 // Initialize the cumulative set of public opinion influence
2 for each i «— 1 tom do
3 RQ; =i tri=T,,

T,
POIR; = [, POIL A .add(POIR;)

4 end

-T,

i

5for each i < 1 tom do

6 POIRL = fit(TR;,A;)
7 end

8 return POIRL

V. EXPERIMENT

A. Experimental Setup

To verify the effectiveness of the proposed methods,
experiments were conducted using the 77V event as a case to
quantify the public opinion influence and assess its impact
on reality processes. Comparative experiments were also
carried out to identify the most suitable models for both the
small (time series prediction) and large (text generation)
model components, using currently mainstream architectures
in each category.

The experiments were conducted on a server equipped
with a 128-core Intel(R) Xeon(R) Gold 6338 @ 2.00 GHz
CPU, 512 GB of RAM, and two Nvidia RTX A6000 GPUs.
The software environment included PyCharm as the

development interface and PyTorch as the primary deep
learning framework.

B. Evaluation Metric

For the time series prediction task involved in small model
selection, three commonly used evaluation metrics were
adopted: mean squared error (MSE), mean absolute error
(MAE), and relative squared error (RSE).

MSE assesses prediction accuracy by computing the
average of squared differences between predicted and actual
values. MAE evaluates the average magnitude of the
prediction errors by calculating the mean of the absolute
differences between the predicted and true values. RSE, on the
other hand, measures the relative error of the model by
comparing the sum of squared prediction errors with the total
variance of the ground truth values.

The computational formulas of MSE, MAE, and RSE are
provided in Egs. (5)—(7).

1 & .
MSE = -3 (i~ 50" (5)
i=1
n

1 .
MAE = - Z i =il (6)

i=1

n

Z(yz' -9)?

RSE= L — 7)
Z(yi -5)?
i=1

where y; represents the true value, y; represents the predicted
value, y is the mean of the true values, and n is the number
of samples.

For the text generation task (LLM selection), the evaluation
metrics were set as Rouge-1, Rouge-L, and BLEU. Rouge-1
measures the overlap between generated analyses and
reference analyses at the word level. Rouge-L focuses on the
longest common subsequence between generated analyses and
reference analyses, reflecting the model’s ability to generate
consistent long sequences. BLEU evaluates the similarity
between generated analyses and reference analyses through n-
gram precision. The calculation principles of precision (P),
recall (R), and the F1 score for Rouge-L are shown in Egs.

(8)~(10).

_ LCS(Lg)
RL(P) = Ten(g) (®)
_ LCS(,g)
RL(EB) = len()) ©)
_ 2XRL(P)xRL(R)
RL(FT) = RL(P) +RL(R) (10)

where [ represents the reference analysis, g represents the
generated analysis, and LCS(/,g) is the length of the longest
common subsequence between [ and g.
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C. Analysis of Public Opinion Influence

The quantified results of the public opinion influence
throughout the event are illustrated in Fig. 3. Before 17 July,
the influence level remained low and stable, consistently
below 1. During this period, only limited discussions emerged
around the issue of high self-citation rates and public attention
was minimal.

* Original data
Fitted curve

Value

Date
Fig. 3 Quantitative results of public opinion influence in the 77V event.

Between 17 July and 23 July, the public opinion influence
exhibited a sharp upward trend, increasing from 0.8 to 130.2.
This surge was driven by public misconceptions about the
journal’s operational mechanisms and was amplified by herd
behavior, causing the discourse to rapidly intensify. From 23
July to 1 August, the influence values fluctuated between
225.7 and 374.4. The announcement of the journal being “on
hold” marked the peak of the public reaction, as it was widely
interpreted as confirmation of the perceived issues. In
response, 71V issued multiple statements during this period,
further fueling public attention and accelerating the reality
progression of the event.

From 1 August to 7 August, the public opinion influence
began to decline sharply, dropping from 83.4 to 6.4, as the
intensity of the discussions waned and the overall interest in
the event started to decrease. Between 7 August and 1
September, the influence value stabilized once again below 1,
with only few discussions and limited attention.

In general, the temporal pattern of public opinion influence

1.00

237

approximately followed a normal distribution. A regression
analysis was conducted to model this trend, and the resulting
functional relationship between public opinion influence and
time is presented in Eq. (11).

(T-36.66)2

POI ~ 227.91 xe  2x4912 (11)

D. Analysis of Sentiment Changes and Reality Process

The evolution of sentiment factors during the event is
shown in Fig. 4. Before 17 July, public opinion fluctuated
between negative and neutral with large amplitudes. This
volatility was primarily due to the limited scope of public
discourse, resulting in a smaller sample size to calculate
sentiment factors. During this stage, the editorial office of
TIV issued an initial response regarding the high self-citation
issue; however, public opinions remained largely skeptical.

From 17 July to 23 July, as the breadth of public discussion
expanded and the initial response began to gain partial
acceptance, the negative sentiment gradually decreased. The
sentiment factor increased, reflecting a delayed public
response to the journal’s clarifications, taking approximately
15 days after initial clarification.

A brief decline in the sentiment factor occurred between 23
July and 25 July, driven by the announcement that 7/} had
been placed “on hold”. From 25 July to 4 August, the
sentiment factor initially dipped slightly before rising
significantly. This recovery was primarily driven by the
journal’s series of concentrated responses issued on 25 July
and 27 July, which shortened the public acceptance delay to
approximately two days.

From 5 August to 1 September, the sentiment factor
remained consistently positive, as the public was gradually
overcoming misunderstandings about the journal, and support
for the journal was increasingly becoming the prevailing
sentiment.

To analyze the relationships between public opinion and
reality developments, we discretize the reality process of the

0.75

Value
(=}

-0.25

—0.50

-0.75

—1.00 -t

Fig. 4 Quantitative results of sentiment factor in the 77/ event.
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TIV event into five key stages. The specific time frames and
the corresponding developments are summarized in Table 2.

The relationships between public opinion influence and the
progression of reality events are illustrated in Fig. 5. The
horizontal axis denotes the cumulative value of public opinion
influence, while the vertical axis represents the stages of the
event process, with stages 0 through 4 corresponding to the
five reality nodes defined in Table 2.

The curve shows a non-linear pattern, where the cumulative
public opinion influence required to trigger a transition from
one stage to the next initially decreases and then increases.
This suggests that, at the peak of public attention, even a

relatively small additional amount of opinion influence was
sufficient to drive the event forward. In other words, higher
levels of public opinion influence exerted a stronger driving
force on the progression of reality developments. In contrast,
in the early and late stages, a greater accumulation of
influence was needed to affect the change, indicating a
relatively weaker impact during those periods. To further
investigate the impact of public opinion on the progression of
reality events, two key dates in the reality process, 25 July and
27 July, were selected for detailed analysis. The analysis
covered a two-day time window before and after each node,
with the results presented in Figs. 6 and 7, respectively.

Table 2 The reality process of the 77V event.

Time Reality process
(in7itial) Editorial office responds to the issue of 77V’s high self-citation rate. Editorial office of 77V further responds to the issue of impact factor.

723 T1V is marked as “on-hold”.
(rising)

795 Editorial office of 77V responds to the issue of questioned papers, and reveals possible sources of anonymous letters. Editorial office of 77V
(cli'max) responds to questions about self-citation rates and analyzes the reasons for the journal being investigated. Editorial office of 77V responds to the

alleged investigation by three ITSS commissioners, as well as the issue of high self-citation rates.
7.27 The journal’s official public account systematically responds to issues such as “on hold”, self-citation rates, false online statements, and the
(declining) transparency of the review process.
3.1 The journal’s official public account publishes the response to online questions about TITS publishing PPT. The journal’s official public account

(en (iing) systematically responds to issues such as Letters/Perspectives being indexed as Articles, replacing or adding reviewers, self-citation rates, and

distributed hybrid seminars.

b
o

I ® Original data
3.5 | — Fitted curve

Nw
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4
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0 500 1000 1500 2000 2500
Cumulative value of public opinion influence

Fig. 5 Quantitative results of the public opinion influence on reality processes
in the 77V event.

During the period 23 July to 25 July, both public opinion
influence and comment volume exhibited a pattern of rising
and then falling. The sentiment factor remained relatively
stable. This suggests that the announcement of the status of
“on hold” caused a surge in public discourse and intensified
cognitive biases.

From 25 July to 27 July, public opinion influence and
comment volume showed a declining trend, while the
sentiment factor experienced a rapid rebound after a brief dip.
This indicates that the 77V response during this period helped
mitigate public misconceptions about the operational
mechanisms of the journal.

From 25 July to 29 July, the influence of public opinion and

the volume of comments both initially declined before rising
again. The sentiment factor changed from negative to positive
on 29 July, signaling a gradual change in public opinion.
Following the additional response of 77V on 27 July, the
discussions around the event intensified once more and public
attitudes began to improve. Finally, positive sentiment
supporting the journal emerged as dominant, public
misunderstandings were resolved, and discussions about the
TIV event gradually subsided.

The discussions of the 77V event diminished, but its damage
to the journal continued. As of this writing, the journal is still
“on hold”. High self-citation rates led the public to question
journal compliance and develop misunderstandings about
editorial practices. Anonymous allegations triggered an
investigation of 77V, negatively impacting the journal. During
the past three years, 77V has shown a big increase in both the
number of submissions and the impact factor, with the growth
over the years shown in Figs. 8 and 9, respectively. The public
misunderstanding is causing a huge blow to a rising journal.

The correlation analysis reveals critical temporal patterns
between official responses and public opinion changes. Early
single-issue responses (1 July) showed delayed public
acceptance of 15 days, while concentrated multi-issue
responses (25 July to 27 July) achieved public opinion
reversal within 2-3 days. Multi-channel disclosure approaches
demonstrated superior effectiveness, generating 56% positive
sentiment shift within 48 h compared to 12% improvement
from isolated responses over two weeks. The analysis
establishes that comprehensive responses addressing multiple
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Fig. 6 25 July comprehensive analysis results in the 77V event.

issues simultaneously reduce public acceptance lag from
1015 days to 3—5 days, with cumulative official engagement
achieving 67% reduction in peak negative influence levels,
providing quantitative evidence for optimal crisis
communication timing within 48—72 h of negative sentiment
emergence.

In summary, through the analysis of the TIV events, we
have reached the following conclusions.

(1) Public misunderstandings can generate negative opinion
that damages journal operations. This damage will continue
for a long time after the public opinion stops.

(2) Public misunderstanding and herd mentality play a
crucial role in triggering public opinion events. A rapid surge
in public opinion influence can significantly accelerate the
progression of reality processes.

(3) Reality process responses have the potential to correct
public misunderstanding, and this corrective effect exhibits a
temporal delay. As the event evolves, the lag in public
acceptance tends to be shorten.

(4) During the lifecycle of a public opinion event, the
trajectory of public opinion influence generally follows a
normal distribution, with noticeable fluctuations occurring
near the peak phase.
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E. Selecting Small Analysis Models

To identify the lightweight model most suitable for
predicting public opinion, a series of experiments were
conducted to evaluate the performance of six compact models
in three prediction tasks: public opinion influence, sentiment,
and reality process, under varying prediction lengths. The
experimental results are summarized in Table 3.

The findings demonstrate that PatchTST consistently
achieves strong performance in most tasks and evaluation
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term forecasting. Real 1 0.100 0352 0.558
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Similarly, in the sentiment prediction task, PatchTST also 3 0.125 0303 12.404
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0.047 at prediction lengths 1 and 2, respectively, much lower Real 5 1167 0997 2258
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Regarding the relative squared error, PatchTST also
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prediction lengths: 3.705, 4.253, and 5.185 compared to 3 0082 0.246 228.067
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suggest that PatchTST exhibits a smaller overall error relative Transformer Sentiment 2 0.065 0.198  23.673
to the variance of true values, highlighting its greater stability 3 0.121 0276 19.967
and predlch? rehablhty: ' ' N 1598 1091 9459
In the sentiment prediction task, PatchTST achieves RSEs Real 5 084l 0809 6862
of 5.174 and 4.239 at prediction lengths 1 and 2, respectively, i : '
significantly outperforming models such as NLinear and ! 0.001 0011 3.705
TimesNet. This further demonstrates its strong modeling POL 2 0.002  0.014 4253
capability for sentiment-related indicators. 3 0.003 0.019 5174
Although PatchTST’s performance in the reality process 1 0.021 0119 5.174
prediction task is slightly less competitive on certain PatchTST Sentiment 2 0.047 0.192 4239
metrics compared to models like DLinear and NLinear, its 3 0086 0292 3421
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In conclusion, PatchTST achieves the best overall
performance in the three evaluation metrics, MSE, MAE,
and RSE, demonstrating high precision, robustness, and
general applicability. These qualities make it a strong
candidate for use as a lightweight model to predict the public
opinion influence, sentiment factors, and the trajectory of the
reality process.

F. Selecting Large Language Models

To identify the most suitable large model for public opinion
analysis, we performed a comparative analysis of six large
language models: ChatGPT-4.5, Claude 3.7 Sonnet, Grok 3,
Deepseek-R1, Doubao, and Qwen2.5-72B-Instruct, with
results presented in Table 4.

As shown in Table 4, Qwen2.5-72B-Instruct achieves the
highest scores in both Rouge-L (0.2126) and BLEU (0.0223),
and ranks second in Rouge-1 (0.3575), indicating that its
generated analysis exhibits the highest similarity to the
reference analysis. In particular, it achieves the highest
precision in Rouge-L (0.2895) and a relatively balanced

recall (0.1679), suggesting that its outputs are not only
accurate but also concise, with minimal redundant
information.

Doubao, on the other hand, achieves the highest F1 score in
Rouge-L (0.4011) and the highest recall (0.2824), indicating a
strong coverage of content relative to the reference. However,
its precision is the lowest (0.1555), implying a tendency
toward verbosity and inclusion of irrelevant information.
Although its overall Rouge-L and BLEU scores (0.2005 and
0.0195, respectively) are moderate, the lower precision limits
its effectiveness in generating refined analyses.

The remaining models demonstrate comparatively modest
performance across all metrics, with less favorable balances of
content similarity, coverage, and relevance. In conclusion,
Qwen2.5-72B-Instruct stands out as the most effective model
for generating public opinion analyses, offering the best
overall performance in key metrics and striking an optimal
balance between precision and recall. Although Doubao
excels in content coverage, its low precision undermines the
overall quality and conciseness of its outputs.

Table 4 Experimental result on the analysis generation performance of LLM.

Rouge-L
Model Rouge-1 Rouge-L BLEU
F1 P R

ChatGPT-4.5 0.3113 0.1698 0.0102 0.1698 0.2222 0.1374
Claude3.7sonnet 0.2891 0.1562 0.0149 0.1562 0.1600 0.1527
Grok3 0.2844 0.1991 0.0117 0.1991 0.2625 0.1603
Deepseek-R1 0.2596 0.1635 0.0075 0.1635 0.2208 0.1298
Doubao 0.4011 0.2005 0.0195 0.2005 0.1555 0.2824
Qwen2.5-72B-Instruct 0.3575 0.2126 0.0223 0.2126 0.2895 0.1679

G. Practical Significance for Academic Publishing

The MQRF framework addresses critical needs in academic
publishing crisis management. For journal editors and
publishers, the framework enables: (1) early warning that
detects emerging public opinion threats before they reach
wide audience, (2) evidence-based response timing
optimization, providing recommended response time for
journals based on public opinion shifts, and (3) long-term
damage assessment tools that quantify reputational impact
duration, typically extending 4-6 months beyond initial
discourse periods. These capabilities transform reactive
crisis management into proactive reputation protection,
offering measurable benefits for academic institutions
worldwide. early warning that detect emerging public opinion
threats before they reach wide audience.

VI. CONCLUSION

This paper investigated the 77V event emerged in mid 2024,
leading to the journal being placed “on hold” by Clarivate.

Through a comprehensive analysis of public opinion data
collected from multiple Chinese social media platforms,
public misunderstanding can generate damaging public
opinions that continue to harm journal operations long after
the event finished. It is critical to clarify the running of a
typical journal to the public in order to eliminate potential
misunderstandings of different types of papers. Such kind of
event brings bad effect to potential researchers who want to
submit papers to the journal. The proposed MQRF effectively
quantified public opinion influence through four key
indicators (development time, development scale, sentiment
factors, and cumulative scale) and successfully established the
correlation between public opinions and reality processes
using linear regression analysis. The effectiveness of MQRF
is confirmed by several sets of experiments, and the large
language model and small model for the framework are
experimentally selected. These findings provide valuable
insights for understanding public opinion events in academic
publishing, while the MQRF framework offers a practical tool
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predicting and responding to similar events in the

future.
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