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Abstract
In recent years, the development of social networks has propelled research in
multiple fields, such as public opinion monitoring, advertising recommendation,
opinion leader identification, etc., while the influence measurement of social
network users serves as the foundation for the aforementioned research. Taking
Sina Weibo as the research object, this study aims to propose a Weibo user influ-
ence measurement algorithm with broader applicability and more comprehensive
consideration of factors, integrating three-dimensional factors of user basic at-
tributes, user interaction behaviors, and user post content into the traditional
PageRank algorithm, and presents a multi-dimensional Weibo user influence
measurement algorithm named MDIR (multi-dimension influence rank). Ex-
perimental results demonstrate that, compared with five other commonly used
influence measurement algorithms, the MDIR algorithm can more comprehen-
sively and accurately reflect the actual influence of Weibo users.
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Abstract: In recent years, the development of social networks has promoted
research in many fields, such as public opinion monitoring, advertising recom-
mendation, and opinion leader identification. The influence measurement of
social network users forms the foundation for these research areas. Taking Sina
Weibo as the research object, this paper aims to propose a microblog user influ-
ence measurement algorithm with broader applicability and more comprehensive
considerations. By integrating three-dimensional factors—user basic attributes,
user interaction behavior, and user blog content—into the traditional PageRank
algorithm, we propose a multi-dimensional microblog user influence measure-
ment algorithm called MDIR (multi-dimension influence rank). Experimental
results demonstrate that the MDIR algorithm can more comprehensively and
realistically reflect the actual influence of microblog users compared to five other
commonly used influence measurement algorithms.
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0 Introduction
With the rapid development of Internet technology, application technologies
centered on user interaction and personalized experience—represented by blog
technology—have further propelled the transition from the Web 2.0 era, charac-
terized by openness and sharing, to the Web 3.0 era featuring information fusion.
Microblog, abbreviated from micro-blog, is a broadcast-style social networking
platform based on a follow mechanism for sharing brief real-time information.
According to data from the 41st“Statistical Report on China’s Internet Devel-
opment”released by CNNIC [1], by December 2017, China’s microblog user base
reached 376 million, driving continuous growth in user adoption to 40.9%, an
increase of 3.8 percentage points from December 2016. On the microblog plat-
form, each user can not only publish original microblog content but also freely
forward, comment on, and like other users’posts. These mutual forwarding,
commenting, and liking behaviors among different users facilitate the formation
of microblog information dissemination networks. Additionally, microblog plat-
forms feature low usage thresholds, concise and highly readable content, which
enables faster information dissemination and broader influence.

Microblog user influence can be understood as a user’s ability to cause behav-
ioral changes in other users after posting a microblog. During microblog infor-
mation propagation, different influential users’operations (such as forwarding
and commenting) and attitudes (such as support or opposition) produce vary-
ing effects on the scope and depth of information dissemination. User influence
measurement has important applications in network public opinion monitoring,
advertising placement, and user recommendation. For public opinion monitor-
ing, special measures must be taken for certain high-influence users to prevent
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the proliferation of public opinion. For advertising placement, selecting high-
influence users as initial centers for ad dissemination can maximize propagation
effects. For user recommendation, “opinion leaders”[2] in users’areas of in-
terest are often default recommendation targets. In summary, user influence
measurement plays an indispensable role in current hot research topics.

To reasonably measure microblog user influence, this paper improves upon the
PageRank algorithm and proposes the MDIR (multi-dimension influence rank)
algorithm. Compared with other influence measurement algorithms, the MDIR
algorithm considers more comprehensive and reasonable influence factors, yield-
ing more objective user influence rankings.

1 Related Work
Current research on social network user influence measurement by scholars both
domestically and internationally generally falls into three categories based on
user basic attributes, interaction behavior, and published blog content.

a) Influence measurement methods based on user basic attributes.
User basic attributes represent the most primitive manifestation of user influ-
ence. Common basic attributes include follower count and post count, which
are feature factors considered by most currently popular influence measurement
algorithms. Cha et al. [3] selected three attributes from Twitter users—follower
count, retweet count, and comment frequency—and calculated user influence
based on node degree, comparing the correlation of the results. Their experi-
ments showed that user follower count is not directly proportional to the number
of retweets and comments on their posts. Mao et al. [4] analyzed microblog user
activity, but their analysis relied solely on comment count without considering
other factors or eliminating interference from “zombie fans”on the platform.

b) Influence measurement methods based on user interaction behav-
ior. Interaction behavior between users is a direct manifestation of user in-
fluence. Common interaction behaviors include forwarding, commenting, men-
tioning, and liking. Zhang Hao et al. [5] proposed the UI algorithm based on
user basic attributes and interaction behavior. They introduced the concepts
of“user influence”and“user being-influenced.”“User influence”was calculated
based on attributes such as follower count, post count, and microblog retweet
count, while“user being-influenced”was based on the interaction between fans
and followed users, such as the percentage of a fan’s retweets and comments on
a particular followed user’s posts relative to their total interactions with all fol-
lowed users. However, the authors’quantification method for various interaction
behaviors was normalization, which does not reflect actual microblog propaga-
tion patterns. Wang Ding et al. [6] built upon Zhang Hao et al.’s research by
considering weight values for different behaviors. Their experiments provided
detailed verification of ranking results from the data perspective, but they only
constructed network topology based on user follow relationships without consid-
ering the large number of“zombie fans”on microblogs—users who follow others
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but do not interact with them, thus playing no role in information propagation.
Sun Hong et al. [7] comprehensively considered users’actual microblog activity
behaviors and the topological structure of the microblog network, proposing the
MBUI-Rank algorithm. Their experimental results showed that this algorithm
produced more accurate and objective user influence calculations. Qi Chao et
al. [8] improved upon the PageRank algorithm and proposed the BWPR algo-
rithm, constructing topological networks separately for forwarding, commenting,
and mentioning behaviors. Although this algorithm achieved good results in ex-
periments, it only considered the explicit feature of user interaction behavior
without accounting for implicit user interest preferences.

c) Influence measurement methods based on blog content. Microblogs
posted by users carry substantial information. Analyzing blog content can re-
veal topics of interest or emotional attributes of users, features widely applied
in influence measurement. Weng et al. [9] proposed the TwitterRank algorithm
based on Twitter data, which considered not only network structure but also
analyzed topic similarity of each user’s tweets based on content. The algo-
rithm summed users’influence values across each topic to obtain their overall
network influence. Although this method achieved good experimental results, it
only considered tweet count and topic similarity while ignoring user interaction
behavior features. Shi Yakai et al. [10] measured inter-user influence by intro-
ducing user behavior in network topology structure and user interest similarity
based on blog content, but they did not consider user basic attributes such as
follower count and verification status.

Given the shortcomings of current research, this paper improves upon the PageR-
ank algorithm and proposes a multi-dimensional microblog user influence mea-
surement algorithm—MDIR (multi-dimension influence rank)—that integrates
user basic attributes, user interaction behavior, and user blog content.

2.1 PageRank Algorithm
The PageRank algorithm is a classic algorithm widely used for webpage ranking
on the Internet [11]. Its core idea is to study the network topology structure and
calculate the number of inbound links (i.e., page link counts) to determine the
page’s ranking order. The PageRank algorithm formula is shown in Equation
(1):

𝑃𝑅(𝑝𝑖) = (1 − 𝑑) + 𝑑 ∑
𝑝𝑗∈𝐼(𝑝𝑖)

𝑃𝑅(𝑝𝑗)
|𝑂(𝑝𝑗)|

where 𝑃 𝑅(𝑝𝑖) represents the PageRank value of page 𝑝𝑖; 𝐼(𝑝𝑖) is the set of
inbound links to page 𝑝𝑖; |𝑂(𝑝𝑗)| is the number of outbound links from page 𝑝𝑗;
and 𝑑 is the damping coefficient, typically set to 𝑑 = 0.85 [12].

When applying the traditional PageRank algorithm to microblog user influence
measurement, users on the microblog platform are analogized to webpages in
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the Web network, considering only the follow and followed relationships be-
tween users. Direct application of the PageRank algorithm for user influence
measurement has the following problems:

a) Subjective determination of initial PR values. The PageRank al-
gorithm calculates initial PR values for webpages by averaging, which is not
suitable for microblog user influence measurement. Due to differences between
users (specifically in follower count, post count, verification status, etc.), using
the averaging method to obtain initial PR values ignores the impact of users’
own attributes on microblog propagation, resulting in less objective final user
influence rankings.

b) Unreasonable PR value distribution method. Webpages evenly dis-
tribute their PageRank values to all pages they link to, which is clearly unrea-
sonable for microblog users. Not all users treat all their followed users equally;
most users only show interest in a portion of them and are willing to invest
more attention.

c) Incomplete consideration of network structure. The PageRank algo-
rithm’s application to microblogs is based on user follow relationships, making
it heavily dependent on follower count. However, since followers may include
many invalid zombie fans and silent fans, follower count cannot truly reflect
user influence. Moreover, microblog users are dynamic and engage in various
behaviors such as forwarding and commenting on posts. These behaviors signif-
icantly promote microblog propagation and occur not only between users with
follow relationships but also through features like Sina Weibo’s “Weiba”and
“Weitopic,”where users can access and interact with other users’posts without
following them.

2.2 MDIR Influence Measurement Factors
To address the problems identified above in applying the PageRank algorithm
to user influence measurement, the MDIR algorithm proposed in this paper
comprehensively considers three dimensions:

a) Factors based on user basic attributes. Users’basic attributes include
follower count, post count, and verification status. Follower count and post
count are relatively intuitive influence factors. Generally, more followers mean
more users can see the posted microblog information, thus influencing more peo-
ple. If follower count determines the scope of a user’s influence, then post count
determines its depth. For follower groups of the same size, more posts mean
each follower is exposed to the user’s microblog information more frequently,
resulting in deeper influence. Verification status is a potential influence factor;
verified Sina Weibo accounts have higher credibility, making their posts more
likely to be commented on and forwarded, thus increasing user influence.

b) Factors based on user interaction behavior. On the microblog plat-
form, posts published and forwarded by users subtly influence their fans, while
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fans’commenting, forwarding, and mentioning behaviors in turn promote in-
formation dissemination. More retweets mean wider information propagation;
more comments indicate higher attention to the microblog; more mentions sug-
gest higher prestige established by the user among their fan group.

c) Factors based on user blog content. Microblog information posted and
forwarded by users reflects their personal interests. By mining blog content, we
can obtain a topic distribution vector for each microblog. Combining all topic
distribution vectors of a user yields a topic distribution vector representing
the user’s interests, referred to as the interest distribution vector. Weng et
al. [9] noted that on Twitter, users with more similar topics of interest are
more likely to follow each other. Although their experiments were conducted on
the Twitter platform, the results can be applied to microblog platforms due to
structural similarities. Li Zhihong et al. [13] pointed out that microblog users
have“homophily”—users are more inclined to establish relationships (forwarding,
commenting, etc.) with others who share similar interests.

In summary, the MDIR algorithm proposed in this paper calculates users’ini-
tial influence values based on their basic attributes, addressing the subjectivity
drawback of traditional PageRank. It calculates inter-user propagation willing-
ness based on interaction behavior and blog content, improving the uniform
influence distribution problem of traditional PageRank. By constructing a mi-
croblog information propagation network based on user interaction behavior, it
effectively eliminates interference from numerous“zombie fans”and“silent fans”
on user influence.

3.1 Microblog Propagation Network Construction
As described in Section 2.2, this paper constructs a microblog information prop-
agation network (referred to as the microblog propagation network) through
users’forwarding, commenting, and mentioning behaviors.

Definition 1: Microblog Propagation Network. Let the microblog prop-
agation network be 𝐺(𝑉 , 𝐸, 𝐵), where: - 𝑉 = {𝑣𝑖|𝑖 = 1, 2, 3, ..., 𝑛} represents
the set of nodes in the microblog propagation network, with 𝑣𝑖 representing mi-
croblog users involved in one or more of the three behaviors: forwarding, com-
menting, or mentioning. - 𝐸 = {(𝑣𝑖, 𝑣𝑗)|𝑣𝑖, 𝑣𝑗 ∈ 𝑉 , 𝑖 ≠ 𝑗∧𝑣𝑖𝑅𝑣𝑗 ∨𝑣𝑖𝐶𝑣𝑗 ∨𝑣𝑖𝑀𝑣𝑗}
represents the set of edges in the microblog propagation network, where 𝑣𝑖𝑅𝑣𝑗
indicates user 𝑣𝑖 forwarded user 𝑣𝑗’s microblog, 𝑣𝑖𝐶𝑣𝑗 indicates user 𝑣𝑖 com-
mented on user 𝑣𝑗’s microblog, and 𝑣𝑖𝑀𝑣𝑗 indicates user 𝑣𝑖 mentioned user 𝑣𝑗
in a microblog. - 𝐵 = {𝐵𝑖𝑗|(𝑣𝑖, 𝑣𝑗) ∈ 𝐸} represents the set of edge weights in
the microblog propagation network, where 𝐵𝑖𝑗 indicates the weighted sum of
user 𝑣𝑖’s forwarding, commenting, and mentioning of user 𝑣𝑗.
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3.2 Initial Influence Calculation
This paper calculates users’initial influence values based on three basic at-
tributes: follower count, post count, and verification status. Since follower
counts and post counts vary dramatically between users, this paper employs a
logarithmic normalization method to process these values and reduce data span.
The calculation formula is shown in Equation (6):

𝐼𝑛𝑖𝑡_𝐼𝑛𝑓𝑙(𝑣𝑖) = lg 𝑁𝐹(𝑣𝑖)
lg 𝑁𝐹𝑚𝑎𝑥

+ lg 𝑁𝑊(𝑣𝑖)
lg 𝑁𝑊𝑚𝑎𝑥

+ 𝑉 𝑒𝑟𝑖𝑓𝑦(𝑣𝑖)

where 𝑁𝐹(𝑣𝑖) represents user 𝑣𝑖’s post count; 𝑁𝑊(𝑣𝑖) represents user 𝑣𝑖’s real
follower count, i.e., user 𝑣𝑖’s in-degree in the microblog propagation network;
𝑁𝐹𝑚𝑎𝑥 represents the post count of the user with the most posts; 𝑁𝑊𝑚𝑎𝑥
represents the real follower count of the user with the most followers; 𝑉 𝑒𝑟𝑖𝑓𝑦(𝑣𝑖)
represents user 𝑣𝑖’s verification status. Lappas T et al. [15] noted that when
user 𝑣𝑖 is verified on Weibo, 𝑉 𝑒𝑟𝑖𝑓𝑦(𝑣𝑖) = 0.5 is most appropriate; when not
verified, 𝑉 𝑒𝑟𝑖𝑓𝑦(𝑣𝑖) = 0.

3.3 MDIR Algorithm
The three behaviors have different contribution ratios to microblog propagation,
so we should comprehensively consider the contribution proportion of each be-
havior. This paper uses 𝛼, 𝛽, and 𝛾 to represent the contribution ratios of
forwarding, commenting, and mentioning behaviors, respectively, as shown in
Equation (2):

𝐵𝑖𝑗 = 𝛼𝑅𝑖𝑗 + 𝛽𝐶𝑖𝑗 + 𝛾𝑀𝑖𝑗

where 𝑅𝑖𝑗, 𝐶𝑖𝑗, and 𝑀𝑖𝑗 represent the counts of user 𝑣𝑖 forwarding, commenting,
and mentioning user 𝑣𝑗, respectively. For the values of 𝛼, 𝛽, and 𝛾, this paper
uses the order relation method, which involves pairwise comparison of each
variable’s importance, aggregating the comparison results in a certain way, and
finally calculating the values through computation.

First, construct a judgment matrix 𝐴, as shown in Equation (3):

𝐴 = ⎡⎢
⎣

𝑎11 𝑎12 𝑎13
𝑎21 𝑎22 𝑎23
𝑎31 𝑎32 𝑎33

⎤⎥
⎦

The element 𝑎𝑖𝑗 in matrix 𝐴 represents the relative importance of the 𝑖-th vari-
able to the 𝑗-th variable. The properties of elements in matrix 𝐴 are 𝑎𝑖𝑗 = 1/𝑎𝑗𝑖
and 𝑎𝑖𝑖 = 1. Based on the relative importance level table for variables summa-
rized by Saaty et al. [14] (Table 1) and the relative importance relationships
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among the three behaviors, we can assign values to matrix 𝐴 elements. Specifi-
cally, forwarding behavior is between slightly important and equally important
compared to commenting behavior, so we take 𝑎12 = 2; forwarding behavior
is between obviously important and absolutely important compared to men-
tioning behavior, so we take 𝑎13 = 8; commenting behavior is between equally
important and slightly important compared to mentioning behavior, so we take
𝑎23 = 2. Substituting these into Equation (3) yields the final matrix shown in
Equation (4):

𝐴 = ⎡⎢
⎣

1 2 8
1/2 1 2
1/8 1/2 1

⎤⎥
⎦

Solving the system of equations, the final values are shown in Equation (5):

𝛼 = 0.727, 𝛽 = 0.182, 𝛾 = 0.091

The MDIR algorithm recalculates the target user’s influence through a reason-
able strategy, with its calculation formula shown in Equation (7):

𝑀𝐷𝐼𝑅(𝑣𝑖) = (1 − 𝑑) + 𝑑 ∑
𝑣𝑗∈𝑖𝑛(𝑣𝑖)

𝑟𝑎𝑡𝑖𝑜(𝑣𝑗, 𝑣𝑖) × 𝑀𝐷𝐼𝑅(𝑣𝑗)

where 𝑖𝑛(𝑣𝑖) represents the set of in-degrees of user 𝑣𝑖 in the microblog propaga-
tion network; 𝑑 is the damping coefficient, generally valued at 0.85; 𝑟𝑎𝑡𝑖𝑜(𝑣𝑗, 𝑣𝑖)
represents the influence contribution proportion from user 𝑣𝑗 to user 𝑣𝑖, calcu-
lated as shown in Equation (8):

𝑟𝑎𝑡𝑖𝑜(𝑣𝑗, 𝑣𝑖) = 𝑊(𝑣𝑗, 𝑣𝑖)
∑𝑣𝑘∈𝑜𝑢𝑡(𝑣𝑗) 𝑊(𝑣𝑗, 𝑣𝑘)

where 𝑜𝑢𝑡(𝑣𝑗) represents the set of out-degrees of user 𝑣𝑗 in the microblog prop-
agation network; 𝑊(𝑣𝑗, 𝑣𝑖) represents user 𝑣𝑗’s propagation willingness to user
𝑣𝑖, expressed as the product of the interaction frequency 𝐵𝐹(𝑣𝑗, 𝑣𝑖) and interest
similarity 𝑆𝐼𝑀(𝑣𝑗, 𝑣𝑖) between 𝑣𝑗 and 𝑣𝑖.

For inter-user interaction frequency, it can be calculated from the edge weight
set 𝐵 of the microblog propagation network 𝐺, as shown in Equation (9):

𝐵𝐹(𝑣𝑗, 𝑣𝑖) = 𝐵𝑖𝑗
∑𝑘 𝐵𝑗𝑘

For inter-user interest similarity, this paper uses the LDA model to extract
users’topic distribution vectors and then calculates similarity between adjacent
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users based on the microblog propagation network. First, historical microblog
information posted, forwarded, and commented on by users is aggregated into
a document. The “document-user”collection is then used as model input, and
the LDA model outputs a topic distribution vector corresponding to each user.
The collection of all users’topic distribution vectors is denoted as matrix 𝐷𝑇 ,
where 𝐷 and 𝑇 correspond to the number of users and topics, respectively, with
matrix element 𝐷𝑇𝑖𝑗 representing the probability of user 𝑣𝑖 on topic 𝑡𝑗.

Based on the“user-topic”matrix 𝐷𝑇 , this paper uses KL distance to calculate
inter-user similarity. KL distance is a method for describing differences between
two probability distributions 𝑃 and 𝑄, with its calculation formula shown in
Equation (10):

𝐾𝐿(𝑃 ||𝑄) = ∑
𝑥

𝑃(𝑥) ln 𝑃(𝑥)
𝑄(𝑥)

As shown in Equation (10), the more similar two probability distributions are,
the smaller their KL divergence. However, KL divergence is not symmetric, i.e.,
𝐾𝐿(𝑃 ||𝑄) ≠ 𝐾𝐿(𝑄||𝑃 ). Therefore, to more appropriately represent similarity
between microblog users, this paper first averages the KL distances and then
takes the reciprocal, as shown in Equation (11):

𝑆𝐼𝑀(𝑣𝑖, 𝑣𝑗) = 2
𝐾𝐿(𝐷𝑇𝑖||𝐷𝑇𝑗) + 𝐾𝐿(𝐷𝑇𝑗||𝐷𝑇𝑖)

where 𝐷𝑇𝑖 and 𝐷𝑇𝑗 are the 𝑖-th and 𝑗-th rows of matrix 𝐷𝑇 , respectively,
representing the topic distribution vectors of user 𝑣𝑖 and user 𝑣𝑗.

The main processing steps of the MDIR algorithm are as follows:

Input: Microblog propagation network 𝐺(𝑉 , 𝐸, 𝐵), damping coefficient 𝑑,
threshold 𝜀.

Output: Influence set 𝑆 for all users.

1. Initialize microblog propagation network edge weights
2. for each edge (𝑣𝑖, 𝑣𝑗) ∈ 𝐸 do
3. Calculate 𝐵𝑖𝑗 = 𝛼𝑅𝑖𝑗 + 𝛽𝐶𝑖𝑗 + 𝛾𝑀𝑖𝑗
4. end for
5. Initialize user influence values
6. for each user 𝑣𝑖 ∈ 𝑉 do
7. 𝑃 _𝑀𝐷𝐼𝑅(𝑣𝑖) = 0
8. end for
9. 𝑆.𝐼𝑛𝑖𝑡() // Initialize set 𝑆

10. // User influence calculation, iteration ends when all user influence values
converge

11. while |𝑆| < |𝑉 | do
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12. for each user 𝑣𝑖 ∈ 𝑉 do
13. // Influence value from previous round
14. 𝑃 = 𝑀𝐷𝐼𝑅(𝑣𝑖)
15. // Calculate current round influence value using Equation (7)
16. 𝑀𝐷𝐼𝑅(𝑣𝑖) = (1 − 𝑑) + 𝑑 ∑𝑣𝑗∈𝑖𝑛(𝑣𝑖) 𝑟𝑎𝑡𝑖𝑜(𝑣𝑗, 𝑣𝑖) × 𝑀𝐷𝐼𝑅(𝑣𝑗)
17. end for
18. if |𝑃_𝑀𝐷𝐼𝑅(𝑣𝑖) − 𝑀𝐷𝐼𝑅(𝑣𝑖)| ≤ 𝜀 then
19. 𝑆.𝑎𝑑𝑑(𝑣𝑖) // Save user 𝑣𝑖’s influence
20. end if
21. end while
22. return 𝑆

According to Equation (8), we can construct the probability transition matrix
𝑀 , thereby transforming the MDIR algorithm’s solution process into a Markov
process. The convergence conditions for a Markov process are: (a) matrix 𝑀
is a stochastic matrix; (b) matrix 𝑀 is an irreducible matrix; (c) matrix 𝑀
is an aperiodic matrix. Based on Equation (8), matrix 𝑀 directly satisfies
convergence conditions (a) and (b). For convergence condition (c), this paper
filters users before experiments to ensure the constructed microblog propagation
network is a strongly connected graph, guaranteeing the irreducibility of matrix
𝑀 . In summary, the MDIR algorithm proposed in this paper is convergent.

4.1.1 Dataset Selection
This paper uses Sina Weibo as the data source, crawling partial user microblog
information under 12 hot topics on Sina Weibo during May 2014 as research
data. Due to the complexity and redundancy of the crawled user information,
this paper filters out users with fewer than 10 posts and fewer than 10 followings.
The relevant data of the microblog propagation network constructed from the
filtered data is shown in Table 2 .

4.1.2 Experimental Environment
Since constructing the microblog propagation network and iterative calculation
of the MDIR algorithm consume significant time, this paper designs paralleliza-
tion based on MapReduce for these two processes. The experiment uses four
PCs to build a Hadoop cluster, each running 64-bit CentOS-7. The specific
cluster configuration is shown in Table 3 .

4.2.1 Comparative Experiments
To make the experimental results more convincing, this paper selects currently
popular or classic user influence measurement algorithms for comparison. First
is the PageRank algorithm. Since the MDIR algorithm is an improved version
based on PageRank, comparing it with the original PageRank algorithm better
highlights the proposed algorithm’s advantages. Second is the BWPR algo-

chinarxiv.org/items/chinaxiv-201904.00052 Machine Translation

https://chinarxiv.org/items/chinaxiv-201904.00052


rithm. Qi Chao et al. [8] proposed the BWPR algorithm for calculating user
influence based on PageRank, with its main improvement being the determina-
tion of influence distribution factors for fan users based on inter-user interaction
behavior. Third is the TwitterRank algorithm. Weng et al. [9] proposed the
TwitterRank algorithm for the Twitter platform, which mainly integrates user
interest similarity on top of PageRank. Although this algorithm is based on
Twitter, Twitter and Sina Weibo share similar structures, making it meaningful
to generalize TwitterRank to the microblog platform. The final two are ranking
algorithms based on user follower count and post count.

4.2.2 Evaluation Criteria
In real environments, microblog user influence has numerous measurement stan-
dards, making it difficult to establish a unified criterion. This paper adopts the
M-fold cross-validation method proposed by Ding Zhaoyun et al. [16] to verify
algorithm precision, recall, and F-value. First, we calculate the Top-K influ-
ence user sets 𝐼𝑥 from each of the five comparison algorithms and the proposed
MDIR algorithm. Then we construct the standard ranking set 𝐼𝑀 as results
voted correct by any 𝑀 (where 1 < 𝑀 ≤ 6) algorithms. The mathematical
description of set 𝐼𝑀 is shown in Equation (12):

𝐼𝑀 = ⋃
𝑥∈Combine(6,𝑀)

⋂
𝑖∈𝑥

𝐼𝑖

where Combine(6, 𝑀) is the number of combinations selecting 𝑀 algorithms
from six algorithms. For example, given four algorithms A, B, C, D with Top-
K influence user sets 𝐼𝐴, 𝐼𝐵, 𝐼𝐶 , 𝐼𝐷, assuming 𝑀 = 2, the standard set 𝐼𝑀 is
constructed as shown in Equation (13):

𝐼𝑀 = (𝐼𝐴 ∩ 𝐼𝐵) ∪ (𝐼𝐴 ∩ 𝐼𝐶) ∪ (𝐼𝐴 ∩ 𝐼𝐷) ∪ (𝐼𝐵 ∩ 𝐼𝐶) ∪ (𝐼𝐵 ∩ 𝐼𝐷) ∪ (𝐼𝐶 ∩ 𝐼𝐷)

The precision 𝑃𝐴 of algorithm A is calculated as shown in Equation (14):

𝑃𝐴 = |𝐼𝐴 ∩ 𝐼𝑀 |
|𝐼𝑀 |

The recall 𝑅𝐴 of algorithm A is calculated as shown in Equation (15):

𝑅𝐴 = |𝐼𝐴 ∩ 𝐼𝑀 |
|𝐼𝐴|

The 𝐹𝐴 value of algorithm A is calculated as shown in Equation (16):

𝐹𝐴 = 2 × 𝑃𝐴 × 𝑅𝐴
𝑃𝐴 + 𝑅𝐴
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4.3.1 Accuracy Verification
This paper simultaneously conducts cross-validation on six algorithms for 𝑀 =
{2, 3, 4}. When 𝑀 ≥ 5, the standard set contains fewer elements, and the
precision and recall of each algorithm are similar, so these cases are ignored.
For 𝑀 = 2, 3, 4, we compare the precision, recall, and F-value of Top-K (where
𝐾 takes values 100, 200, ⋯, 1000) influence users obtained by the six algorithms.
Experimental results show that the MDIR algorithm achieves good performance
under all three metrics.

Under the Top-K user scale, precision represents the ratio of correctly calculated
Top-K users to the total number of users 𝐾. The three groups of experimental
results shown in Figure 1 [Figure 1: see original paper] indicate that the MDIR
algorithm’s precision under different user scales 𝐾 and cross-validation folds
𝑀 outperforms other comparison algorithms. When 𝑀 = 3 and 𝑀 = 4, the
standard set contains fewer users, resulting in fewer intersecting elements be-
tween any algorithm’s result set and the standard set, so overall precision is
lower compared to when 𝑀 = 2.

4.3.2 Recall Verification
In the Top-K influence user scale, recall is the ratio of “correctly”calculated
Top-K users to the number of influence users in the standard set, reflecting
the degree to which influential users in microblogs are discovered. The recall
distributions of the six algorithms under 𝑀 = 2, 3, 4 are shown in Figure 2
[Figure 2: see original paper]. Experiments show that the MDIR algorithm
performs well under all three 𝑀 values, with particularly obvious distinction
when 𝑀 = 3. Since recall is jointly determined by |𝐼𝐴 ∩ 𝐼𝑀 | and |𝐼𝐴|, both
increase as 𝑀 increases, making recall changes less obvious.

4.3.3 F-value Verification
The F-value comprehensively considers both recall and precision, reflecting the
overall degree of recall and precision of an algorithm. The F-values of each al-
gorithm in cross-validation are shown in Figure 3 [Figure 3: see original paper].
Figure 3 shows that the MDIR algorithm proposed in this paper has obvious
advantages in all three experiments. Meanwhile, the BWPR algorithm based
solely on user interaction behavior shows decreasing efficiency as the statisti-
cal scale increases because user influence is also related to user basic attributes
and blog content. The TwitterRank algorithm based on user blog similarity
shows an upward trend in efficiency as the statistical scale increases, but its
efficiency remains suboptimal because it does not incorporate user interaction
behavior. The PageRank algorithm shows a similar trend to user follower count
ranking, sufficiently demonstrating that PageRank heavily depends on user fol-
lower count, which is also a limitation of the original PageRank algorithm. User
post count ranking and follower count ranking perform poorly overall due to
their single-factor consideration. In contrast, the MDIR algorithm proposed
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in this paper comprehensively considers three-dimensional factors—user basic
attributes, inter-user interaction behavior, and blog content—and specifically
integrates them into the original PageRank algorithm, making its final results
superior to other comparison algorithms in precision, recall, and F-value.

4.3.4 Convergence Verification
The SF-UIR algorithm is a microblog user influence measurement algorithm
proposed by Wang Ding et al. [6] in 2018. This algorithm adds features of
users’own behavior and fan user features in the network topology structure to
PageRank, addressing the shortcomings of traditional PageRank’s poor objec-
tivity and uniform influence transfer ratio distribution. Experiments verified
the comprehensiveness and authenticity of the influence ranking results calcu-
lated by this algorithm. To further illustrate the applicability of the MDIR
algorithm proposed in this paper, we compare the convergence speeds of the
two algorithms.

Using the dataset described in Table 2, we parallelize both algorithms and cal-
culate user influence values under the same convergence threshold, tracking and
recording the iteration counts during the calculation process. Results show that
the MDIR algorithm converges after 58 iterations, taking 34 minutes. For the
SF-UIR algorithm, it converges after 65 iterations, taking 39 minutes. These
experimental results demonstrate that the MDIR algorithm proposed in this
paper has good convergence performance.

4.4 Algorithm Time Efficiency Verification
Based on the MDIR algorithm introduction in Section 3.3, since we need to
calculate the inter-user influence contribution ratio 𝑟𝑎𝑡𝑖𝑜(𝑣𝑗, 𝑣𝑖), the time com-
plexity of the MDIR algorithm proposed in this paper increases compared to
the PageRank algorithm. However, the calculation of 𝑟𝑎𝑡𝑖𝑜(𝑣𝑗, 𝑣𝑖) is simple, in-
volving only microblog text content and user interaction relationships, which
can be extracted during preprocessing steps before the experiment. Addition-
ally, the MDIR algorithm enables faster accumulation of influence values for
high-influence users and faster convergence for low-influence users. To verify
the time efficiency of the parallelized MDIR algorithm, this paper compares
the time consumed from data reading to final convergence between the single-
machine serial MDIR algorithm and the MapReduce-based parallel MDIR al-
gorithm when processing the same data scale. Eight comparative tests were
designed based on different user scales, with results shown in Figure 4 [Figure
4: see original paper].

The figure clearly shows that when processing 10,000 user data with smaller
scale, the parallelized MDIR algorithm takes 10 minutes, slightly higher than
the 7 minutes consumed by the serial MDIR algorithm. However, starting from
30,000 user data, the execution time of the parallelized MDIR algorithm changes
relatively smoothly, while the serial MDIR algorithm grows almost exponentially.
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When reaching a data scale of 80,000 users, the parallel algorithm requires
almost half the time of the serial algorithm. If the data volume continues to
increase, the serial algorithm may cause program abnormal termination due
to excessive memory consumption, while the parallelized MDIR algorithm will
maintain good performance.

5 Conclusion
By analyzing problems in traditional PageRank algorithms for user influence
measurement, this paper conducted targeted feature selection from three di-
mensions and proposed the MDIR algorithm. Compared with current related
research, the MDIR algorithm incorporates more influence factors. Considering
users’own basic attributes makes calculation results more objective; considering
inter-user interaction behavior and blog content makes results more reasonable;
and considering network topology structure avoids unnecessary calculations and
obtains more effective results. Experiments also demonstrate that the MDIR
algorithm proposed in this paper achieves good performance across multiple
influence evaluation metrics.

In future research, we will first consider user influence in different topics, mining
opinion leaders who have high influence across multiple topics. Second, a large
number of “water army”accounts in microblogs can interfere with calculation
results, requiring the incorporation of microblog “water army”identification
technology into the measurement algorithm to make final calculation results
more objective.
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