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Abstract
[Purpose/Significance] Aiming at the limitations of current research on topic
evolution in informal information exchange regarding analytical hierarchy and
measurement indicators, this study proposes a generalizable evolutionary anal-
ysis method to investigate the characteristics and patterns of topic evolution
from micro and meso perspectives. [Method/Process] By introducing conversa-
tion analysis theory and taking Sina Weibo and Zhihu as examples, this study
reveals the evolutionary characteristics and patterns of informal information ex-
change through analyzing the operational processes of topics and topic clusters
from two dimensions—conversation content and discussion mode. Simultane-
ously, it designs a computational determination method for topic persistence to
enrich the measurement criteria for topic evolution. [Results/Conclusion] The
topic evolution analysis results demonstrate that opinion groups on Sina Weibo
and Zhihu exhibit distinct biases in their posting topics, and reveal the primary
perspectives through which these groups engage in discussions on social focal
events. The topic cluster evolution analysis discovers that opinion groups on
Sina Weibo tend to diverge and explore diverse topics within a certain scope,
while those on Zhihu consistently focus on core topics. The differences in con-
versation content and discussion mode between opinion groups on the two social
media platforms signify the distinct roles that Sina Weibo and Zhihu play in
informal information exchange within the online environment.

Full Text
Preamble
Evolutionary Analysis of Topics and Topic Clusters in Informal In-
formation Exchange from the Perspective of Conversation Analysis
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Abstract: [Purpose/Significance] Aiming at the limitations of current informal
information exchange topic evolution research in both analysis level and mea-
surement indicators, this study proposes a universal evolution analysis method
to explore topic evolution characteristics and patterns from micro and meso
perspectives. [Method/Process] Introducing conversation analysis theory and
taking Sina Weibo and Zhihu as examples, this paper reveals the evolution
characteristics and patterns of informal information exchange from two dimen-
sions: conversation content and discussion style through analyzing the running
processes of topics and topic clusters. Meanwhile, a computational method for
topic continuity determination is designed to enrich the measurement criteria for
topic evolution. [Result/Conclusion] Topic evolution analysis shows that opin-
ion groups on Sina Weibo and Zhihu exhibit obvious biases in posting topics,
indicating the main perspectives through which these groups engage in discus-
sions of social focus events. Topic cluster evolution analysis reveals that Weibo
opinion groups tend to diverge and explore diverse topics within a certain range,
while Zhihu opinion groups consistently focus on core topics. The differences
between the two social media platforms in conversation content and discussion
style suggest their distinct roles in informal information exchange within the
online environment.

Keywords: informal information exchange; topic evolution; topic cluster; con-
versation analysis Classification Number: G203 DOI: 10.13266/j.issn.0252-
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With the development of internet technology and the impact of the COVID-19
pandemic, informal information exchange has largely migrated to and become in-
creasingly active on social media platforms. The vast amount of user-generated
content (UGC) that is massively produced, virally disseminated, and rapidly up-
dated on social media contains diverse topics that are often used to characterize
users’ content preferences [1]. Based on the trace data objectively recorded by
social media, comprehensively depicting topic evolution trends and deeply ex-
ploring topic evolution patterns can help accurately grasp the characteristics and
patterns of informal information exchange. When applied to specific contexts,
this can provide service references for intelligent public opinion monitoring and
personalized content recommendation.

Conversation analysis research provides a sociological theoretical foundation for
informal information exchange analysis, but its application in social media is
still in its infancy. Based on this, this paper introduces conversation analysis
theory to parse the evolution processes of topics and topic clusters, combined
with the conceptual connotation, measurement, and determination criteria of
topic continuity, aiming to deeply explore the evolution process and characteris-
tic patterns of informal information exchange from micro and meso levels, and
to provide references for optimizing communication strategies in network pub-
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lic opinion management on social media platforms. In the empirical analysis,
taking Sina Weibo and Zhihu platforms as data sources, UGC is regarded as an
asynchronous conversation process based on social media for analysis.

2 Related Research
2.1 Topic Identification and Evolution in Informal Information Ex-
change

Social media platforms provide an ideal environment for studying users, inter-
action relationships, and information flows in informal information exchange
[2]. Therefore, research on informal information exchange in online environ-
ments often uses Sina Weibo, Zhihu, Twitter, Facebook, and online forums as
information exchange carriers and empirical data sources. Topic identification
research can be mainly divided into three categories based on representation
methods: � Word-based topic representation, represented by topic identification
methods based on weighted algorithms, which combine word frequency statis-
tics with part-of-speech [3], inverse document frequency [4], etc., to calculate
word contribution and extract topic content through ranking and screening; �
Word-cluster-based topic representation, represented by text clustering-based
topic identification methods, which mostly use Word2vec to construct feature
word sets combined with K-means clustering algorithms [5-6] to extract text
topics; � Probability distribution-based topic representation, which uses topic
models to identify text topics. Among them, the LDA model is applied in mul-
tiple studies to identify short text topics on social media due to its excellent
data dimensionality reduction and implicit semantic mining capabilities [7-8].
Additionally, a large number of non-textual features on social media, such as
user, geographic, interaction, and temporal features, have been introduced into
topic models [9] or combined with text content features to build hypernetwork
models [10] for joint topic mining.

Topic evolution research can be mainly divided into two categories based on evo-
lution structure: linear topic structure evolution and nonlinear topic structure
evolution. The former dominated early topic evolution research [11], mainly
presenting the linear evolution of topic content or discussion intensity on the
timeline to reveal the temporal change characteristics and patterns of text con-
tent represented by topics. The latter has gradually increased in recent years
[12], using storyline analysis [13-14] to explore the evolution process of rela-
tionships between topics. Regarding the development stages of topic evolution,
related studies typically propose various division methods such as three-stage
[15], four-stage [16], and five-stage [17] theories based on life cycle theory. In
terms of topic evolution analysis dimensions, different studies expand single
temporal dimensions by introducing spatial [18], user [19] dimensions, or enrich
them through multi-dimensional feature integration [20].

In summary, topic identification research is rich and provides methodological
and technical support for text topic analysis. Topic evolution research has been
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deepened and expanded in various aspects such as evolution structure, develop-
ment stages, and analysis dimensions, but still has certain limitations: � The
analysis level is relatively macro, focusing on the content evolution of informal
information exchange in specific contexts represented by topics, while lacking
micro and meso-level analysis of the internal operation of individual topics and
topic clusters composed of several closely related topics during evolution. � The
measurement indicators for topic evolution focus on discussing topic intensity
quantification, neglecting the exploration of topic continuity from the perspec-
tive of survival time. Conversation analysis research provides a theoretical basis
for revealing sociological patterns of human verbal communication based on in-
formation exchange data analysis, but its application in informal information
exchange analysis based on social media is still in its infancy. Therefore, this
study takes text topics as the core, combines conversation analysis with topic
analysis, and aims to reveal the characteristics and patterns of informal infor-
mation exchange from micro and meso levels based on the analysis of topic and
topic cluster running processes. Simultaneously, it discusses the connotation
of topic continuity from both coherent continuation and intermittent continua-
tion perspectives, and establishes continuity judgment criteria based on relative
discussion intensity to quantitatively analyze topic evolution.

2.2 Conversation Analysis Research

Conversation Analysis Theory belongs to both linguistics and sociology. In lin-
guistics, conversation analysis emphasizes the analysis of language forms and
functions such as grammar, discourse, turn-taking, and topics [21]; in sociology,
it aims to explain the social patterns and orders behind human verbal communi-
cation by discovering its patterns and modes [22]. Related research data mainly
comes from conversation records in informal information exchange processes,
which can be divided into offline conversation data and online conversation
data.

Offline conversation data mostly uses audio and video recordings of people’s
conversations in natural or semi-experimental environments, converted into text
for analysis. Based on this, conversation analysis research focuses on sequence
structure analysis to reflect characteristics and patterns in verbal communica-
tion, examining conversational exchanges in specific contexts such as foreign
language teaching [23], doctor-patient communication [24], cross-cultural work
[25], as well as specific behaviors like negotiation requests [26] and storytelling
[27].

Benefiting from internet technology development, the massive amount of ob-
jectively recorded communication data in online environments has promoted
conversation analysis research based on online conversation data to keep pace
with the times and grow increasingly. Scholars have explored information ex-
change characteristics of users in various social media such as academic virtual
communities [28] and WeChat platforms [29] from multiple dimensions including
content, relationships, and behavior. Additionally, conversation analysis meth-

chinarxiv.org/items/chinaxiv-202304.00504 Machine Translation

https://chinarxiv.org/items/chinaxiv-202304.00504


ods in multimodal big data environments [30] and natural language processing
methods based on conversation analysis [31], team decision support systems [32]
have been improved and optimized.

3 Analytical Framework for Informal Information Exchange
Topic Evolution Based on Conversation Analysis
This paper organizes topic running processes based on conversation analysis
theory and defines various running states within them. It then combines the
number of posts and participants to calculate the relative discussion intensity
of topics, visualizing topic running processes and measuring continuity charac-
teristics during topic evolution. Through topic running process analysis and
continuity measurement, this study explores the bias characteristics of social
media users in topic discussion content.

3.1 Topic Running Process Analysis

Within a time interval containing several time segments, the running process of
a topic from initiation to termination may involve continuation, silence, regres-
sion, and other states. The discussion of these running states is limited to a
certain scope, such as discussion time and participants. The specific descriptions
of various states in the topic running process are as follows:

(1) Topic Initiation: Refers to a user posting new discussion topics and
introducing related content, which may trigger participation from other
users.

(2) Topic Continuation: Refers to after topic initiation, the user who intro-
duced the topic or other users consecutively post to continuously express
opinions related to the topic through in-depth exploration or extended
expansion.

(3) Topic Silence and Topic Regression: These are complementary con-
cepts, referring to the temporary cessation of topic-related posts in a cer-
tain time segment, but reappearing in one or several subsequent time
segments within the overall selected time range.

(4) Topic Termination: Refers to the complete end of posts related to the
topic, where all participants within the observation scope no longer post
content related to the topic.

On social media platforms, different topics can be discussed simultaneously by
the same user, and the same topic can be discussed simultaneously by different
users. Posts about different topics on social media mostly present a parallel
relationship, with each topic’s running process being relatively independent.
However, simultaneously, due to limited time and energy, users are selective in
receiving, processing, and expressing information, leading to competitive rela-
tionships between different topics for more user attention and discussion in each
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time segment. Therefore, exploring the running processes of multiple topics in
a specific time interval can be achieved by calculating the relative discussion
intensity of each topic, which simultaneously reveals the relationship of topics
waxing and waning and analyzes changes in topic discussion focus and deter-
mines topic continuity characteristics, revealing users’ bias in posting topics
and its changes.

3.2 Topic Relative Discussion Intensity Calculation

When a topic occupies the largest proportion of user discussion posts in the
current time segment, other topics may not be mentioned, or may be discussed
limitedly by individual users through a small number of posts. If in the next
time segment, another topic replaces the previous largest proportion topic and
becomes the focus of user discussion in this time segment, the discussion status
of this topic and other topics also has the aforementioned two possibilities.
Therefore, calculating the relative discussion intensity of a topic in a single time
segment mainly considers two indicators: the proportion of users discussing the
topic and the proportion of posts. The specific calculation formula is as follows:

Topic_Strength(𝑇 𝑃 𝑡𝑖
𝑡𝑝) = Count(𝑈 𝑡𝑖

𝑡𝑝)
Total_U𝑡𝑖 ⋅ 𝛼 + Count(𝑃𝑜𝑠𝑡𝑡𝑖

𝑡𝑝)
Total_Post𝑡𝑖 ⋅ 𝛽 (Formula 1)

Where 𝑡𝑝 is the topic number, 𝑡𝑝 = 1, 2, … , 𝑛; 𝑡𝑖 is the time segment number,
𝑡𝑖 = 1, 2, … , 𝑚; Count(𝑈 𝑡𝑖

𝑡𝑝) is the number of users participating in topic 𝑡𝑝
discussion in time segment 𝑡𝑖, Count(𝑃𝑜𝑠𝑡𝑡𝑖

𝑡𝑝) is the number of posts about topic
𝑡𝑝 discussion in time segment 𝑡𝑖, Total_U𝑡𝑖 is the total number of users posting
in time segment 𝑡𝑖, Total_Post𝑡𝑖 is the total number of posts in time segment
𝑡𝑖, and 𝛼 and 𝛽 represent the influence factors of the two indicators on topic
relative discussion intensity. 𝑇 𝑃 𝑡𝑖

𝑡𝑝 represents the relative discussion intensity of
topic 𝑡𝑝 in time segment 𝑡𝑖, with a value range of [0, 1]. If 𝑇 𝑃 𝑡𝑖

𝑡𝑝 = 1, it means
all posts by all users in time segment 𝑡𝑖 are related to topic 𝑡𝑝; if 𝑇 𝑃 𝑡𝑖

𝑡𝑝 = 0, it
means no user posts content related to topic 𝑡𝑝 in time segment 𝑡𝑖.

3.3 Topic Continuity and Its Determination

Topic continuity is manifested by the continuation of discussions related to the
topic in UGC throughout the observed entire time interval, which can be defined
from two perspectives: coherent continuation and intermittent continuation.
First, in coherent continuation, topic continuity is manifested by topic-related
posts spanning several time segments in the overall time interval, i.e., UGC in-
volves the topic in multiple consecutive time segments. Second, in intermittent
continuation, topic continuity is manifested by posting content entries related
to the topic in several time segments of the UGC text stream, i.e., the num-
ber of time segments where topic-related posts exist exceeds a set threshold in

chinarxiv.org/items/chinaxiv-202304.00504 Machine Translation

https://chinarxiv.org/items/chinaxiv-202304.00504


the overall time interval. Both perspectives measure user bias toward a certain
topic from the time dimension, considering that users spontaneously filter top-
ics they may contact and express opinions on due to limited time and energy.
Through relative discussion intensity calculation in each time segment, longitu-
dinal evolution analysis and horizontal comparative analysis of topics can be
achieved.

This paper chooses to adopt the definition of coherent continuation from the
perspective of survival time, combined with relative discussion intensity cal-
culation to establish topic continuity determination criteria, i.e., the relative
discussion intensity of the topic is greater than 0 in all time segments included
in the overall time interval. Simultaneously, an exception is established: if a
topic’s relative discussion intensity is 0 occasionally, the topic should still be
considered as having continuity characteristics. Relatively, topic non-continuity
refers to topics being discussed briefly or frequently intermittently in the time
interval, i.e., the topic’s relative discussion intensity is greater than 0 only in
some time segments, while being 0 in other time segments, and the situation
where relative discussion intensity is 0 is non-occasional.

4 Informal Information Exchange Topic Cluster Identifica-
tion Based on Semantic Association Filtering
A topic cluster composed of several semantically similar topics reflects social me-
dia users’ expression of various yet implicitly related perspectives on a certain
matter. Analyzing the composition structure, running process, and dominant
topics of topic clusters can comprehensively reveal users’ discussion style char-
acteristics. Among them, the running state presented within the topic cluster
can reveal the changing process of the topic cluster being stable and continu-
ous, expanding and enriching, or converging and declining; the dominant topics
determined by combining the continuity and relative discussion intensity com-
parison of various topics within the cluster can reflect users’ discussion charac-
teristics of being rich and diverse or focused and in-depth in posts. Therefore,
to effectively extract topic clusters in informal information exchange, this paper
first analyzes the applicability of commonly used topic similarity calculation
methods, then designs association filtering conditions to determine candidate
similar topic pairs, and finally discusses the complete topic cluster composition
conditions.

4.1 Topic Similarity Calculation

To measure similarity between topics, it is necessary to first calculate the TF-
IDF-based topic word set representing the core content of each topic, map it
to the semantic space to obtain corresponding topic vectors for calculation.
The main indicators include cosine similarity, KL divergence, symmetric KL
divergence, JS divergence, etc.

Among them, the cosine similarity calculation method uses the cosine value of
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the angle between topic vectors to measure their similarity, requiring both topics
to be in the same semantic vector space. The cosine similarity between topic 𝑇𝑖
and topic 𝑇𝑗, usually denoted as Sim(𝑇𝑖, 𝑇𝑗), is calculated as follows:

Sim(𝑇𝑖, 𝑇𝑗) = 𝑇𝑖 ⋅ 𝑇𝑗
|𝑇𝑖| × |𝑇𝑗|

(Formula 2)

The larger the cosine similarity Sim(𝑇𝑖, 𝑇𝑗) value, the greater the similarity
between topics. If two topics come from different vector spaces, KL divergence,
symmetric KL divergence, JS divergence, etc., are usually chosen to measure
similarity based on the distance of topic probability distributions, with the
premise of having probability distributions of the same dimension. Assuming 𝑝
is the probability distribution of topic 𝑇𝑖 and 𝑞 is the probability distribution
of topic 𝑇𝑗, the probability distribution dimensions in 𝑝 and 𝑞, i.e., the total
vocabulary size, must both be 𝑛. If the vocabulary spaces of topics 𝑇𝑖 and 𝑇𝑗
are not the same, the source word lists of the topic probability distributions
need to be merged and supplemented to ensure the same dimension number
and vocabulary items in the topic probability distributions. The smaller the
results obtained by these three calculation methods, the smaller the difference
in probability distribution between topics, and the greater the similarity between
the two topics.

4.2 Similar Topic Pair Selection

Based on similarity calculation results, determining similarity relationships be-
tween topics also requires setting corresponding filtering rules and thresholds to
filter out topic pairs with low similarity and retain truly similar topic pairs to
constitute candidate similar topic pairs.

The simplest and most direct method is to select several pairs of topics with
relatively large similarity, calculate their similarity average value, and set it
as the determination threshold for similar topic pairs. Obviously, this method
is greatly influenced by subjectivity and has strong randomness. If the simi-
larity between each topic and other topics is sorted in descending order, and
assuming that for 𝑇𝑖, the topic with the maximum similarity is 𝑇𝑗, then it is
considered that there is a topic association between 𝑇𝑖 and 𝑇𝑗. However, this
may lead to weak actual associations between topics because the association is
purely based on maximum similarity determination and construction. There-
fore, an improved association filtering method is needed, recording the semantic
similarity calculation result between topic 𝑇𝑖 and topic 𝑇𝑗 as 𝑆(𝑇𝑖, 𝑇𝑗):

(1) Set a critical threshold 𝜀; topic pairs with similarity less than this threshold
have no similarity association;

(2) For topic 𝑇𝑖, if it has similarity associations greater than the critical thresh-
old with both topic 𝑇𝑗 and topic 𝑇𝑚, and if the similarity 𝑆(𝑇𝑖, 𝑇𝑚) <
𝜃 × 𝑆(𝑇𝑖, 𝑇𝑗), where 𝜃 is the set association threshold, then topic 𝑇𝑖 has
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a stronger similarity association with topic 𝑇𝑗, and comparatively, the
similarity association between topic 𝑇𝑖 and topic 𝑇𝑚 is too small to be
considered.

After the above filtering processing, the set composed of several topic pairs with
similarity associations can be regarded as a topic subset, i.e., 𝑇𝑖, 𝑇𝑗 ∈ 𝑇 𝐶.

4.3 Topic Cluster Extraction Conditions

The similar topic pairs after association filtering form several topic subsets based
on their similarity relationships. Topic subsets need further pruning through
judgment conditions to ensure that topics within the cluster have tight similarity
relationships before the final topic cluster extraction results can be determined.
The following three judgment conditions can be considered to determine whether
a topic subset constitutes a complete topic cluster:

(1) For topics constituting a topic cluster, there must be similarity associa-
tions between every pair;

(2) For topics constituting a topic cluster, each topic only needs to have sim-
ilarity associations with at least one other topic within the cluster;

(3) The number of similarity relationships among topics constituting a topic
cluster needs to be discussed based on the number of topics contained
in the cluster. If a topic cluster contains more than three topics, each
topic needs to have similarity associations with at least three other topics
within the cluster; if a topic cluster contains three or fewer topics, each
topic needs to have pairwise similarity associations with other topics in
the cluster.

Among them, the first two limiting conditions may lead to topic clusters that
are too small or too large due to being overly strict or lenient. Comparatively,
the third judgment condition is more appropriate. Therefore, this paper selects
the third judgment condition to prune the obtained topic subsets to determine
topic clusters.

5 Empirical Analysis
5.1 Data Collection and Preprocessing

Posts by high-influence users on social media attract more attention from follow-
ers and ordinary users. Opinion groups composed of high-influence users trigger
exponential growth in topic attention through responsive posting and repeated
exposure, thereby influencing the development direction of online public opinion
and even real-world events. Therefore, analyzing the topic and topic cluster evo-
lution processes of UGC from opinion groups composed of high-influence users
and measuring topic continuity can reveal the characteristics and changes of
opinion groups in discussion content and style, providing references for effective
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communication strategies in emergency response and network public opinion
management.

This study first constructs a user influence evaluation index system by reviewing
existing research on social media user influence measurement indicators [33-35],
uses the analytic hierarchy process to determine index weights, and respectively
identifies high-influence users participating in the discussion of the social fo-
cus event “Jiang Ge Case” on Sina Weibo and Zhihu platforms to form opinion
group samples for the social media platforms. Posts from the two opinion groups
over 37 months are collected as data sources for this empirical analysis. Subse-
quently, the post data is cleaned, obtaining 124,556 valid posts from the Sina
Weibo opinion group and 2,833 valid posts from the Zhihu opinion group. Af-
ter preprocessing such as word segmentation and stop word removal, the word
vector representation function of Baidu AI is called and combined with TF-IDF
calculation to screen feature words for each post to form text vectors. The op-
timal topic number K value is determined by calculating the sum of squared
errors and silhouette coefficient using Python’s Scikit-learn functions. K-means
clustering yields 70 topics for the Sina Weibo opinion group and 35 topics for
the Zhihu opinion group. Finally, the TF-IDF values of keywords in each topic
cluster are calculated, and the top 10 words in descending order are used as
topic words to describe topic content. Topic labels are determined by refer-
encing Sina Weibo, Zhihu, public opinion websites such as Qingbo Index and
Zhiwei Shijian, and news websites such as People’s Daily Online and Sina News
to facilitate subsequent analysis and expression.

5.2 Informal Information Exchange Topic Evolution Analysis

First, based on the temporal distribution characteristics of the experimental
data from Zhihu and Sina Weibo platforms, appropriate time segment division
units are selected respectively. Then, according to the topic relative discussion
intensity calculation formula (Formula 1), the relative discussion intensity of
each topic in each time segment is calculated. Finally, based on topic relative
discussion intensity, the running status and continuity of user discussion topics
on Sina Weibo and Zhihu platforms within the selected experimental time span
are analyzed.

For online topic discussions, topics discussed by multiple users are usually more
active and have wider dissemination than topics discussed by only a few users.
Therefore, among the two influence factors 𝛼 and 𝛽 in the topic relative discus-
sion intensity calculation formula (Formula 1), the participant user indicator
obviously has greater influence on topic relative discussion intensity than the
related post indicator. Meanwhile, referencing relevant settings in existing re-
search [29], 𝛼 = 0.6 and 𝛽 = 0.4 are set. Additionally, “occasional” topic relative
discussion intensity of 0 is defined as occurring once, i.e., if a topic’s relative
discussion intensity is 0 in only one time segment, it is still considered to have
continuity.
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(1) Topic Evolution Analysis on Sina Weibo. Posts on Sina Weibo are
relatively frequent, so this paper considers time segment division units of both
day and week. If using day as the time segment unit, according to the criteria
established in this paper, none of the Sina Weibo opinion group topics have con-
tinuity characteristics, and there are many missing time segments. Therefore,
this paper selects week as the time segment unit for topic evolution analysis of
the Sina Weibo opinion group. The overall time interval of 37 months is divided
into 161 time segments, denoted as “TS+number” hereafter. After statistical
substitution of indicator parameters into the relative discussion intensity calcu-
lation formula (Formula 1), the relative discussion intensity of each topic in each
time segment on Sina Weibo is obtained. Taking Topic2, Topic36, and Topic47
as examples, the topic running process is plotted as shown in Figure 1 [Figure
1: see original paper].

It can be seen from Figure 1 that Topic36, mainly focused on opinion commen-
tary, has relatively high relative discussion intensity throughout the entire time
interval, showing obvious continuity characteristics, reflecting the Sina Weibo
opinion group’s persistent and strong desire to express personal viewpoints.
The relative discussion intensity of Topic2 and Topic47 is generally low, with
topic silence appearing in several time segments where the relative discussion
intensity is non-occasionally 0, showing no continuity characteristics. Among
them, Topic2 revolves around holiday red envelopes, with prominent periodic
topic regression; Topic47 is mainly related to Fang Zhouzi and Peng Jian’s fraud
security fund case. As a public opinion event dominated and promoted by high-
influence users to attract other netizens’ attention, its relative discussion inten-
sity distribution shows a relatively complete life cycle process. That is, posts
related to Topic47 begin with exposing relevant information (TS4), followed
by continuous disclosure of relevant information and extended discussions as
the event progresses; the topic discussion reaches its climax during TS30-TS39
and TS49-TS65, with relatively large relative discussion intensity and relatively
continuous time segments; afterward, posts on this topic show frequent silence
and regression states, indicating that related discussions have entered a decline
period; finally, after TS132 and beyond, it enters a silence state until related
discussions completely end and the topic terminates.

(2) Topic Evolution Analysis on Zhihu Platform. Based on the char-
acteristics of post time intervals on the Zhihu platform, this paper considers
time segment division units of both week and month. If using week as the time
segment unit, due to the relatively sparse temporal distribution of Zhihu user
posts, none of the Zhihu opinion group topics have continuity characteristics.
Therefore, division by month is adopted, totaling 37 time segments, denoted
as “TS+number”. Relevant parameter values are statistically substituted into
Formula 1 to calculate the relative discussion intensity of Zhihu opinion group
topics in each time segment. Taking Topic1, Topic7, Topic16, and Topic17 as
examples, the topic running process is plotted as shown in Figure 2 [Figure 2:
see original paper].
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It can be seen from Figure 2 that Topic7 has relative discussion intensity greater
than 0 in all time segments after initiation, showing obvious continuity charac-
teristics, and is more heavily weighted in opinion group posts compared to the
other three topics, reflecting the characteristic of Zhihu opinion groups conduct-
ing professional interpretations from a legal perspective and continuing this
preference into discussions of social focus events. Since its initiation, Topic16,
except for the occasional 0 relative discussion intensity in TS25, has been dis-
cussed by the opinion group in all other time segments, also showing continuity
characteristics, indicating that encouraged by Zhihu platform’s encouragement
for detailed content analysis, the opinion group combines sudden social focus
events with personal long-term interests (such as literary works) to express their
own viewpoints. Additionally, the opinion group began posting to participate
in discussions related to social livelihood topics (Topic17) from TS18. Although
there was brief silence in the initial stage (TS19 and TS20), the relative dis-
cussion intensity in subsequent time segments is relatively stable, showing that
this opinion group has gradually developed a bias toward participating in social
event discussions. Furthermore, the silence state of Topic1 in multiple time seg-
ments and the frequent alternation between silence and regression after TS18
both show that movie entertainment and other unrelated topics are not the
collective preferences shared by opinion groups formed based on social focus
event discussions. Such topics only represent the interests of individual mem-
bers and usually do not involve metaphorical expressions associated with event
information.

According to the criteria established in this paper, a total of 6 topics in Sina
Weibo opinion group posts have continuity characteristics, with corresponding
topic content reflecting the platform’s opinion groups formed through social
focus event discussions having a bias toward social event, social celebrity dy-
namics, and visit-related social topics, as well as participation preferences for
authoritative government information release, viewpoints, and emotional ex-
change topics. On Zhihu, a total of 3 topics have continuity characteristics,
revealing that the platform’s opinion groups participate in social focus event
discussions based on daily attention to overseas study and other event-related
content topics, and interpret them by combining professional expertise such as
law and interests such as literature when expressing opinions.

5.3 Informal Information Exchange Topic Cluster Evolution Analysis

In topic similarity calculation, since topic vectors in this study come from the
same semantic space, cosine similarity is used to measure topic similarity. In
association filtering, the critical threshold 𝜀 is set to 0.2-0.4 referencing existing
research; the association threshold 𝜃 is typically set between 0.5-0.7 in related
research [36]. This experiment calculates the number of candidate similar topic
pairs extracted under three value schemes of 𝜃 = 0.7, 𝜃 = 0.65, and 𝜃 = 0.6
in both Sina Weibo and Zhihu. Based on the number and scale of extractable
candidate topic clusters, 𝜃 = 0.65 is determined for Sina Weibo and 𝜃 = 0.7
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for Zhihu, obtaining 48 similar topic pairs in Sina Weibo opinion group posts
and 41 similar topic pairs in Zhihu. The topic similarity relationship network is
plotted using the visualization tool Gephi, as shown in Figure 3 [Figure 3: see
original paper].

It can be seen from Figure 3 that in the Sina Weibo opinion group topic similar-
ity relationship, there is an obvious similarity relationship between Topic3 and
Topic42, and both have strong similarity with Topic66, while the similarity rela-
tionships among other topics are weak and complexly intertwined. In the Zhihu
opinion group topic similarity relationship, there is obvious semantic similarity
between Topic2 and Topic22, and between Topic3 and Topic26, Topic10 and
Topic25, Topic11 and Topic25, each naturally forming several relatively obvious
topic subsets.

(1) Topic Cluster Evolution Analysis on Sina Weibo. According to the
topic cluster extraction conditions discussed in Section 4.3, this paper extracts
a total of 14 topic clusters from the 70 posting topics of the Sina Weibo opinion
group, among which only 1 topic cluster is composed of more than 3 similar
topics, 5 topic clusters are respectively composed of 3 similar topics, and 8
topic clusters are respectively composed of 2 similar topics. The different topics
constituting topic clusters reflect the opinion group’s analysis, interpretation,
and opinion expression on the same issue from different perspectives, revealing
the implicit associations established between different topics in the subjective
cognition contained in UGC, which helps to understand the entry points of
opinion group posting discussions more richly and deeply. For example, Topic
Cluster 1 contains 9 topics covering social, life, government affairs, current af-
fairs, emergencies, and other topics, showing that the Sina Weibo opinion group
pays attention to multiple aspects closely related to people’s daily life and in-
terests; the 3 topics constituting Topic Cluster 2 mainly involve government
affairs and current affairs content, reflecting that the Sina Weibo opinion group
extends discussions on domestic urban construction and management, interna-
tional exchanges and cooperation, etc., from their attention to government work
dynamics. Taking Topic Cluster 2 as an example, the changes in relative discus-
sion intensity of topics in each time segment are plotted as shown in Figure 4
[Figure 4: see original paper] to analyze the relationships among topics within
the topic cluster running process.

Due to the large number of time segments in Sina Weibo and the frequent
changes in discussion intensity of topics within this topic cluster, the scatter
lines in Figure 4 are complexly intertwined, so various running states are not
labeled in the figure. It can be seen that Topic15 and Topic31 show continua-
tion states in most time segments, and based on changes in relative discussion
intensity values, the two topics alternately occupy the discussion focus of the
opinion group within this topic cluster; Topic23 gradually declines after a pe-
riod of frequent posting (TS1 to TS32), with topic running frequently switching
between silence and regression states. After analyzing the running processes
and dominant topics of all Sina Weibo topic clusters, it can be found that the
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vast majority of topic clusters have running states similar to Topic Cluster 2
shown in Figure 4, where multiple active topics alternately dominate the dis-
cussion within the topic cluster, revealing the rich and diverse characteristics of
Sina Weibo topic cluster evolution. Additionally, a few topic clusters containing
only 2 topics show running states where one topic occupies the vast majority
of discussions, i.e., Topic Clusters 11, 12, and 14, whose running processes are
similar to those shown in Figure 1 in Section 5.2.

(2) Topic Cluster Evolution Analysis on Zhihu Platform. According
to the same topic cluster extraction conditions, a total of 11 topic clusters are
extracted from the 35 posting topics of the Zhihu opinion group, among which
4 topic clusters are respectively composed of more than 3 similar topics, and
the remaining 7 topic clusters are respectively composed of 2 similar topics.
The different topics constituting topic clusters also reflect the Zhihu opinion
group’s interpretation and expression characteristics of analyzing the same is-
sue from different perspectives. However, compared with the relatively rich
content coverage of Sina Weibo opinion group posting topic clusters showing
horizontal association characteristics, the topic clusters extracted from Zhihu
opinion group posts are relatively focused in content coverage, showing vertical
depth characteristics. Taking topic clusters containing more than 3 topics as
examples, Topic Cluster 1 mainly covers film and entertainment content, Topic
Cluster 2 focuses on legal professional content, Topic Cluster 3 focuses on com-
petitive sports content, and Topic Cluster 4 emphasizes social life content. Some
of these contents are related to the analytical perspectives chosen by opinion
groups when participating in social focus event discussions, while other contents
reveal that opinion groups have relatively broad and sustained interests. Taking
Topic Cluster 1 as an example, the changes in relative discussion intensity of
each topic are plotted as shown in Figure 5 [Figure 5: see original paper].

It can be seen from Figure 5 that in the early stage (TS1 to TS17), the dis-
cussion mainly focused on Topic16, occasionally touching on other topics, with
relatively single overall content; in the later stage (after TS17), posts on differ-
ent topics increased, making the discussion content in this topic cluster richer.
This characteristic of topic cluster content gradually expanding and enriching
over time is relatively common in Zhihu opinion group posting data. In the spe-
cific running process, Topic16 not only has continuity characteristics but also
occupies the hot discussion position in the described topic cluster in most time
segments. In the running processes of other topics, there exist either long or
short silence periods or frequent switching between silence and regression. Al-
though Topic24 and Topic29 show fluctuations around a relatively high level of
relative discussion intensity after TS17, and occupy the hot position in Topic
Cluster 1 in individual time segments, Topic16 remains the core topic in Topic
Cluster 1 in most cases.
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6 Conclusion and Outlook
This paper introduces conversation analysis theory to reveal the evolution char-
acteristics and patterns of informal information exchange at micro and meso lev-
els by analyzing the running processes of topics and topic clusters, and proposes
exploration of topic continuity as a measurement standard for evolution analy-
sis. In the empirical analysis, taking opinion groups composed of high-influence
users in social focus events as examples, the running processes of topics and topic
clusters on Sina Weibo and Zhihu are analyzed to reveal the bias characteris-
tics and changing trends of opinion groups in topic discussion content and style
in informal information exchange, aiming to provide references for developing
effective communication strategies in network public opinion management.

The analysis finds that topic continuity reflects the obvious bias of opinion
groups on the topic content and indicates the main entry points of opinion
groups’ viewpoints in social focus event discussions. Meanwhile, the obvious
differences between Sina Weibo and Zhihu opinion groups in topics with con-
tinuity characteristics reveal the differences in UGC content between the two
social media platforms regarding event-related and daily states of high-influence
users in social focus event discussions, indicating their different roles in infor-
mal information exchange in the online environment. The relationship network
formed by candidate similar topic pairs shows the characteristics of complex
content interweaving and blurred boundaries in Sina Weibo, and clear content
similarity differences and clear boundaries in Zhihu, which originate from multi-
ple factors such as UGC posting characteristics and topic identification methods
on the two platforms. Under these circumstances, the method of using similarity
relationship quantity determination in topic cluster extraction conditions helps
accurate determination of complete topic clusters. Meanwhile, topic cluster
running process analysis demonstrates that Sina Weibo opinion groups diverge
and explore different topics within a certain range, while Zhihu opinion groups
always focus on core topics.

This study still has certain limitations and shortcomings, which can be improved
in future research from the following two aspects: First, explore topic continu-
ity from the perspective of intermittent continuation and compare it with the
coherent continuation in this study to further enrich research on topic evolu-
tion measurement standards; second, compare and analyze the similarities and
differences between event-related and conventional state UGC content from the
perspective of topic and topic cluster evolution running, combined with evalua-
tion objects and emotional tendencies, to enrich the analysis levels of cognitive
consistency and dissonance research in emergency stimulus contexts. Addition-
ally, expansion can be made from the perspective of mining the correlation of
users’ opinion expression changes in cross-platform UGC to deepen understand-
ing of users’ opinion expression in informal information exchange in the online
environment.
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