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Abstract
[Purpose/Significance] Accurately grasping user interest tendencies in social net-
works, classifying users, and forming highly aggregated user groups is of great
significance for research on social network information ecology and information
recommendation.

[Method/Process] By constructing a hierarchical model for user attribute de-
scription based on multiple dimensions, crawling user sample data from Sina
Weibo according to the model’s data requirements, quantifying second-order
variables under the multi-dimensional attributes of relevant user background
information, user post information, and user behavior information, construct-
ing user vector expressions, comparing user classification effects between single-
dimensional and multi-dimensional scenarios, further performing weighted anal-
ysis by assigning different weight values to attributes, conducting variance anal-
ysis after obtaining optimal clustering results, and improving the model.

[Results/Conclusion] User clustering effects based on weighted multi-
dimensional attributes are significantly higher than those under single-
dimensional and multi-dimensional non-weighted conditions, and the user post
content dimension has the greatest effectiveness in improving user clustering
results.
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Abstract: [Purpose/Significance] Accurately grasping
the interest tendencies of social network users, classi-
fying users, and forming highly aggregated user groups
is of great significance for studying social network in-
formation ecology and information recommendation.
[Method/Process] By constructing a hierarchical model
for describing user attributes based on multiple dimen-
sions, sample user data were crawled from Sina Weibo
according to the model’s data requirements. Second-order
variables under multi-dimensional attributes related to
user background information, user blog information, and
user behavior information were quantified to construct
user vector expressions. The classification effects under
single-dimensional and multi-dimensional conditions were
compared, and further weighted analysis was conducted by
assigning different weights to attributes. After achieving
optimal clustering results, variance analysis was performed
to improve the model. [Result/Conclusion] User clus-
tering based on multi-dimensional attribute weighting is
significantly more effective than user clustering under
single-dimensional and multi-dimensional non-weighted
conditions, and the user blog content dimension con-
tributes most to improving the validity of user clustering
effectiveness.
Classification Number: G250
Keywords: Microblog, Multi-dimensional, User Clustering, Weighted Analysis
DOI: 10.13266/j.issn.0252-3116.2018.24.016

Introduction
In recent years, social media riding the wave of rapidly developing internet tech-
nology has become increasingly pervasive, breaking traditional social patterns.
Social networks based on internet technology are more complex than traditional
social networks and offer more research opportunities. In-depth research not
only promotes related social network studies but also provides guidance for the
further development of social media platforms. According to data from the 41st
“Statistical Report on Internet Development in China” released by the China
Internet Network Information Center (CNNIC), as of December 2017, China’s
internet user population reached 772 million, with an internet penetration rate
of 55.8%; mobile internet users reached 753 million, accounting for 97.5% of the
total, with mobile internet permeating every aspect of people’s lives. As a social
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media platform, Weibo’s user adoption rate continued to grow in 2017, reaching
40.9%. Sina Weibo’s Q3 2017 financial report shows that as of September 2017,
monthly active users totaled 376 million, a 27% year-over-year increase, with
mobile users accounting for 92%; daily active users reached 165 million, a 25%
year-over-year increase. Clearly, Weibo dominates the social media landscape
with significant influence.

On Weibo, users can pre-assign tags to themselves, fill in personal information
such as education and birth date, and provide background information. They
can also create original posts, repost content, and generate behavioral traces
through activities like following other users, reposting, commenting, and liking.
This information and information behavior reflect users’ interest tendencies.
Mastering these interest tendencies enables the creation of corresponding infor-
mation recommendation models to improve user benefits from Weibo and allows
the platform to conduct more targeted information push and marketing. Mining
user interests and clustering users with similar interests can not only reduce the
complexity of social network research but also better guide the development of
personalized information recommendation services.

2 Literature Review and Research Approach
2.1 Literature Review

Social media originated abroad, with platforms like Twitter and Instagram
emerging before Sina Weibo, making foreign research on social networks ear-
lier than domestic research. In recent years, as social media user numbers
have surged, domestic scholars have conducted increasingly numerous and in-
depth studies on social media information dissemination mechanisms, user clas-
sification, and community detection. User classification has become a research
hotspot in both computer science and library and information science. Com-
puter science focuses on clustering algorithm research and improvement, while
library and information science emphasizes personalized information recommen-
dation through user clustering to improve information utilization efficiency. The
library and information field has conducted considerable research on user cluster-
ing from single dimensions such as content, user behavior, and user background
information, but few studies have approached this from a multi-dimensional
perspective.

Some studies have examined social media user classification from a behavioral
perspective, primarily investigating which behavioral features most effectively
contribute to user clustering and how to optimize clustering algorithms. For ex-
ample, M.C. Alarcón-del-Amo et al. [1] classified social networking site users into
four categories—“introvert,” “expert communicator,” “versatile,” and “novel”—
based on usage frequency, experience, and interaction patterns, and summarized
the behavioral characteristics of these four user types. Zhang Lin et al. [2] con-
ducted clustering analysis of Weibo users based on four characteristic variables
reflecting user information behavior: follower count, following count, number
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of posts, and favorite count, and analyzed the features and influence of each
category.

Some scholars have approached user classification from the content dimension,
establishing information associations between users and content. For instance, J.
Hannon et al. [3] calculated content-based correlations between users, analyzed
and mined interest similarities, clustered users with high similarity, and pro-
vided personalized information recommendations for different categories. D.M.
Blei et al. [4] studied the LDA model, extracting topics from user-published
content to model document classes and form thematic documents. Each docu-
ment’s topics were given probabilistically and estimated via likelihood to obtain
similarity between user documents, achieving association between documents
and users, and then conducted topic clustering or text clustering based on topic
distribution to cluster users. L.J. Hong et al. [5] constructed a new content-
based user clustering model using a method that merged two topics with the
LDA model. M. Efron [6] designed a method to analyze microblog content from
multiple perspectives, modeling user information. Content-based user cluster-
ing focuses on textual similarity in what users express or are interested in, using
this textual similarity as user similarity, with the main concern being how to
model more accurate mapping between content and users.

Beyond these two dimensions, some scholars have analyzed the impact of user
background information on user interests and behavioral performance. For ex-
ample, Xu Zhiming et al. [7] considered user background information in user
similarity measurement, with empirical results showing that user background
information has significant influence on user similarity measurement. However,
research on user clustering based on user behavior or information needs often
overlooks the impact of background information on user clustering analysis.

2.2 Research Approach Design

In recent years, most research on community user clustering analysis has been
based on single dimensions of user-published content or user behavior [8]. How-
ever, literature review combined with real-world analysis reveals that factors
influencing user interests are often multifaceted, related to user background
information, user blog content, and user information behavior. The impor-
tance of these three dimensions in expressing user interests should be consid-
ered simultaneously in the user clustering process [9]. The research approach
of this paper is shown in Figure 1 [Figure 1: see original paper], attempting to
consider user background information, user blog information, and user behav-
ior information from three dimensions, quantify second-order variables under
these multi-dimensional attributes through data collection and processing, ob-
tain single-dimensional optimal user clustering, multi-dimensional optimal user
clustering, and weighted optimal user clustering, and conduct comparative anal-
ysis of clustering effects. The specific clustering approach is: first, subdivide
the attributes of these three dimensions to obtain second-order variables affect-
ing them, thereby constructing a multi-dimensional user attribute description
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model; second, obtain user data for relevant dimensions according to this model,
process the data to obtain user vectors, measure user similarity using vector sim-
ilarity, set thresholds, and classify users with interest-based similarity greater
than the set value into one category, where this similarity is related to user
background information, user behavior, and user blog content; third, since the
three dimensions may not contribute equally to user interest expression, conduct
weighted analysis according to their impact strength on the user description
model to explore which weighting conditions yield the best clustering results;
finally, use variance analysis to determine which factors among the second-order
variables have minimal impact on user description, appropriately remove them,
and revise the user description model to achieve better clustering results. How
to fully utilize user background information, user blog information, and user
information behavior for scientific analysis, how to quantify this information,
how to allocate weights to achieve optimal clustering results, and how to achieve
precise user positioning for interest mining, information recommendation, and
precise operation are the key considerations of this paper.

By referring to relevant literature [10-11], this paper proposes a user description
model based on three dimensions: user background information, blog content in-
formation, and user behavior information. The multi-dimensional user attribute
description model is shown in Figure 2 [Figure 2: see original paper].

3 Data Acquisition and Processing
3.1 Microblog Data Crawling

Clustering analysis of Weibo users should first determine which characteristic
variables can effectively reflect differences between users as the basis for clas-
sification, and how to quantify these features [12]. Weibo users’ original char-
acteristic attributes include follower count, following count, mutual follower
count, personal description, favorite count, verification status, gender, registra-
tion time, repost count, topic count, URL count, date of first post, platform
count, etc. Many related studies lack goal orientation in data acquisition, re-
taining data of little significance for subsequent research, resulting in significant
data redundancy. This paper, based on the multi-dimensional user attribute
model presented earlier (see Figure 2), subdivides the characteristic variables of
underlying attributes. Drawing on previous research, the data requirements for
second-order variables were obtained, as shown in Table 1 :

Table 1 Microblog User Second-Order Attribute Data Requirements

Dimension Second-Order Variable Data Processing Method
User
Background
Information

U1 User Gender (Boolean:
1 for male, 0 for female)

Boolean encoding
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Dimension Second-Order Variable Data Processing Method
U2 Weibo Verification
(Boolean: 1 for verified, 0
for unverified)

Boolean encoding

U3 Region (Boolean: 1 for
developed city, 0 for
underdeveloped city)

Boolean encoding

U4 Education Information
(Boolean: 1 has education
info, 0 no education info)

Boolean encoding

U5 Occupation Information
(Boolean: 1 has occupation
info, 0 no occupation info)

Boolean encoding

Blog Content
Information

I1 Tags (Keyword
extraction)

Keyword extraction

I2 Introduction (Keyword
extraction)

Keyword extraction

I3 All Blog Content (Word
segmentation and
frequency statistics)

Word frequency analysis

I4 Liked Blog Content
(Word segmentation and
frequency statistics)

Word frequency analysis

User Behavior
Information

A1 Number of Posts
(Boolean: 1 above average,
0 below average)

Boolean encoding

A2 Following Count
(Boolean: 1 above average,
0 below average)

Boolean encoding

A3 Follower Count
(Boolean: 1 above average,
0 below average)

Boolean encoding

A4 Repost Count
(Boolean: 1 above average,
0 below average)

Boolean encoding

A5 Like Count (Boolean: 1
above average, 0 below
average)

Boolean encoding

Note: The content in parentheses describes data processing methods, detailed in
the data processing section below.

The relevant data used in this study were collected using the Octoparse data
collection software. The Weibo homepage categorizes user interests into 20 cat-
egories: fashion, travel, humor, emotions, science, anime, food, sports, movies,
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TV series, horoscope, music, fitness, military, digital, history, photography, cute
pets, games, and beauty. To form experimental control groups, these 20 cat-
egories were retained. Based on these 20 categories, the “Find People” portal
was used to input corresponding categories, and 120 users’ relevant data were
crawled for each category according to Table 1 (selected in ranking order). After
screening, the final user sample was obtained.

3.2 Data Processing

3.2.1 Data Cleaning The collected data of 120 Weibo users in each of the 20
categories underwent data cleaning, primarily to avoid adverse effects from data
sparsity and cold-start problems on subsequent data analysis and user clustering
effectiveness. During data cleaning, it was necessary to delete user samples with
NULL values in data items such as introduction, profile, and tags, as well as
corresponding items with no practical meaning in introduction or profile content
(e.g., “Work contact: XXXXXX,” “Heart like still water”). Additionally, consid-
ering that institution-certified Weibo users represent organizations rather than
individuals in their various activities on the platform, with strong specificity but
weak research viability, institution-certified Weibo users were removed. More-
over, since the subsequent step involved crawling each user’s most recent 20
posts for text analysis, users with fewer than 20 posts were also removed. From
the remaining samples, a sample size of 20$×$50 was randomly selected as the
final user sample.

3.2.2 Text Information Quantification Based on Cloud Model User
classification based onWeibo content information typically involves constructing
a user-text correspondence model, such as LDA or three-layer Bayesian models,
calculating structured text similarity to measure user similarity for clustering.
However, considering the incompatibility between text description models and
multi-dimensional user attribute description models, this study adopts the cloud
model to quantitatively represent qualitative user blog information [13].

User nodes are treated as cloud droplets in the cloud model, and the original 20
categories are treated as 20 rating items for user scoring. User Weibo content
information is processed using the bag-of-words model, ignoring text grammar
and word order, treating it merely as a collection of words where each word’s
occurrence is independent. The IK-Analyzer segmentation tool is used for word
segmentation and frequency statistics on microblog text. Projects are scored
based on word frequency to obtain a user rating table (sample shown in Figure
3 [Figure 3: see original paper]). The username column contains the target
user’s Weibo account name. In the user rating table, the set of rated items
for the target user, S1, is counted. S1 is the set of all items, and the user’s
unrated items S2 = S - S1, where S is the set of all items. Based on the user
rating table, a user-item matrix can be obtained, from which similarity between
user i and user j, Sim(i,j), is calculated. This is the data processing method for
the single dimension of user blog content information. When considering the
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simultaneous effect of three dimensions—user background information, user blog
information, and user behavior—this user-item matrix has strong portability.
For user clustering, it is only necessary to add the second-order variables of
user behavior information and user background information as new items to
the project rating table, simplifying the operation and directly constructing the
user-item matrix to calculate user similarity through the same operation for
subsequent clustering.

3.2.3 Data Standardization The benefit of data standardization is that it
can improve precision and is particularly effective for user similarity measure-
ment algorithms based on distance calculation. Standardization allows each
feature variable to contribute equally to the results. In the multi-dimensional
description model, due to the different nature of each dimension, they typi-
cally have different units and orders of magnitude. When the levels between
dimensions differ greatly, direct analysis using raw indicators will highlight the
role of indicators with higher values in comprehensive analysis while relatively
weakening the role of indicators with lower values. Therefore, to ensure result re-
liability, raw indicator data must be standardized. This study first considers the
binarization of data based on user behavior and user background information,
with specific processing methods given in Table 1 .

4 Data Analysis and Discussion
4.1 Single-Dimension User Clustering Visualization Analysis

This clustering used Tableau 10.5 software to analyze user behavior data, user
profile data, and blog content data separately, then conducted non-weighted
analysis on these three dimensions simultaneously to obtain different clustering
results. A longitudinal comparative analysis of clustering effects under these four
conditions was performed, and a horizontal comparative analysis was conducted
against the original 20 categories. For convenience in horizontal comparison, the
original category (keyword) was selected as the horizontal axis and the clustered
group as the vertical axis during clustering visualization [14].

Tableau 10.5 uses the k-means algorithm for clustering. For a given number
of clusters k, the algorithm divides data into k classes. Each class has a cen-
ter (centroid), which is the average of all points in that class. Centers are
found through a K-means iterative process that minimizes the distance between
points in a class and the class center. Tableau uses the Lloyd algorithm com-
bined with squared Euclidean distance to calculate k-means clustering for each
k. Combined with a splitting process to determine initial centers for each k
> 1, the generated clusters are deterministic, with results depending only on
the clustering. The Calinski-Harabasz criterion was used to evaluate clustering
quality and determine the optimal number of clusters. The Calinski-Harabasz
criterion is defined as in Equation (1):
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(𝑁 − 𝑘)
(𝑘 − 1) × 𝑆𝑆𝐵

𝑆𝑆𝑊

where SSB is the total between-class variance, SSW is the total within-class
variance, k is the number of clusters, and N is the number of observations. A
larger ratio value indicates higher class cohesion (small within-cluster variance)
and greater class dispersion/separation (large between-cluster variance). When
determining the optimal number of clusters, the number corresponding to the
first local maximum Calinski-Harabasz index is selected.

First, clustering analysis was performed on user behavior data. When the num-
ber of classes was 5, optimal clustering results were achieved, with visualization
results shown in Figure 4 [Figure 4: see original paper].

In single-dimension user behavior clustering, users with the keyword “emo-
tions” were separately classified into one category, with inter-class attributes
showing high following count, high post count, high like count, low follower
count, and low repost count. Users with keywords “TV series,” “movies,”
“anime,” “horoscope,” “games,” and “music” were grouped into one category,
with inter-class attributes showing low following count, low post count, medium
like count, medium follower count, and medium repost count. Users with key-
words “anime,” “travel,” and “fashion” were grouped into one category, with
inter-class attributes showing medium following count, relatively low post count,
low like count, high follower count, and medium repost count. Users with key-
words “fitness,” “military,” “science,” “history,” “cute pets,” and “sports” were
grouped into one category, with inter-class attributes showing medium follow-
ing count, medium post count, high like count, medium follower count, and
high repost count. Users with keywords “beauty,” “food,” “photography,” and
“digital” were grouped into one category, with inter-class attributes showing
relatively high following count, medium post count, relatively low like count,
medium follower count, and medium repost count.

Under this dimension, the original 20 user categories were highly aggregated
into 5 categories with high inter-class distinction, but the impact of dimensional
attributes on total user attributes was relatively small. Clustering users from
only this single dimension is clearly highly inaccurate.

The single-dimension clustering results based on user background information
are shown in Figure 5 [Figure 5: see original paper], with optimal clustering
achieved when the number of classes was 4. Users with keywords “military,”
“food,” “emotions,” and “music” were grouped into one category, with inter-
class attributes showing unclear regional distribution, high proportion of veri-
fied users, balanced gender distribution, and high proportion of users provid-
ing education and occupation information. Users with keywords “TV series,”
“movies,” “anime,” “history,” “travel,” and “horoscope” were grouped into one
category, with inter-class attributes showing balanced regional distribution, high
proportion of verified users, balanced gender distribution, medium proportion of
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users providing education information but low proportion providing occupation
information. Users with keywords “funny,” “fitness,” “science,” “cute pets,”
“photography,” “digital,” and “games” were grouped into one category, with
inter-class attributes showing regional distribution 偏向 non-developed cities,
medium proportion of verified users, high male proportion, and low proportions
of users providing education and occupation information. Users with keywords
“beauty,” “fashion,” and “sports” were grouped into one category, with inter-
class attributes showing high proportion of developed city users, low proportion
of verified users, high female proportion, low proportion of users providing ed-
ucation information, and relatively low proportion providing occupation infor-
mation.

The clustering results clearly show that user classification based on single-
dimension user background information has some reference value, with higher
reliability than clustering based on single-dimension user behavior. For
example, females are more interested in beauty and fashion, males are more
interested in fitness, science, photography, digital, and games, and users
from developed cities have stronger privacy protection awareness and are less
willing to provide education and occupation information—all reflected in the
clustering results under this dimension. Inter-class distance is relatively large,
but the cohesion of user clustering based on single-dimension user background
information is insufficient. Using only this dimension for user classification
lacks guidance for Weibo content aggregation.

The single-dimension clustering results based on user blog information are shown
in Figure 6 [Figure 6: see original paper], with optimal clustering achieved when
the number of classes was 2. Users with keywords “funny,” “emotions,” and
“horoscope” were grouped into one category, with inter-class attributes showing
concentrated word frequency frequently appearing in the four sub-attributes I1
(tags), I2 (introduction), I3 (all blog content), and I4 (liked blog content), while
also showing high co-occurrence frequency with the three keywords “funny,”
“emotions,” and “horoscope.” The remaining users, excluding those with key-
words “funny,” “emotions,” and “horoscope,” were grouped into another cate-
gory, with inter-class attributes showing dispersed word frequency and low co-
occurrence frequency with the four sub-attributes, as well as low co-occurrence
frequency with the three keywords “funny,” “emotions,” and “horoscope.”

Under the single-dimension user blog information clustering, the optimal solu-
tion under non-weighted conditions clearly suffers from significant classification
errors due to double counting. The goal of clustering is to group users with high
blog content similarity, which is reflected in the tendencies shown by users lon-
gitudinally on first-order variables. However, without weighted analysis, when
users have values across multiple second-order variables, the operations per-
formed on each item in the user rating table are simply additive. For user
vectors, this operation method distorts vector similarity measurement. In prac-
tice, this manifests as: if a user’s tags, introduction, posts, and liked posts
repeatedly contain words related to the keyword “funny” (e.g., “joke,” “spoof,”
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“prank”) but rarely contain words related to other keywords, the current rat-
ing table operation naturally assigns high weight to this tendency. When a
user shows tendencies spanning two or more keywords across tags, introduction,
posts, and liked posts, the automatically assigned weight will definitely be lower
than in the former case. However, the former only indicates that the user’s blog
content tends toward the keyword “funny,” meaning such users may only be in-
terested in “funny” information, while users in the latter case may be interested
in both “funny” information and other types. This does not mean the latter
users’ interest level in “funny” information is lower than the former.

The data sources used for user clustering based on user background information
and user behavior information are highly standardized binary matrices. There-
fore, user blog information single-dimension data also requires standardization
to ensure the accuracy of subsequent comparative clustering analysis and the
usability of weighted analysis data.

The standardization of user blog information used the Z-score normalization
method built into SPSS software. Z-score standardizes original values X to
X’ based on the mean and standard deviation of the raw data. After data
standardization, the optimal clustering results for users based on standardized
blog information are shown in Figure 7 [Figure 7: see original paper].

For user clustering based on standardized blog information, optimal results were
achieved when the number of classes was 6. Figure 7 shows that within a certain
error range, user interest tendencies expressed in blog information often manifest
in multiple aspects. Users with keywords “funny,” “beauty,” “emotions,” and
“horoscope” were grouped into one category, with inter-class attributes showing
high similarity between introduction and liked content but low similarity be-
tween tags and posted content. Users with keywords “anime,” “science,” “cute
pets,” “digital,” “music,” and “games” were grouped into one category, with
inter-class attributes showing high similarity in user tags and liked content but
low similarity in introduction and posted content. Users with keywords “TV
series” and “movies” were grouped into one category, with inter-class attributes
showing high similarity in introduction, tags, posted content, and liked con-
tent. Users with keywords “travel,” “food,” “photography,” and “fashion” were
grouped into one category, with inter-class attributes showing high similarity in
user tags, posted content, and liked content but low similarity in introduction.
Users with keywords “military” and “history” were grouped into one category,
with inter-class attributes showing low introduction similarity, medium posted
content similarity, and high similarity in tags and liked content. Users with key-
words “fitness” and “sports” were grouped into one category, with inter-class
attributes showing high similarity in posted content and liked content, medium
similarity in tags, and low similarity in introduction.

Standardized data significantly improved the effectiveness of the single-
dimension user clustering model based on user blog information. The clustering
results have high reference value. For example, users with keywords “movies”
and “TV series” were grouped into one category with high inter-class attribute
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similarity, reflecting that users interested in TV series often also show interest
in movie information.

4.2 Multi-Dimensional Attribute Weighted User Clustering Visual-
ization Analysis

4.2.1 Multi-Dimensional Non-Weighted User Clustering Visualization
Analysis After data standardization, a total user rating table based on the
cloud model was obtained. This table was imported into Tableau software for
user clustering analysis, yielding optimal user clustering results shown in Figure
8 [Figure 8: see original paper].

When the number of classes was 4, optimal user clustering was achieved. The
clustering summary diagnosis yielded a total between-group sum of squares of
9.1821 and a total within-group sum of squares of 8.2197. The between-group
sum of squares metric quantifies the distance between classes as the sum of
squared distances between each class center and the dataset center, with class
centers measured using weighted averages based on data points assigned to the
class. A larger between-group sum of squares indicates better separation be-
tween classes. The within-group sum of squares metric quantifies class cohesion
as the sum of squared distances between each class center and individual marks
within the class. A smaller within-group sum of squares indicates higher class
cohesion. Analysis shows that under multi-dimensional conditions, the cluster-
ing effect is still not optimal in the optimal case, with small between-group
distances and large within-group distances, and unclear category boundaries.
Although multi-dimensional user clustering more comprehensively considers the
impact of each dimension on user similarity measurement, it disperses the inten-
sity of user similarity performance across dimensions, resulting in suboptimal
clustering effects.

4.2.2 Multi-Dimensional Weighted User Clustering Visualization
Analysis Considering that the three dimensions may contribute unequally to
the user clustering process, different weights were assigned to each dimension
in the model. Since there are three dimensions and prior research on weight
allocation is lacking, weight allocation experiments were conducted simultane-
ously with weighted analysis. This paper used the common linear weighting
method to conduct weighting experiments on the three dimensions, with weight
allocations as follows:

Weighting 1: User Vector = (User * 0.25, Content * 0.5, Action * 0.75)
Weighting 2: User Vector = (User * 0.25, Content * 0.75, Action * 0.5)
Weighting 3: User Vector = (User * 0.5, Content * 0.25, Action * 0.75)
Weighting 4: User Vector = (User * 0.5, Content * 0.75, Action * 0.25)
Weighting 5: User Vector = (User * 0.75, Content * 0.5, Action * 0.25)
Weighting 6: User Vector = (User * 0.75, Content * 0.25, Action * 0.5)

The diagnostic data for optimal user clustering under different weightings are
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shown in Table 2 :

Table 2 Optimal User Clustering Effect Diagnosis Under Multi-
Dimensional Weighting

Diagnostic
Metric

Weighting
1

Weighting
2

Weighting
3

Weighting
4

Weighting
5

Weighting
6

Between-
Group Sum
of Squares

5.6279 10.799 9.8483 1.6438 8.156 6.4661

Within-
Group Sum
of Squares

15.06 5.6028 7.5535 18.5 10.132 10.936

Comparing the clustering effects of optimal user clustering under the six weight-
ing methods in Table 2, Weighting 4 yielded the best user clustering results.
That is, when the weight of user blog content is 1/2, user background infor-
mation weight is 1/3, and user behavior information weight is 1/4, with the
number of clusters being 14, optimal clustering effects were achieved. The clus-
tering visualization is shown in Figure 9 [Figure 9: see original paper].

Compared with user clustering effects based on single dimensions of user blog
content, user background information, and user behavior information, the
weighted user clustering has more explicit inter-class characteristic attributes.
For example, in optimal user clustering based on single-dimension user blog
content, users with keywords “funny,” “emotions,” “beauty,” and “horoscope”
were grouped into one category. However, under multi-dimensional weighted
conditions, users with keywords “funny” and “emotions” were grouped together,
while users with keywords “beauty” and “horoscope” were separately divided
into two individual categories. This demonstrates that similarity differences
based on user background information and user behavior information di-
mensions affect clustering results. Similarly, differences in clustering results
compared to single-dimension user clustering are caused by influences from
the other two dimensions. This influence increases user differences, making
clustering results more accurately reflect user interest tendencies.

Compared vertically with multi-dimensional non-weighted user clustering ef-
fects, weighted user clustering better reflects actual conditions. For example,
under non-weighted conditions, users with keywords “TV series,” “movies,”
“anime,” “military,” “history,” “emotions,” and “anime” were grouped into one
category. Under weighted conditions, classification changed significantly. When
treating multiple dimensions equally, classification alienation may occur—users
with high blog similarity may be dispersed into multiple categories due to low
similarity in user behavior and user background information dimensions. In real-
ity, user similarity based on blog content, user background information, and user
behavior contributes differently to overall user similarity measurement. Only
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by recognizing this difference can we obtain a more realistic user similarity
measurement model and clustering results that better match actual conditions.
Weighted analysis confirms that optimal clustering effects are achieved when the
single dimension of user blog content has the greatest weight, indicating that
the user blog content dimension has the strongest influence on user similarity
measurement.

Meanwhile, compared with Weibo’s original classification standards, some users
originally belonging to different categories were merged into one category. For
example, users with keywords “funny” and “emotions” were grouped together,
indicating that in user classification, we must 重视 the concept of overlapping
communities, recognize intersections between user interests, and consider the
importance of non-linear user classification. In subsequent information recom-
mendation, we should comprehensively consider the overlap of user classifica-
tions and appropriately push information from other categories to users with
overlapping interests.

4.3 Model Optimization

4.3.1 Variance Analysis Analysis of Variance (ANOVA) is a collection of
statistical models and related procedures used to analyze differences between
and within classified observations. Variance is calculated for each variable to
generate an ANOVA table that can determine which variables are most effective
for clustering.

Tableau’s relevant ANOVA statistics include F-statistics, P-values, model mean
square, and error sum of squares. The F-statistic for one-way or single-factor
ANOVA is the variance fraction explained by the variable, representing the
ratio of between-group variance to total variance. A larger F-statistic indi-
cates greater distinction between classes for the corresponding variable. The
P-value refers to the probability that values in the F-distribution of all possible
F-statistics exceed the actual F-statistic for the variable. If the P-value is be-
low the specified significance level, the null hypothesis (that individual elements
of the variable are random samples from a single population) can be rejected.
This F-distribution has degrees of freedom (K-1, N-K), where K is the number
of classes and N is the number of items in the established classes. A lower
P-value indicates greater distinction between expected values of the variable’s
elements across classes.

Model mean square is the ratio of between-group sum of squares to model de-
grees of freedom. Between-group sum of squares measures differences between
cluster means. If cluster means are very close to each other (and thus close to
the overall mean), the value will be small. Model degrees of freedom is k-1,
where k is the number of clusters. Error sum of squares is the ratio of within-
group average sum to error degrees of freedom. Within-group sum of squares
measures differences between observations within each cluster. Error degrees of
freedom is N-k, where N is the total number of observations (rows) in estab-
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lished clusters and k is the number of clusters. Error sum of squares can be
regarded as overall mean square error, assuming each cluster center represents
the cluster’s “true value.”

Under optimal weighted conditions, the model’s ANOVA results are shown in
Table 3 :

Table 3 ANOVA for Optimal Weighted Clustering

Variable F-Statistic P-Value Model Mean Square Error Sum of Squares
All Blog Content 12.922 0.001323 1.295 0.1003
Liked Blog Content 9.164 0.002703 0.9266 0.1011
Occupation Information 7.115 0.004951 0.7185 0.1010
Weibo Verification 1.018 0.005113 0.1028 0.1010
Repost Count 0.576 0.01661 0.0582 0.1010
Number of Posts 2.575 0.04358 0.2596 0.1009
Follower Count 0.822 0.08282 0.0829 0.1009
Following Count 5.999 0.09724 0.6053 0.1009
Introduction 7.931 0.1025 0.8002 0.1009
Tags 0.2883 0.2552 0.0291 0.1010
Region 0.8246 0.2636 0.0832 0.1010
Gender 0.9467 0.4759 0.0955 0.1009
Education Information 0.241 0.6662 0.0243 0.1010
Like Count 0.1873 0.7885 0.0189 0.1010

Table 3 shows that among the 14 second-order variables, the variable contribut-
ing most to the model is blog content, with 8 variables having P-values less than
0.1: blog content, tags, and liked blog content from the user blog information
dimension; gender, verification, region, number of posts, and following count
from user background and behavior dimensions. This means these 8 second-
order variables are generalizable for user description in the original model. The
practical significance lies in identifying the influence strength of second-order
variables on user vector expression—larger F-values and smaller P-values in-
dicate more reliable variables for user clustering, meaning the variable better
distinguishes different user classes. For example, the blog content variable has
an F-value of 12.922 and a P-value of 0.001323, indicating 99.8677% confidence
that using this variable to distinguish users is correct. In statistics, 0.01 is gen-
erally used as the P-value threshold; P-values below 0.01 indicate the variable is
fully effective for the model. For second-order variables in Table 4 with P-values
greater than 0.01, removal can be considered to improve model effectiveness.

4.3.2 Improvement of Multi-Dimensional User Attribute Description
Model Under optimal weighted conditions, ANOVA was performed on opti-
mal user clustering. Considering that the P-value for the second-order variable
“introduction” is very close to 0.01, using P=0.011 as the threshold, variables
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with P-values less than 0.11 were retained, while those with P-values greater
than 0.11 were removed. Considering optimal weighting, the improved multi-
dimensional weighted user attribute description model is shown in Figure 10
[Figure 10: see original paper].

Through clustering analysis, weighted analysis, and variance analysis of user
sample data, this study examined user clustering effects based on multi-
dimensional attributes and weighting, obtaining a multi-dimensional weighted
user attribute description model. This model is significant for guiding Weibo
user classification and subsequent information recommendation research, while
also providing new ideas for community user clustering. This paper also has
some limitations, such as: Do clustering effects differ under various clustering
methods based on the weighted approach? How to construct an information
recommendation mechanism based on this model? These require further
research.
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English Abstract
Research on the Clustering of Microblog Users Based on Multi-
Dimensional Attribute Weighting Analysis
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Abstract: [Purpose/significance] It is of great significance for the study of
social network information ecology and information recommendation to accu-
rately grasp the interest tendency of social network users and classify users into
highly aggregated user groups. [Method/process] In this paper, by constructing
the user attributes describe hierarchical model based on multi-dimensional, ac-
cording to the model data requirements fetching user sample data from Sina mi-
croblog, quantify the second-order variable based on the multi-dimensional prop-
erty of the users’ background information, users’ blog information and user be-
havior information to construct user vector expression, comparing the classifica-
tion results based on single dimension and the multi-dimensional, given different
weights to attribute for weighted analysis, when achieve the optimal clustering
results, based it do variance analysis to improve the model. [Result/conclusion]
User clustering effect based on the multi-dimensional attribute weighting is sig-
nificantly better than the user clustering effect based on the single-dimensional
and under the condition of the multi-dimensional unweighted, and users mi-
croblog content dimension for improving the validity of user clustering effect is
the largest.
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Note: Figure translations are in progress. See original paper for figures.
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