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Abstract
Operators make profits by publishing information. If they can know the influencing factors in the process of information 
dissemination, they can provide new insights for practical operations and formulate corresponding operation strategies for 
different types of accounts. The purpose of this article is to discuss the information dissemination process of WeChat public 
accounts and what factors will affect the reading rate and sharing rate of the article. In this paper, the “feedback-sympathize-
identify participant-share” (FSIPS) two-stage model is used to analyze the characteristics of information dissemination, and 
the negative binomial regression model is used to analyze which factors have a significant impact on the two stages of the 
dissemination model. Our data is obtained from a company that specializes in operating WeChat Official Accounts, and 
the data is authentic and more valuable. We collectively consider the roles of users, message content, interactions between 
content and individuals, and the context of social media in information dissemination behaviors (i.e., reading and sharing). 
In this process, some new variables, such as environment-related variables, are involved and incorporated into the two stages 
of information dissemination for analysis. The results show that the like rate, which is one of the feedback dimensions, has 
the greatest impact on the reading rate, while the favorite rate has the greatest impact on the sharing rate. Article type also 
plays a crucial role in the dissemination of information. In addition, the content relevance between the title and the content 
also largely affects the share rates of the three types.
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1 Introduction

Social media has been embedded in people’s lives through 
the construction of a new social structure dependent on inno-
vative information technology [1]. It has also enabled online 
sharing to become a daily activity [2]. Large-scale use pro-
motes information dissemination, which may produce infor-
mation dissemination effects, that is, the impact and results 
of information dissemination or information dissemination 
process. Large-scale dissemination resulting from adoption 
will lead to the phenomenon of virality [3] or form a social 
epidemic [4]. Such phenomena have become commercial 
objectives affecting the formulation and implementation 
of marketing strategies, and they benefit the market. Wide-
spread dissemination of information is equal to the increased 

number of visitors; thus, publishers can more easily acquire 
potential subscribers or consumers [5]. The commercial 
value will also be produced from triggering widespread 
information (e.g., social epidemic, virality), such as helping 
enterprises or retailers promote their brands, and obtaining 
potential customers more easily with lower cost [4, 6, 7].

Users or operators write posts or articles, and friends or 
strangers subscribe to their posts to be notified about recent 
updates [8]. Reading and sharing rates are important indi-
cators of the success of a piece of content [3, 7, 9], which 
is supported by the follower base. Although companies 
have invested more resources in creating interactive con-
tent to attract followers and provided financial incentives to 
increase their followers’ base, many still find it challenging 
to maintain their followers’ base [10].

As the main marketing channel in Wechat, WeChat Offi-
cial Accounts (WOAs) face the same issue. WOAs attract 
users to subscribe by posting articles [5]. The usability and 
functionality of WOAs make it easy for users to receive 
information from others and post content that can be shared 
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almost instantaneously to a wide audience, making it an 
attractive platform to content creators and media compa-
nies. However, the operation and management of the WOAs 
still face more significant challenges, such as the difficulty 
of traffic acquisition, the low viscosity of followers, the 
increase of homogenization content, and the rather slower 
reading volume. The development of the online community 
benefits from users’ continuous participation, and economic 
benefits may be generated from the interaction between users 
and social media [11]. Thus, a comprehensive understanding 
of information dissemination law, including content, users, 
and environment dimensions, helps grasp the whole picture 
of the challenges already mentioned. Determining the fac-
tors leading to the spread of personal information can help 
managers deal with existing problems, such as developing 
a reasonable network marketing strategy, effectively inter-
vening in network rumors in an emergency [4], or control-
ling and disseminating communications on social media 
[7]. Therefore, this study attempts to provide more strategic 
solutions as alternatives to contemporary communication 
methods [12].

Researchers have long been interested in studying the 
information dissemination for innovation adoption [13], 
marketing strategy [4, 14], and emergency management 
[15, 16]. The information dissemination behaviors, including 
retweeting [4, 15, 17], forwarding [8, 18, 19], and following 
and unfollowing [20] in the context of Twitter, Facebook, 
and Microblogging, have gained great attention.

Many researchers examined the driving force behind 
information dissemination. One research stream focus on 
content, which is key to users’ dissemination behavior. For 
instance, content characteristics (i.e., anger, sadness) have 
an impact on sharing, and the positive content is more viral 
[21]. Another research stream considers users’ role. Some 
researchers studied individual characteristics that affect 
message sharing, specifically with regard to who is more 
likely to rebroadcast the message [22]. The combined role 
of content and users has also been explored. Rebroadcast-
ing decisions depend not only on message content but also 
on the fitting between messages and the user [7]. However, 
these studies are all conducted from a limited perspective. 
Beyond identifying characteristics of individuals and con-
tent, it is unknown whether other features or the fusion of all 
features will affect users’ decisions to disseminate messages. 
In the complex operating environment, it remains unclear 
whether other factors should be considered regarding the 
challenges faced by organizers and operators. The theory-
driven investigation into the information dissemination pro-
cess on social media from an overall and comprehensive 
perspective remains far from adequate.

This study addresses the research gaps in informa-
tion dissemination by constructing an appropriate frame-
work and determining essential factors to understand the 

dissemination process better. Accordingly, three research 
questions are examined in this study:

RQ1. What are the characteristics of individual informa-
tion dissemination behavior on social media?

RQ2. What factors affect the information dissemination 
process and which are the most influential ones?

RQ3. How do these factors affect the information dis-
semination process?

To answer these research questions, we focus on describ-
ing the process of users’ information dissemination behavior 
(i.e., reading and sharing) and the key factors of informa-
tion dissemination effect. We achieve that by constructing 
a two-stage model named FSIPS, which comprises “feed-
back-sympathize-identify” (FSI) and “participate-share and 
spread” (PS) stages. Then, we analyze the influencing fac-
tors of reading and sharing rates from two stages to provide 
implications for operators and managers.

In the first stage, “sympathize” affects users to click on 
the article page and read the content. Specifically, the user 
initially determines and “identifies” whether the article 
pushed is consistent with personal interests or meets their 
needs for information search. Thus, the reading rate reflects 
the information dissemination effect in the stage.

We consider that four dimensions—feedback, new user 
base (users who have recently followed WeChat Official 
Accounts), content perception, and environment—may affect 
the information dissemination in the first stage. Feedback is 
one of the new and important factors in information dissemi-
nation, because users may receive articles shared by others. 
In addition, the quality and dissemination of articles pushed 
by the WeChat public platform the day before will also have 
an impact on today’s reading rate [23]. Users, especially new 
users, are closely related to the feedback and interaction [20, 
24] that are typical user participation behaviors and play 
essential roles in the information spreading process [24, 25]. 
Thus, the new user base of WOA influences the information 
dissemination in this stage. Content characteristics also sig-
nificantly affect users’ participation behaviors [14, 21, 26, 27].

In the early stage of the information dissemination, as users 
acquire content perception of the article through the WOA 
name corresponding to article type and title, we identify article 
type and articles title as factors influencing the reading rate; 
scholars [28] have found that when the title of news articles 
is more than 15 characters, the reading rate is significantly 
improved, so we take 15 as the critical value. From a con-
textual perspective, as shown in Fig. 1 previous research has 
shown that when an account sends multiple articles at the same 
time, the position of the article differs in read rate, and the 
higher the position of the article in the list, the higher the prob-
ability of being selected [29, 30]; therefore, we consider push 
position. Additionally, since the frequency of users using social 
media platforms is different over time, we also select push time 
as another environment-related factor into account.



1471Personal and Ubiquitous Computing (2023) 27:1469–1482 

1 3

In the second stage, after the process of resonance and 
identification, users are faced with the choice of deeper 
social interaction with the information, including feed-
back and forwarding. Feedback refers to behaviors such as 
comments, likes, and favorites on articles. We choose the 
sharing rate to measure the effectiveness of information dis-
semination, because sharing is the last step in which users 
participate in information dissemination [3, 7, 9]. Feedback 
and content judgment may affect this stage of information 
dissemination. Feedback may also have an effect on users’ 
sharing behavior; we regard it as one of the critical factors 
in this stage. Besides, we introduce content-related factors 
(content judgment) to explore whether information dis-
semination behavior (i.e., sharing) will be triggered by the 
internal content of the article after users acquire the external 
content (article type and article title) in the first stage.

Two dimensions of content judgment are considered in 
this study. First, researchers have proved that the number of 
multimedia and content vividness [16, 31] has significant 
effects on information retweeting; thus, content vividness is 
considered one of the key dimensions. Second, in the context 
of WOAs, publishers often elaborate catchy titles and eye-
grabbing descriptions to increase visitor traffic [5], which 
may only induce users to click, but not attract users’ deep 
interaction such as sharing or spreading content to others 
if users find that the content is not as interesting as the title. 
Therefore, we also regard content relevance (i.e., the match-
ing degree between title and content) as a dimension of con-
tent judgment.

This study makes several important contributions to 
research and practice. First, to the best of our knowledge, we 
are one of the first to propose the FSIPS model and apply it to 
the information system field to systematically examine infor-
mation dissemination factors. Drawing on the sympathize, 
identify, participation, sharing, and spread (SIPS) model, this 
study integrates the feedback effect that is crucial in the social 
media environment to explain the information dissemination 
process from a more comprehensive perspective. Second, 
we jointly consider the role of users, message content, inter-
play between content and individuals, and context of social 
media in information dissemination behavior (i.e., reading 
and sharing). In this process, we also considered some new 
variables, such as environment-related variables, and inte-
grated them into the two stages of information dissemination 
for analysis. We find that content-related factors (i.e., content 
relevance), environment-related factors (i.e., push position), 
and feedback-related factors are the most influential factors. 
The overall architecture is shown in Fig 2.

This paper is organized as follows. First, we review the 
related literature in Section 2. In Section 3, we propose our 
model in the context of WOAs. Next, Sections 4 and 5 elabo-
rate on the research design and the results of data analysis. 
Following this, the findings, as well as the theoretical and 
practical implications, are discussed.

2  Literature review and theoretical 
background

2.1  Information dissemination in social media

Dissemination, also known as diffusion, is a communication 
process through which a new idea, behavior, and/or technol-
ogy can be transmitted from a person, an organization, or 
any adoption unit to another person, an organization, or any 
adoption unit in the social system over time through certain 
channels [12]. The existing related literature on informa-
tion dissemination in social media can be classified into two 
streams as follows.

Fig. 1  Subscribing to WeChat official account articles



1472 Personal and Ubiquitous Computing (2023) 27:1469–1482

1 3

The first research stream emphasizes users’ role in the 
dissemination process. User participation makes social 
media an important channel of information dissemination, 
and so users are at the core and become the entry point of 
research on information dissemination in social media. 
Stakeholder engagement is the most focused theme in this 
field [32]. Engagement refers to active participation in these 
unique sociotechnical environments based on social media 
platforms [33]. Additionally, users’ subscription behavior 
is critical to information dissemination in social media. For 
instance, subscription behavior builds subscriber networks; 
thus, it plays an essential role in the early stages of infor-
mation dissemination [25]. The number of subscribers or 
followers of an account largely determines the magnitude of 
information dissemination [24]. Information dissemination 
is heterogeneous by user type. Certain types of dominant 
users have been identified as information sources and infor-
mation diffusers [15, 34].

The second research stream examines content characteris-
tics and information dissemination in social media. Sharing 
is a typical users’ behavior of information dissemination in 
social media. Researchers have found that content emotion 
[21, 26], visibility of message [14], and information value 
[27] significantly affect users’ sharing behavior. Further-
more, there are interacting effects between creator-related 
factors and content characteristics. For example, Han [3] has 
proved the predictive validity when considering content–cre-
ator interactions in the study of virality on social media.

Although these above-mentioned studies have contributed 
to our understanding of information dissemination in social 
media, most of them have only focused on limited factors of 
users and content while ignoring the effects made by social 
media environment-related factors. Hence, it is challenging 
to comprehensively understand information dissemination. 
This research proposes a model of disseminating behavior 

in social media to describe the information dissemination 
process from a more holistic aspect and discover more com-
prehensive factors affecting the process.

2.2  Dissemination model

In the traditional media marketing field, the classic linear 
attention, interest, desire, memory, and action (AIDMA) 
model proposed by Samuel Roland Hall in 1924 has played 
a central role in describing the psychological processes 
and offline consumers’ purchase behavior [23, 35, 36]. In 
response to technological changes, Dentsu1 proposed a 
model containing five processes: attention, interest, search, 
action, and share (AISAS) based on the traditional model 
[37]. The AISAS model is regarded as an innovative frame-
work for marketing communication plans because of its 
search and sharing mechanisms [38]. It describes online con-
sumer behavior in the context of interactive and personalized 
Internet [39]. The five stages are non-linear and limitless 
because some information that receives online “likes” will 
be searched for and shared again [23], leading to information 
dissemination.

Many scholars have focused on the AISAS model and 
used it to examine online consumer behavior in social media. 
For instance, Tseng and Wei [37] explored the impact of 
media richness on consumer behavior at different AISAS 
stages. They found that media richness has a greater influ-
ence on the three early stages of AIS (attention, interest, 
search) while having a lower impact on the later stages of 
AS (action, share). Wei and Lu [39] compared the influence 
of celebrity endorsements to online customer reviews on 
female shopping behavior based on the AISAS model.

Fig. 2  Modeling framework

1 Dentsu is the largest advertising agency in Japan.
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The AISAS model lacks interaction with customers’ 
recognition and emotional processes [40]. With the mobile 
terminals bringing new changes to the information recep-
tion and dissemination of social media, Dentsu comprehen-
sively considered user behavior in social media based on 
the AISAS model. Then, Dentsu proposed the SIPS model 
incorporating psychological and emotional factors, mak-
ing it more comprehensive in describing social media user 
behavior.

There have been few systematic attempts to explore the 
information dissemination process based on the SIPS model. 
The SIPS model is divided into four stages: the first stage 
is resonance, and only when product information resonates 
with consumers can it further communicate and interact 
with the enterprise; the second stage is confirmation, where 
consumers resonate with themselves through external con-
firmation, whether the product information is valuable and 
eliminate the user’s distrust of the product; the third stage is 
participation, consumers are very likely to purchase through 
a series of participation actions; and the fourth stage is shar-
ing and diffusion, a good consumption experience prompts 
consumers to spontaneously share socially and generate 
secondary promotion. Although the SIPS model has been 
proposed in the context of online product marketing, content 
is also a kind of product that needs marketing strategies in 
social media information dissemination. Therefore, the SIPS 
model can help understand users’ information dissemination 
behavior in social media and serve as the research founda-
tion of this paper. With the development of social media, 
especially mobile social media (e.g., WOAs), some changes 
have appeared in information dissemination on social media 
platforms. Therefore, this study considers the characteristics 
of emerging mobile social media and improves the SIPS 
model to make it more suitable for these new characteristics.

3  Modeling framework

WOA is a function launched by the WeChat platform to 
convey information to users, providing a new way for 
media and individuals to spread information. Fig. 3 shows 
a set of screenshots of WOAs. Stakeholders of information 
circulating on WOAs include users and accounts. The lat-
ter are the source of information dissemination.

Drawing on the SIPS model, we identify two stages 
of information dissemination in WOAs. In the primary 
stage, an article is published, and followers will decide to 
click and read if it is interesting. The process corresponds 
to the two early stages of the SIPS model—sympathize 
and identify. Therefore, users may portray several behav-
iors to interact with the account or other people. That is, 
they may click the like button, comment, collect content to 
favorites, and share content to others. This corresponds to 
the two later stages of the SIPS model—participate-share 
and spread. Fig. 4 provides an overview of the process of 
information dissemination in WOAs.

The information dissemination process is non-linear and 
infinite, as new users may receive previous articles. In other 
words, the feedback from the user dissemination stage may 
influence the information dissemination behavior of new 
users(users who have recently followed WeChat Official 
Accounts).Thus, we incorporate “feedback” as a new module 
into the SIPS model, and construct a two-stage framework in 
this study (as shown in Fig. 2). Because WOAs provide users 
with various ways to participate and interact with informa-
tion, including favorites, likes, and comments, we regard 
these interactions as feedback behavior. Regarding our new 
FSIPS model, the dissemination of articles on the WOAs is 
characterized by two stages of “feedback-sympathize-iden-
tify” (FSI) and “participate-share and spread” (PS).

Fig. 3  Screenshot of WOAs

Updated articles from WOAs

Entrance of subscribed WOAs
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4  Research method

4.1  Sample and data collection

With the help of Beijing Sootoo company, a brand eco-
logical service provider based on new media and new 
technology, we collected data of 21 WOAs from Novem-
ber 30, 2017, to September 1, 2018. While 3286 arti-
cles were collected, we were left with 2969 after remov-
ing outliers (for example, the content of the article is 
empty, or the number of likes is greater than the num-
ber of reads) and duplicate articles. Table 1 shows 2969 
descriptive statistics of 21 WOAs in three months. They 
contain three types of WOAs—1169 are about life, 648 
are about entertainment, and 1152 are about informa-
tion. We want to know the degree of influence of all the 
influencing factors on the information dissemination of 
different types of WOAs. These three types will be ana-
lyzed separately.

After the initial data processing, we use the Jieba 
method for word segmentation. The Jieba word segmen-
tation algorithm uses the prefix dictionary in the data 
structure to scan and classify Chinese characters with 
high efficiency and precision. It has three modes: search 
engine, precise, and full modes. The first two modes are 
suitable for search engine segmentation and text analysis, 
respectively. Although the full mode is fast, it is hard to 
solve the ambiguity. For text analysis, the study selected 
the precise mode that can more accurately analyze and 
segment the text. Term frequency-inverse document fre-
quency (TF-IDF) algorithm can be used to evaluate the 
importance of a word to a file set or one of the files in a 
corpus. Therefore, we can calculate the TF-IDF weights 

of different word segments and extract the article content 
keywords whose TF-IDF weights are located in the top 
ten. We performed negative binomial regression analysis 
using Stata.

WeChat users are interested in the official account. 
When some public operators use hyperbolic titles or hot 
topics to attract WeChat users, but the relevance and 
matching degree of the actual content and the topic are 
not high, users will perceive them as “unworthy of the 
name.” This will greatly weaken their willingness to 
take in-depth actions (like, comment, collect, and share). 
Based on the 10 keywords extracted by the above algo-
rithm, we first use Excel function to judge whether each 
keyword is included in the title. We then calculate the 
coverage of 10 keywords (keyword coverage = number 
of keywords included in the article title/10)×100%), and 
then get the matching degree between the text content 
and article title.

Fig. 4  Process of information 
diffusion in WOAs

Table 1  Descriptive statistical results of the data

Variable Obs Mean Std. dev. Min Max

account_type 2969 1.994 .884 1 3
is_includevideo 2969 .135 .342 0 1
ratio_commment 2969 .002 .003 0 .079
ratio_like 2969 .012 .015 0 .127
ratio_favor 2969 .008 .011 0 .176
read_num 2969 8237.715 10171.36 19 218000
share_num 2969 265.551 621.426 0 16091
conlen_img 2969 191.719 278.85 0 5652.5
middle_relevance 2969 .089 .285 0 1
high_ relevance 2969 .378 .485 0 1
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4.2  Data variable definition

In the first stage, “feedback-sympathize-identify,” the 
resonance stage is affected by new users, push environ-
ment, external content perception, and feedback. In the 
content confirmation stage, the article’s click reading 
rate can reflect user participation. Therefore, the first 
phase of the research model is to push the click reading 
rate of the article as the research object. The reading 
number is set as the dependent variable. On the same 
day, the official account is concerned about the number 
of exposures. The potential factors are selected as the 
independent variables in the four dimensions of the new 
user base, the push environment, the external content 
perception, and the feedback effect. More focus is put on 
the behavior transformation mechanism of the “attention 
click reading” of WeChat users.

In the second stage of “participation-share and spread,” 
the “participation” takes the user’s click to read as the 
starting point and further transforms into deep participa-
tion behavior, including favor, likes, and comments. For 
“share and spread,” the communication effect can directly 
and effectively be measured by the amount of sharing. A 
user’s deep participation behavior is an important basis for 
sharing and diffusing information with other users. There-
fore, in the second stage, the study considers the sharing 
amount of push articles as the dependent variable and 
regards the number of clicks to read as exposure variables. 
It then regards the favor, comment, share rates, and the 
intrinsic characteristics of the push content (content vivid-
ness and internal correlation) as the independent variables.

The specific definitions of dependent variables and 
exposure variables are shown in Table 2, and independent 
variables are shown in Table 3.

Table 2  Dependent and exposed 
variable definitions

Stage Variables Variables identify

Dependent variable The first stage Read number of the day read_num(i,j,t)
The second stage Share number of the day share_num(i,j,t)

Exposure variable The first stage WOAs’ cumulate user of the day cumulate_user(i, t)
The second stage WOAs’ read number of the day read_num(i,j,t)

Table 3  Independent variable definitions

Stage Dimension Independent variables Variables identify

The first stage New user base The proportion of new users on the day ratio_newuser (i, t)
The proportion of new users on the previous day ratio_newuser_t1(i, t-1)

Environment Push time, whether weekend is_weekend (i, j, t)
Whether lunch break is_noonbreak (i, j, t)
Whether time from work is_quitting (i, j, t)
Whether before bedtime is_bedtime (i, j, t)
Push position whether headline is_first (i, j, t)

Content perception WOAs type account_type (i)
Whether title length not more than 15 words is_notmorethan15 (i, j, t)
Whether title contains emotional punctuation is_emotional (i, j, t)

Feedback Comment rate of the previous day ratio_comment_t1 (i, t-1)
Like rate of the previous day ratio_like_t1 (i, t-1)
Favor rate of the previous day ratio_favor_t1 (i, t-1)
Sharing rate of the previous day ratio_share_t1 (i, t-1)

The second stage Action participation Comment rate of the day ratio_comment (i, j, t)
Like rate of the day ratio_like (i, j, t)
Favor rate of the day ratio_favor (i, j, t)

Content judgment WOAs’ type account_type (i)
Picture text ratio conlen_img (i, j, t)
Whether contains video is_includevideo (i, j, t)
Content middle matches title middle_relevance (i, j, t)
Content high matches title high_ relevance (i, j, t)
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4.3  Analysis method

In this study, Poisson regression and negative binomial 
regression model were used for data analysis. The basic 
premise of the Poisson regression model is that e (y) = 
var (y) =λ, which means the variance must be equal to the 
mean; that is, there is no excessive dispersion, and it should 
be “equal dispersion” [14]. However, the variance of many 
count data is greater than the mean value in practical, and 
“excessive dispersion” occurs occasionally. If we continue to 
use the Poisson regression model, although the consistency 
and unbiasedness of regression coefficient estimation will not 
be affected, the underestimated standard error will reduce the 
accuracy of the statistical test. To avoid the above problems, 
we consider the overdispersion effect and introduce a ran-
dom error term into the original Poisson regression model, 
extending the model to build a “negative binomial regression 
model” [9]. This study applied the negative binomial regres-
sion model to adjust the analysis for overdispersion.

The main factors affecting the reading and sharing rates can 
be studied using a negative binomial regression. When using 
the negative binomial regression model for statistical analysis, 
we can use the alpha test to determine whether there is exces-
sive dispersion of the experimental data. If the result of the 
alpha test is significant, the experimental data need to adopt 
a negative binomial regression model for statistical analysis.

Since the negative binomial regression is improved based 
on the Poisson distribution regression model, the traditional 
Poisson distribution is expressed as follows:

where p (Yi) represents the probability, λi denotes expec-
tation, and Vi denotes variance, expressed by propagation 
influencing factors. λi formula is expressed as follows:

where Ei and Xi represent factors affecting communica-
tion and βi is the undetermined coefficient.

Poisson distribution requires equal mean and variance, 
but the actual data cannot meet this requirement; hence, the 
error term is added εi. After the adding error term, λi func-
tion expression and probability function expression are as 
follows:

P
(
yi
)
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λi
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(
−λi

)

yi!

�
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ln λi = ln Ei + ln Xiβi + εi

P
(
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(
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The variance of dependent variable y in Poisson regres-
sion is λi. In the negative binomial regression model, the var-
iance is equal to λi(1+k λi), when the value of K approaches 
0, the negative binomial regression is almost equal to Pois-
son regression. K> 0 indicates that there is over discretiza-
tion, which is the key factor in the negative binomial regres-
sion model.

5  Data analysis and results

5.1  The first stage: FSI

In the first stage, article title (content perception), push posi-
tion (environment), and feedback are identified as the essen-
tial factors that significantly influence the reading rate, while 
the new user base has no significant influence on reading 
rate. The specific analysis is as follows.

The result of the “LR test of alpha = 0” is significant 
and indicates that we should choose the negative binomial 
regression model since the overall data in the first stage 
is over-discrete. The p value provided in Table 4 shows 
that the read rate of the articles will be positively affected 
under one of the following two conditions. First, the arti-
cle title contains emotional symbols. The push position 
(environment) is the headline, and the overall comment 
rate and the comment rate of the previous day (Feedback) 
passed the significance test of 99% confidence because 
the p value is less than 0.01. Second, push time (environ-
ment) is at bedtime (21:30–23:30), the article title does 
not exceed 15 words, and the overall favor rate of WOAs 
the day before (Feedback) passed the significance test of 
95% confidence, because the p value is less than 0.05. 
Additionally, the article type has a positive impact on the 
reading rate of the articles.

As the article type is a key factor affecting the reading 
rate, we further analyze three types of articles—life, enter-
tainment, and information.

We also chose the negative binomial regression model 
since the negative binomial regression results of life arti-
cles indicated the data are too discrete. Table 5 provides 
the negative binomial regression results of the life articles 
in the first stage. In 1169 background operating data of life 
articles, the article title containing emotional symbols, the 
push position of headline, and the feedback still passed the 
significance test of 99% confidence, because the p value is 
less than 0.01. Meanwhile, push time for bedtime also has 
a significant positive impact on the reading rate. Unlike the 
regression results of the overall data, the article title not 
exceeding 15 words no longer had a significant positive 
impact on the reading rate because the p value is greater 
than 0.05
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Similarly, in Table 6, among the background operation 
data of 648 entertainment articles, the article title and title 
push within 15 words passed the significance test of 99% 
confidence, because the p value is less than 0.01. At the 
same time, at a 95% confidence level, push time for bed-
time positively affects the reading rate of articles because 
the p value is less than 0.05. The number of characters less 
than 15 words no longer has a significant positive impact 
on the reading rate of articles.

In Table 7 in the background operation data of 1152 
information articles, the new user group, the push posi-
tion of the title, the bedtime, and the number of article 
titles within 15 words passed the significance test of 99% 
confidence. Comparatively, among the factors of feedback 
effect of the previous day’s WOAs, only the overall shar-
ing rate has no positive impact on the reading rate, while 
the overall comment rate, praise rate, and collection rate 
pass the significance test.

Table 4  Negative binomial regression results in the first stage

***, **, and * indicate p<0.01, p<0.05, and p<0.1, respectively

Construct Variable IRR St. err. t value p value Sig.

New user base Proportion of new users on the day 0.724 1.563 −0.15 0.881
Proportion of new users on the previous day 0.297 0.543 −0.66 0.507

Push position Whether headline 3.048 0.077 43.94 0 ***
Push time Whether weekend 1.025 0.028 0.91 0.364

Whether noon break 1.051 0.124 0.42 0.671
Whether quitting 1.056 0.035 1.66 0.098 *
Whether bedtime 0.949 0.036 −6.39 0.035 **

Article type Life 1 . . .
Entertainment 1.303 0.056 6.11 0 ***
Information 0.567 0.02 −16.33 0 ***

Article title Emotional 0.874 0.021 −5.55 0 ***
Not more than15 0.941 0.025 −2.27 0.023 **

Feedback Comment rate 1.52E-09 3.89E-09 −7.94 0 ***
Share rate 0.840 0.492 −0.30 0.766
Like rate 4.14E+10 6.14E+10 16.5 0 ***
Favor rate 0.013 0.024 −2.32 0.02 **
Constant 0.009 0 −97.31 0 ***

Table 5  Results of life articles in the first stage

*** and * indicate p<0.01 and p<0.1, respectively

Construct Variable IRR St. err. t value p value Sig.

New user base Proportion of new users on the day 4.95E+29 1.94E+31 1.75 0.081 *
Proportion of new users on the previous day 6.73E+17 2.31E+19 1.2 0.231

Push position Whether headline 2.401 0.09 23.33 0 ***
Push time Whether weekend 1.042 0.041 1.03 0.303

Whether noon break 1.046 0.176 0.27 0.788
Whether quitting 0.934 0.046 −1.37 0.171
Whether bedtime 0.651 0.035 −7.97 0 ***

Article title Emotional 0.901 0.032 −2.92 0.003 ***
Not more than 15 0.993 0.043 −0.16 0.874

Feedback Comment rate 2.71E-10 8.83E-10 −6.76 0 ***
Share rate 0.613 0.439 −0.69 0.494
Like rate 2.27E+10 3.75E+10 14.47 0 ***
Favor rate 0.288 0.759 −0.47 0.637
Constant 0.009 0.001 −80.5 0 ***
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5.2  The second stage: PS

In the second stage, content vividness, content relevance, 
and feedback are identified as the essential factors. Specifi-
cally, the content, including multimedia and the high cor-
relation between content and its title, significantly affects the 
sharing rate. For life articles, content relevance is a nonsig-
nificant factor. The specific analysis is as follows.

“LR test of alpha = 0” is still significant; therefore, the 
overall data in the second stage is excessively discrete. We 
continue to use the negative binomial regression model. 
According to the IRR value shown in Table 8, the article 
type passed the significance test with 99% confidence, indi-
cating the significant impact on the share rate of articles. 
The information type of articles has the greatest impact on 

Table 6  Results of entertainment articles in the first stage

Construct Variable IRR St. err. t value p value Sig.

New user base Proportion of new users on the day 0.439 0.729 −0.50 0.620
Proportion of new users on the previous day 0.089 0.138 −1.65 0.098 *

Push position Whether headline 2.376 0.097 21.28 0 ***
Push time Whether weekend 0.924 0.043 −1.7 0.090 *

Whether noon break 1.262 0.207 1.42 0.156
Whether quitting 1.092 0.068 1.42 0.156
Whether bedtime 0.854 0.067 −2.02 0.044 **

Article title Emotional 0.966 0.042 −0.79 0.431
Not more than15 0.862 0.039 −3.32 0.001 ***

Feedback Comment rate 1.49E+13 1.31E+14 3.43 0.001 ***
Share rate 0 0 −4.37 0 ***
Like rate 2.276 17.038 0.11 0.912
Favor rate 0 0 −2.99 0.003 ***
Constant 0.016 0.001 −51.38 0 ***

Table 7  Results of information articles in the first stage

Construct Variable IRR St. err. t value p value Sig.

New user base Proportion of new users on the day 3.8E+279 6.9E+281 3.56 0 ***
Proportion of new users on the previous day 8.5E-54 1.43E-51 −0.73 0.467

Push position Whether headline 4.643 0.204 34.87 0 ***
Push time Whether weekend 1.068 0.049 1.43 0.152

Whether noon break 0.710 0.171 −1.42 0.155
Whether quitting 0.946 0.064 −0.83 0.407

Table 8  Negative binomial 
regression results in the second 
stage

*** and * indicate p<0.01 and p<0.1, respectively

Construct Variable IRR St. err. t value p value Sig.

Article type Life 1 . . .
Entertainment 0.394 0.018 −20.59 0 ***
Information 1.254 0.05 5.7 0 ***

Content relevance High relevance 1.122 0.038 3.43 0.001 ***
Middle relevance 0.91 0.052 −1.66 0.097 *

Content vividness Whether include video 1.564 0.073 9.64 0 ***
Picture text ratio 1 0 1.31 0.191

Feedback Comment rate 2079.668 14306.136 1.11 0.267
Like rate 0 0 −7.5 0 ***
Favor rate 1.16E+20 2.44E+20 21.95 0 ***
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sharing, followed by the entertainment type, because the p 
value is the same, and the t value of information articles is 
greater.

From the dimension of the content vividness, it can be 
seen from the p value, at 99% confidence level that video and 
multimedia information have a significant positive impact 
on the sharing rate, while the ratio of text to picture failed to 
pass the significance test. Regarding the dimension of content 
relevance, the high correlation between content and its title 
positively affects the sharing rate at a 99% confidence level, 
while the moderate correlation between content and its title 
positively affects the sharing rate at a 90% confidence level.

In the feedback effect dimension of information dissemi-
nation, both the like rate and the favor rate passed the sig-
nificance test of 99% confidence, which had a significant 
positive impact on the sharing rate. By contrast, the related 
impact of comment rate was not significant. However, by 
comparing the IRR values of the two independent variables, 
the positive unit effect of the favor rate is much higher than 
the positive unit effect of the like rate.

Similarly, we analyzed three types of articles in the sec-
ond stage. Table 9 provides the negative binomial regres-
sion results of the life articles in the second stage. From 
the dimension of the content vividness, at 99% confidence, 
the content of articles, including video multimedia informa-
tion and the text-to-picture ratio, has a significant positive 
impact on the article sharing rate. From the dimension of the 
content relevance, unlike the regression results of the over-
all data in the second stage, the two independent variables 
(high correlation, moderate correlation) of life articles failed 

to pass the significance test. Regarding the feedback effect 
of life articles, besides the like rate and favor rate of push 
articles passing the prominence test of 99% confidence, the 
comment rate also passed the prominence test. By compar-
ing the IRR values of three independent variables, we found 
that the positive unit effect of the favor rate was higher than 
that of the comment rate, which in turn was much higher 
than that of the like rate.

It can be seen from Table 10 that for entertainment arti-
cles, the positive effect of the article containing video mul-
timedia information (IRR=2.018) is higher than that of the 
text-to-picture ratio (IRR=0.999) in the content vividness 
dimension. In the content relevance dimension, high cor-
relation and moderate correlation have a significant positive 
impact on the article share rate. High correlation (IRR = 
1.264) articles have more positive unit influence than moder-
ate correlation (IRR = 0.751). The positive unit influence of 
the like rate (IRR = 1.830E + 25) of entertainment articles 
is significantly higher than that of the life articles (IRR = 
0.000). Among the three independent variables of the favor 
rate, comment rate, and like rate of entertainment articles, 
the positive unit effect of the favor rate is higher than the 
like rate, and the like rate is higher than the comment rate.

It can be seen from Table 11 that for information articles, 
the ratio of video multimedia information and text pictures 
has a significant positive impact on the article’s sharing rate 
at the confidence level of 99% and 95%, respectively. Only 
one independent variable with high correlation passed the 
90% significance test. At a certain level of confidence, the 
comment rate, like rate, and favor rate of push articles have 

Table 9  Results of life articles 
in the second stage

***indicates p<0.01

Construct Variable IRR St. err. t value p value Sig.

Content relevance High relevance 1.081 0.064 1.33 0.183
Middle relevance 0.863 0.081 −1.57 0.116

Content vividness Whether include video 1.357 0.094 4.39 0 ***
Picture text ratio 1.001 0 5.4 0 ***

Feedback Comment rate 3.80E+16 4.98E+17 2.91 0.004 ***
Like rate 0 0 −6.72 0 ***
Favor rate 2.20E+25 8.10E+25 15.84 0 ***

Table 10  Results of 
entertainment articles in the 
second stage

Construct Variable IRR St. err. t value p value Sig.

Content relevance High relevance 1.264 0.095 3.12 0.002 ***
Middle relevance 0.751 0.089 −2.43 0.015 **

Content vividness Whether include video 2.018 0.180 7.85 0 ***
Picture text ratio 0.999 0 −3.34 0.001 ***

Feedback Comment rate 9.55E+11 1.71E+13 1.54 0.124
Like rate 1.830E+25 1.48E+26 7.2 0 ***
Favor rate 6.61E+55 7.47E+56 11.38 0 ***



1480 Personal and Ubiquitous Computing (2023) 27:1469–1482

1 3

a positive impact on the share rate. The positive unit effect 
of the like rate is higher than the favor rate, which is much 
higher than the comment rate.

6  Discussion and conclusion

6.1  Research findings

This study examined the factors influencing information dis-
semination on WOAs. We identified two stages of informa-
tion dissemination: “feedback-sympathize-identify” (FSI) 
and “participate-share and spread” (PS). This study also 
identified several essential factors and their relative impor-
tance to examine their effect in each stage. Several interest-
ing findings emerge from this research.

First, in the first stage, both environment and content 
perception significantly impact the article’s reading rate, 
while new user base has no significant effects. Specifi-
cally, the push position of the headlines and emotional 
article title are important factors to attract users to read. 
However, the new user base of information and life arti-
cles have a significant positive impact on the reading rate 
under the condition of obtaining effective information 
[41, 42]. In the content perception dimension, the article 
title is a typical external feature, and the length of the title 
affects the click rate to a certain extent. At the same time, 
the article title contains emotional punctuation (“?” and 
“!”); it significantly affects the reading rate of life and 
information articles. That is, the more emotional the title 
is, the easier it attracts users to read, which is consistent 
with the findings of [21]. It shows that emotional expres-
sion is associated with higher consumer engagement with 
a message [43].

Article types also play a vital role in information dis-
semination. Different article types have different effects 
on users’ information dissemination behavior. In the first 
stage, the positive effects of the three types of articles 
are entertainment, life, and information from high to low. 
Conversely, in the second stage, the order is information, 
life, and entertainment. The difference between the two 

stages is reasonable because the depth of user participation 
in the PS phase is higher than that in the FSI phase. In the 
first stage, users tend to pay attention to the participation 
behavior of reading. Therefore, entertainment information 
can better meet their reading needs to achieve relaxation. 
In the second stage, users tend to consider the information 
value reflected in the article when sharing diffusion infor-
mation with other users. Therefore, the promotion effect 
of information type on article sharing is the main in the 
second stage.

In the second stage, content judgment has a significant 
impact on the article sharing rate. Multimedia information 
significantly improves the sharing rate of the three types of 
articles (information, life, and entertainment), indicating 
the importance of the vividness for the article. Researchers 
have pointed out that the matching of user’s favor behavior 
and needs provide a resource basis for information sharing 
in the future [44]. Combined with the significance level 
and IRR value, the sharing rate of three articles is posi-
tively influenced by the favor rate of articles. Additionally, 
content relevance between title and content also affects the 
sharing rate of the three types to a large extent. It implies 
that the entertainment articles cannot only rely on exag-
gerated headlines to attract people’s attention but also pay 
attention to the influence of content relevance. Otherwise, 
it may result from negative effects on the depth of dis-
semination of articles.

Finally, the two stages interact with each other. The 
behavior of the day (like, comment, collection, and sharing) 
reflects the popularity, practicability, and value of the article, 
which will have a significant impact on the reading rate of 
the next day and the sharing rate of the day. Specifically, for 
life articles, the rate of likes has the greatest impact on the 
reading rate, and likes, comments, and collections have a 
great impact on the sharing rate. For entertainment articles, 
the review rate, sharing rate, and collection rate have a great 
impact on the reading rate, and the likes and collections have 
a great impact on the sharing rate. For information articles, 
the praise rate has a certain impact on the reading rate, praise 
and collection have a great impact on the sharing rate, and 
comments have a certain impact on the sharing rate.

Table 11  Results of information 
articles in the second stage

Construct Variable IRR St. err. t value p value Sig.

Content relevance High relevance 1.073 0.040 1.87 0.062 *
Middle relevance 1.022 0.072 0.31 0.753

Content vividness Whether include video 1.238 0.087 3.04 0.002 ***
Picture text ratio 1.000 0 −2.24 0.025 **

Feedback Comment rate 3.15E-07 2.03E-06 −2.32 0.020 **
Like rate 1.46E+15 7.12E+15 7.15 0 ***
Favor rate 1.55E+11 3.00E+11 13.33 0 ***
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6.2  Theoretical implications

This study contributes to the existing literature in several 
ways. First, considering the characteristics of user behav-
ior on mobile social media, it proposes a new model called 
FSIPS by adding the feedback effect into the process of 
information dissemination. Many studies in the information 
dissemination field focus on sharing behavior (e.g., retweet-
ing, forwarding) [4, 8, 15, 19]. With the rapid growth of 
social media, users can apply more interactive functions, 
such as like, comment, and favor, leading to various behav-
iors affecting factors that are neglected in existing research. 
This study has explored these factors and added them into 
the model as factors of feedback. The experimental results 
show that the feedback effect has a significantly positive 
impact on the article reading rate and sharing rate.

Second, existing studies analyzed information dissemi-
nation behaviors from only two limited levels of users and 
content [15, 34]. This research has investigated informa-
tion dissemination behaviors from novel perspectives (i.e., 
environment, feedback) beyond users and content. It has 
proposed a comprehensive model to grasp a holistic pic-
ture of the information dissemination process. Considering 
the environmental factors, the constructs validated from 
this study are more appropriate to the characteristics and 
the context of social media. As the information diffused at 
an exponential rate based on fast-changing technology, this 
study may provide empirical evidence for scholars to better 
understand the behavior of users and the law of information 
dissemination on social media.

6.3  Practical implications

Our study also generates new insights for practical opera-
tions and provides several suggestions for operators. First, 
different types of accounts should develop appropriate oper-
ation strategies. Taking the WOAs of entertainment articles 
as an example, the results show that WOAs operators cannot 
only rely on interesting, entertaining, and exaggerated head-
lines to attract people’s attention but also on the relevance 
between titles and contents. The excessive deviation between 
the title and content affects the in-depth participation and 
sharing diffusion behavior of users. Second, followers play 
an important role in organizations’ social media strategies 
[20], and the interaction between followers and accounts 
is conducive to the development of accounts. Focusing on 
users’ needs at different stages in information dissemina-
tion is critical. In the FSI stage, the interest in information 
can stimulate user attention to a certain extent and satisfy 
users’ self-relaxing needs. The information value of WOAs 
articles is an important factor in promoting users’ in-depth 
participation behavior. Therefore, in the PS stage, operators 
should stress the content value and realize the information 

sharing and diffusion. This study will also provide implica-
tions for social media companies to improve their products 
during the COVID-19-influenced periods where the social 
media are widely used.

6.4  Limitations and future research

In this study, the authenticity and validity of experimental 
data and experimental methods are guaranteed. However, 
this study still has some limitations that should be addressed. 
First, our data were collected from a social media platform in 
China, and so the results may be influenced by the national 
culture and platform context to some extent. Owing to the 
low posting frequency of some WOAs, there will be errors 
in the feedback effect variables in the model.

Future studies should conduct a cross-cultural inves-
tigation on this subject to obtain a better understanding 
of the effect of information dissemination from a global 
perspective. Furthermore, other suitable indicators can 
be considered in the FSIPS model. Future research can 
also explore a new algorithm for the matching degree 
between title and content keywords and gradually 
improve the efficiency of judging the relevance between 
title and content.
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