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Abstract

Objective: In recent years, social media platforms, such as TikTok and RedBook, have emerged as important channels
through which users access and share medical information. Additionally, an increasing number of healthcare professionals
have created social media accounts through which to disseminate medical knowledge. This paper explores why users obtain
their medical information from social media and how the signals transmitted by social platforms affect use behaviours.

Methods: We combined the elaboration likelihood model and signal theories to construct a comprehensive model for this
study. We used simple random sampling to investigate users’ behaviours related to social media usage. A total of 351 valid
questionnaires were completed by people in Mainland China. The participants were enthusiastic about social media plat-
forms and had searched for health-related information on social media in the past three months. We analysed the data
using partial least squares structural equation modelling to investigate the influence of two pathways and two signals
(objective and subjective judgement pathways and positive and negative signals) on social media use behaviours.

Results: When seeking medical information on social media, users tend to rely on subjective judgment rather than objective
judgment, although both are influential. Furthermore, in the current era, in which marketing methods involving big data
algorithms and artificial intelligence prevail, negative signals, such as information overload, have a more pronounced
impact than positive signals.

Conclusions: This study demonstrates that the subjective judgment path has a greater impact on users than the objective
judgment path. Platforms are encouraged to focus more on users’ emotional needs. The paper also discusses the negative
impact of information overload on users, sounding an alarm for enterprises to control their use of homogeneous information
resulting from the excessive use of big data algorithms.
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Introduction
People form social media use habits that are no longer
limited to sharing and delivering entertainment, and they
now frequently search social media for professional infor-
mation on health and wellness.1 Since the traditional
boundaries of medical treatment have been disrupted by
science and technology, many qualified medical profes-
sionals have started to use platforms, such as TikTok and
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Doctor Dingxiang, to transmit popular health information.
Moreover, there has been explosive growth in short
medical and health-related videos, and they surpass other
content in terms of views, shares, and stay rates. In early
March 2023, TikTok released the TikTok Health Science
Data Report, which revealed that medical and health
content had become one of the top concerns for TikTok
users. In China, the platform witnessed the addition of
21,000 new health-related items daily, and approximately
200 million users watched health science videos on
TikTok each day. Moreover, according to a report issued
by China.com in March 2024, a group of health-related
topics on the RedBook platform based in China received
210 million views and 17.6 thousand notes. Hence, it is
clear that social media platforms are extensively used to
exchange health-related information.2,3 The medical
field’s involvement with social media has garnered increas-
ing attention.4–6 For instance, platforms such as Twitter
have been used to track public mental and physical health
issues related to electronic cigarettes.7 Social media plat-
forms foster interactive virtual communities that allow
patients, doctors, and individuals, both within and beyond
their normal social circles, to connect synchronously, unre-
stricted by time or distance.8 Supported by big data algo-
rithms and artificial intelligence, social media platforms—
particularly short-video platforms—are able to accurately
capture users’ preferences.9 The sharing of information on
social media also fosters a sense of collective identity
among users, providing them with emotional value and
thereby supporting their use behaviours. Furthermore,
social media platforms further promote efficiency and
matching,10 thereby increasing user visits and retention
rates on these platforms.11

However, the excessive use of big data algorithms and
artificial intelligence may negatively affect users by gener-
ating an information explosion. As trust increases, users
transition from being mere recipients of information to
becoming transmitters and disseminators of content, result-
ing in a proliferation of peer-to-peer communication and a
network-like pattern of high-speed, large-scale, uncon-
trolled information dissemination. The issue of information
overload is becoming an increasing concern, since it affects
people’s psychological states and behavioural intentions.12

Highly relevant recommendations and frequent updates
inundate users with vast amounts of information daily,
overwhelming them and leading to declining intentions to
continue using disseminating platforms.12 Furthermore,
big data algorithms cannot confirm the authenticity of the
information they distribute. Thus, the rapid and widespread
dissemination of information on social media leads to a sig-
nificant amount of ‘noise’ information, users’ subsequent
transmission of which causes additional information distor-
tion.13 These factors greatly affect the quality of the infor-
mation provided, not only accelerating the spread of
misinformation but also burdening users’ brains and

impairing their ability to weigh and understand important
information. The negative effects of information overload
and distorted information disadvantage users when it
comes to information acquisition and judgement, causing
feelings of boredom and anxiety. Users become fatigued
by their efforts to evaluate issues objectively and rationally,
which weakens their evaluations of the truthfulness of
information and prompts them to rely on their subjective
perceptions and judgements.

User behaviour in relation to social media has already
attracted academic attention. Existing research has tended
to focus on three aspects when explaining the impact of
relevant factors on user behaviour: individual factors, infor-
mation factors and social relationship factors. Through
further exploration, scholars have identified information
dissemination as a key function of social media, while
other factors, such as information quality, source credibil-
ity,14 information delivery format and content type,15

have also been shown to have a significant impact on use
behaviour. Among the various information-related factors,
information quality and information ‘fit-to-task’ are
widely recognised as the most important factors influencing
use behaviour. For example, in tourism information-sharing
scenarios, tourists’ perceptions of social media information
quality positively influence the importance they place on
the content shared.16 Similarly, in terms of accommodation
choice, information matching, together with other dimen-
sions of information quality, will predict users’ information
adoption behaviour.17 In addition, social media not only
provides users with a vast amount of information but also
enables them to derive social value from community inter-
actions. Many studies have demonstrated that social rela-
tionship factors influence user behaviour. Variables such
as group affiliation,1 trust perception18 and interpersonal
dependence19 have frequently been examined by scholars
in this field. As more and more users form connections on
social media, and within the context of explosive growth
in the quantity of information offered, some researchers
have noted that information overload can precipitate
switching behaviours in users, leading to their loss as
social media users.20

The studies mentioned have provided a solid theoretical
foundation for understanding users’ behaviour regarding
the acquisition of healthcare information. The ongoing
emergence of new situations has prompted the updating
of relevant research. However, few have examined shifts
in user behaviour paths in relation to these three factors
and provided explanations for such shifts. In the current
development of big data algorithms and artificial intelli-
gence, the sole focus on objective judgment paths, such
as information fit-to-task and information quality, is insuf-
ficient to fully explain social media use behaviour.
Moreover, with the thriving growth in internet marketing
techniques, the factors that influence users’ social media
usage have undergone significant changes. By examining
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social media platforms, as represented by TikTok and
RedBook, we observed that users’ use behaviours are also
significantly affected by emotional factors. While existing
research has, to some extent, addressed both subjective
and objective information judgments, few scholars have
explored the combined effect of the two. In addition, in
the context of big data algorithms, it remains unknown
whether positive and negative signals impact users’ use
behaviour through subjective or objective pathways.
Based on these observations, we propose the following
research questions:

RQ1: How do internal and external factors motivate users to
utilise social media to search for medical and health
information?
RQ2: How does the medical information dissemination
system, based on the social media context, change the
way users process information?

The remainder of this paper is organised as follows.
First, based on the elaboration likelihood model (ELM)
and signal theory, the framework for the study is proposed,
and the corresponding research hypotheses are expounded.
Then, a review of the relevant literature is presented and the
research methodology described. The Results section
reports that 351 valid data sets were collected through
online questionnaires. The research model and hypotheses
were evaluated and tested using partial least squares struc-
tural equation modelling (PLS-SEM). Finally, the corre-
sponding research conclusions, theoretical implications
and practical implications are discussed, and limitations
and possible future research directions are presented.

Theoretical framework and hypothesis
development

Theoretical basis

To solve the previously mentioned problems, we combined
ELM and signal theories to explain users’ social media use
behaviours. The ELM was developed by Petty and
Cacioppo21 in 1986 and has been widely employed in con-
sumer information processing research. The ELM posits
that individuals follow two distinct routes when they
receive and process information: a central route and a per-
ipheral route.21 The former enables individuals to actively
evaluate information, persuading them to form or change
attitudes towards high participation; the latter route has
the opposite effect on attitude change.22 The ELM’s import-
ant role in information transfer has been richly demon-
strated in existing studies.23–25 In this paper, we used the
ELM to explain people’s use behaviours when seeking
medical information on social media. When obtaining
information, users rely on both subjective and objective
judgement pathways for analysis. However, when

information is extensively homogenised and delivered in
large quantities, users are likely to experience information
overload and become bored, thus relying more on the sub-
jective judgement pathway, according to which they rely on
affective and non-content-based cues when making deci-
sions.26 At this point, the likelihood of fine processing is
low, and the peripheral route of persuasion becomes effect-
ive.27 Conversely, via the objective judgement pathway,
individuals engage in more active and detailed information
processing when making decisions. Due to their high
motivation and ability, these individuals tend to make
rational choices, making persuasion via the central route
especially effective.27 Accordingly, we considered that
the objective judgement pathway reflects the way in
which user behaviours change due to the objective attri-
butes of the information they process. In this paper, we
further divide the objective judgement pathway attributes
into fit-to-task information, information quality, and infor-
mation overload while defining the fitness of information
to tasks as the relevance of the medical information
obtained by users on social media to their specific needs.
Subjective judgement mainly reflects the process by
which users rely on subjective perceptions to form judge-
ments, which then affect their use behaviours. We divide
the subjective judgement pathway attributes into three cat-
egories: trust perception, collective identity, and usage
habits. Trust perception and collective identity are derived
from groups of people and are thus classified as social-level
factors. Usage habits are derived from users’ personal pre-
ferences and are thus considered individual-level factors.

The signal transmission model originally emerged in
economics, where signals are sent by the signal sender to
the signal receiver, and the feedback received is influenced
by environmental factors. It was first proposed by Spence28

in 1973. Signal transmission aims to address the issue of
information asymmetry and convey positive information.29

However, not all signals are positive and favourable. Noisy
signals can cause distress to the signal receivers, undermin-
ing the credibility of the signal creator and generating
uncertainty about the quality of the signal in the mind of
the receiver.30 The nature of external signals affects a
user’s judgment process. Signals can generally be divided
into positive and negative signals. Positive signals will
involve a platform’s use of big data recommendation algo-
rithms, and they will suggest highly relevant and interesting
content to users, thus positively affecting their perceptions
of trust. Negative signals relate to the side effects of infor-
mation overload, also brought about by a platform’s big
data algorithms, and can lead to anxiety and negative emo-
tions in the user. Negative signals act as a ‘pushing’ force,
inhibiting users from using their objective judgment paths,
while positive signals act as a ‘pulling’ force, prompting
users to utilise their subjective judgment paths. Under the
combined effect of these two forces, when using social
media, users’ behavioural judgment paths gradually shift
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away from the objective and towards the subjective. In this
study, we consider information overload and trust percep-
tion to be crucial signals that influence users’ judgments
and, consequently, their behaviours in using social media
(as shown in Figure 1). The positive signals transmitted
by a platform enable it to gain perceived trust. This is a
positive incentive experienced by the user and is based on
the information transmitted by the platform. However,
information overload results in negative information
being transmitted by the platform, and users may develop
negative emotions towards the platform due to noise inter-
ference. By capturing all the information transmitted by the
platform, the user perceives two-way signals, experiencing
both the pushing force of the negative signals and the
pulling force of the positive signals.

Based on ELM and signal theory, this study explores the
influences of the objective judgment path and the subjective
judgment path on users’ social media use behaviour. To
address the gap, the study comprehensively considers the
impact of variables such as information fit-to-task, information
quality, information overload, trust perception, collective iden-
tity and usage habit on users’ healthcare information acquisi-
tion behaviours. These factors are classified as either objective
or subjective judgment paths. In addition, the paper proposes a
trend by which user behaviour shifts away from the objective
towards the subjective judgment path, highlighting the roles of
information overload and trust perception as a negative and a
positive signal, respectively, in driving this path shift. By
taking a comprehensive perspective and considering new con-
texts, this paper explains users’ social media use behaviour
more fully.

Hypothesis development

Scholars generally consider information fit-to-task to be the
extent to which information matches a specific task.31

Existing research indicates that information fit-to-task is a
crucial factor influencing user information adoption and
social media use behaviour. For instance, a study by
Nguyen et al. suggests that a higher level of information
fit-to-task on social media helped older adults to adopt the
information, which in turn increased their awareness of
risks such as COVID-19 and enhanced crisis-prevention
behaviours.32 Information fit-to-task has also been shown
to have a significantly positive impact on users’ information
acquisition behaviour.33 As users develop the habit of using
social media, the phenomenon of searching for medical
information on social media platforms has become increas-
ingly widespread. Advancements in network technologies,
such as artificial intelligence, enable social media to
deliver targeted information to users based on their search
and browsing behaviours, as well as on the keywords
they provide, thus increasing the degree to which the infor-
mation matches their need. This saves users time and allows
them to find the medical information they require most

efficiently. Based on this, the present study posits the fol-
lowing hypothesis:

H1: Information fit-to-task is positively correlated with
users’ social media use behaviour.

Information quality refers to the subjective judgments
people make about the worth and usefulness of the informa-
tion in a specific context, based on their expectations of the
information or other available information.34 In many
studies, information quality has been recognised as an
important factor affecting user adoption behaviour,35,36

while the multidimensional perceptions of information
quality by users have been analysed and summarised in
detail.37,38 Studies from different fields have further
proved that information quality has a positive impact on
users’ behaviour when using a platform: in scenarios with
hospital information systems, the information quality as
perceived by doctors will positively affect their willingness
to continue using the platform.39 In the social recommenda-
tions of products on a platform, the quality of the informa-
tion, as perceived by consumers, will significantly affect
their satisfaction, thereby positively affecting their willing-
ness to use the platform.40 This study contends that, with
the ongoing advances in social media’s push functions,
the information received by users increasingly aligns
better with their needs. Consequently, users perceive
higher information quality, which enhances their perception
of the benefits of the relevant information and their inten-
tion to adopt it. As a result, users are increasingly inclined
to utilise social media to search for health information.
Building upon previous research, this paper proposes the
following hypothesis:

H2: Information quality is positively correlated with users’
social media use behaviour.

With the increasing popularity of social media, it is easy
for people to express their opinions on a platform, and this
contributes to the large quantity of information that is accu-
mulating on social media.41 Users tend to receive too much
information, which results in a problem of information
overload. Although the push algorithms of social media
have become more sophisticated and increasingly cater to
personalised user needs, the homogenisation of the infor-
mation users receive can trap them within an information
bubble, making it challenging to access the differentiated
information they require.42 As a result, users are required
to invest more and more effort in searching for personally
relevant information. Nevertheless, individuals have a
limited capacity to process and accept information within
any given time frame.43,44 Existing studies have shown
that boredom and psychological anxiety occur when indivi-
duals receive too much information, which goes beyond
their ability to understand and accept.45,46 Information
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overload can suppress users’ willingness to use social
media due to the negative emotions they experience.12

Although personalisation has been shown to reduce infor-
mation overload,47 the homogeneous nature of social
media push information requires users to invest more time
and effort or to engage in deeper interactions or in paid ser-
vices to access personalised information. To some extent,
this affects users’ intentions to continue using the platform
for search purposes and leads to a result in which most users
encounter redundant and repetitive information. Therefore,
this study posits the following hypothesis:

H3: Information overload is negatively correlated with
users’ social media use behaviour.

Trust perception is a key factor in determining individual
engagement.48 In this context, trust perception refers to
users’ subjective perceptions of the value of online health
information.49 It has long been suggested that users’ per-
ceived trust in social media should be given greater atten-
tion. Lim and Kim50 found that higher levels of trust in
information on social media platforms leads to a greater
willingness among users to self-disclose, thereby promoting
users’ information seeking and sharing behaviours on social
media.51 Based on an analysis of teenagers’ social media

use behaviour,52 concluded that teenagers tend to interact
online with individuals they trust. All these descriptions
indicate that trust in information significantly influences
users’ intention to search for information and has a signifi-
cant impact on users’ social media-sharing behaviour.53

Therefore, trust management is an important factor in
improving user retention on social media,54 where higher
perceived trust will enhance users’ continued use behav-
iour. Therefore, we propose the fourth hypothesis:

H4: Trust perception is positively correlated with users’
social media use behaviour.

Collective identity involves the interaction and sharing
behaviour of a group, which creates an emotional connec-
tion between group members.55 Some scholars have sug-
gested that, in a cluster context, collective identity
stimulates participation in collective behaviours56 and that
people tend to behave like the group with which they iden-
tify.57 The sentiments around group identity also apply to
digital platforms; for example, information about sexism
in social media will inspire a feminist group identity,
which will increase the group’s collective behaviour.58

Existing research generally indicates that people build con-
sensus about collective identities on social media with

Figure 1. The research model.
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others who have similar backgrounds and experience, and
that this contributes to collective action.59 Although most of
these studies are based on political and corporate governance
scenarios, we believe that similar characteristics pertain in the
exchange of medical and health information.When users iden-
tify with medical information presented on social media, it
increases their participation in social media. Based on the
above discussion, this paper hypothesises the following:

H5: Collective identity is positively correlated with users’
social media use behaviour.

In the context of social media, usage habits are considered to
be automatic, involving the subconscious use or consumption of
social media, often accompanied by repeated visits, resulting in
interactive behaviours and the deriving of satisfaction from such
behaviours.60 Health actions that occur as a result of habits are
performed in a specific sequence without the need for the object-
ive regulation of consciousness.61 Moreover, usage habits
involving social media can promote stronger social media use
dependency through sensitisation.62 Nowadays, with the wide-
spread application of big data algorithms and artificial intelli-
gence, social media platforms can accurately capture user
preferences,63 delivering content of interest and enhancing
users’ dependency and intention to use. Usage habits not only
directly impact users’ behaviour, but indirectly, they also influ-
ence their behavioural intention.64 Overall, the influence of
usage habits on use behaviour is significant. Building on existing
research, we propose the following hypothesis:

H6: Usage habits are positively correlated with users’ social
media use behaviour.

Research methods

Measurements

The purpose of this study was to analyse the impact of
changes in the signal transmission mechanism in a macro-
level context. We found that the speed and breadth of
people’s migration from professional medical forums to
social media platforms increased. Thus, we conducted an
exploratory study to provide guidance for future research
on information governance and information access mechan-
isms. The design of the questionnaire utilised in this paper
was based on mature scales published by other scholars and
was then adjusted according to the research questions and
the characteristics of the research scenario of this paper.
In the questionnaire, apart from the basic instructions and
the demographic information for the interviewees, all ques-
tions were measured using a 7-point Likert-type scale. The
numbers 1–7 indicate the degree of agreement, where 1
indicates complete disagreement and 7 indicates full agree-
ment. The questionnaire consisted of three parts.

The first part was a basic description of the survey, includ-
ing the purpose of the research and an ethics statement (ethics
approval reference number: CC-2023-1-0002-0485-SOM-
ZJUT). The ethics statement consisted of the following four
parts: (1) information would be recorded anonymously, (2)
data privacy would be protected, (3) the research purpose
would be disclosed with transparency to respondents in
advance, and (4) gratitude would be expressed to the partici-
pants for their involvement in the study. The second part of
the questionnaire covered the measurement of the variables
used in the model, include information fit-to-task, information
quality, information overload, trust perception, collective iden-
tity and usage habit. There were 23 questions in this section to
explore respondents’ social media use of searching for
health-related information. The third part collected the respon-
dents’ basic demographic information, including gender, age,
and education, and there were three questions in this section.

After completing the initial questionnaire design, a small
pilot test was conducted. A total of 50 questionnaires were
completed to check whether the expression of the options in
the questionnaire was easy to understand and whether reli-
ability and validity met the required standards. At this point,
following feedback received from the respondents, some of
the questionnaire statements were modified. Finally, a
formal questionnaire was created. See Appendix for details.

Data collection

For this study, participants will read their right and they can
decline to participate or withdraw their participation at any
stage of the online survey. The informed consent was obtained
from all the subjects prior to study initiation. The data for this
study were collected using the online sampling service to
deliver the online questionnaire, which resulted in a random
collection of 583 completed questionnaires from Mainland
China. There were many social media users, and they fre-
quently used platforms such as TikTok and RedBook.
Although social media platforms are popular in other countries
and regions, they are mainly used to communicate about
non-health-related products and were therefore not relevant
to our study. Before the survey began, to help respondents
immerse themselves in the experience of using social media
while answering the questions, we asked them to recall and
imagine their daily use behaviours and inner thoughts while
using platforms such as TikTok and RedBook.

To ensure the reliability of the findings, the subjects had
to meet the following criteria: First, they had to be at least
18 years old and mature enough to sign the ethics statement.
Second, they had to have at least one social media account
and be able to use smart devices skilfully to browse social
media and retrieve health-related information. We excluded
respondents who had not searched for health-related infor-
mation on social media in the past 3 months. Moreover, we
recorded the participants’ response times and removed
questionnaires with response durations of less than 3 min
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or longer than 15 min. Additionally, we eliminated ques-
tionnaires with highly concentrated or patterned responses.
We also eliminated false answers to polygraph questions
and questionnaires from the same IP address. After this
screening process, 351 valid questionnaires were obtained,
yielding an effective response rate of 60.21%.

Based on ELM and signal theory, this study constructed
a model of factors influencing changes in users’ social
media use behaviours. The sample data for the 351 partici-
pants were analysed using PLS-SEM to test the model’s
hypotheses. For this study, SmartPLS 3.3.9 was used to
test the reliability and validity of the model, and a t-value
significance test was performed.

Results

Sample characteristics

We conducted a brief analysis of the demographic character-
istics of the respondents. Among the 351 valid questionnaires
collected, in relation to gender, female respondents accounted
for 57.83%, while male respondents accounted for 42.17%.
Regarding the age dimension, respondents were relatively
balanced across different age groups, with the 40–60-year
age range having the highest representation at 43.02%. The
distribution of the basic information for the questionnaire
sample was in line with the actual user structure and was there-
fore suitable for further statistical analysis. The specific demo-
graphic data of the respondents are presented in Table 1.

Measurement model

In this paper, SmartPLS 3.3.9 was used to test the reliability
and validity of the measurement model. The calculation
results are shown in Tables 2–4. In this study, Cronbach’s
alpha (CA) and composite reliability (CR) were used to test
the reliability of the scale and to measure its internal consist-
ency. From Table 2, it can be seen that the CA value of each
variable was greater than 0.812, and the CR values were
greater than 0.890, indicating that the internal consistency of
the developed scale was high.65 To evaluate the effectiveness
of the model, the study tested the convergence effectiveness
and discriminant effectiveness of the research model.
Convergence effectiveness is usually assessed by average vari-
ance extracted (AVE). It can be seen from Table 2 that the
AVE values for all variables were greater than 0.729 and there-
fore greater than the minimum requirement of 0.5, indicating
that the scale had good convergence validity.65 For discrimin-
ant validity, cross-loading was used with the measurements. If
the standard external load of each measurement is greater than
the cross-load of the other measurements, the measurement
model has good discriminant validity. As shown in Table 3,
the standard external load for each measurement was greater
than the cross-load of all other measurements; therefore, the
measurement model had good discriminant validity. At the

same time, the Heterotrait-Monotrait ratio (HTMT) is shown
in Table 4, and the ratio of the mean as related to the index
between different facets is small compared to the mean asso-
ciated with the same inter-facet indicators, and it is below the
maximum threshold of 0.85, thus reflecting good

Table 1. Demographic profile of respondents, N= 351.

Measure Category N %

Gender Male 148 42.17

Female 203 57.83

Age <18 0 0.00

18–25 36 10.26

26–30 49 13.96

31–40 57 16.24

41–50 71 20.23

51–60 80 22.79%

>60 58 16.52

Education 12th Grade or less 73 20.80

College 92 26.21

Bachelor’s degree 97 27.64

Post graduate degree 89 25.36

Table 2. Descriptive statistics for the constructs.

CA CR AVE

SMUB 0.829 0.898 0.746

IFTT 0.812 0.890 0.729

INQU 0.856 0.904 0.760

INOV 0.869 0.919 0.791

TRUS 0.893 0.933 0.823

COID 0.889 0.930 0.816

USAG 0.899 0.937 0.832

Note: AVE: average variance extracted; CA: Cronbach’s alpha; CR: composite
reliability; SMUB: social media use behaviour; IFTT: information fit-to-task;
INQU: information quality; INOV: information overload; TRUS: trust
perception; COID: collective identity; USAG: usage habits.
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discriminatory validity for the scale.66 The variance inflation
factor (VIF) of this study was less than 3.3, and when com-
bined with the analysis results shown in Tables 2–4, it is
evident that both the reliability and the validity of the model
constructed for this study were good.

Structural model

In this study, the path coefficient was tested for t-value sig-
nificance in SmartPLS 3.3.9 by bootstrapping. The original
sample size was 351, and the results, as shown in Figure 2,

indicate that all six hypotheses passed the significance test.
Usage habits had the most significant impact on users’
social media use behaviours, and information overload
had a significant negative impact on users’ use behaviours.
Although the path coefficients for information fit-to-task,
information quality, trust perception and collective identity
were slightly lower than the first two, they still passed the
significance test. In this paper, R2 was used to evaluate
the explanatory strength of the model. R2 reflects the
degree to which exogenous latent variables explain
endogenous latent variables. According to the existing

Table 3. Factor loadings, cross loadings and VIFs.

SMUB IFTT INQU INOV TRUS COID USAG VIF

SMUB.1 0.887 0.428 0.203 −0.359 0.342 0.184 0.356 2.147

SMUB.2 0.851 0.454 0.200 −0.344 0.257 0.242 0.348 1.817

SMUB.3 0.852 0.389 0.125 −0.296 0.380 0.305 0.367 1.843

IFTT.1 0.385 0.792 0.154 −0.087 0.212 0.162 0.157 1.620

IFTT.2 0.457 0.920 0.026 −0.131 0.111 0.158 0.350 2.628

IFTT.3 0.411 0.845 0.169 −0.162 0.114 0.094 0.304 2.020

INQU.1 0.186 0.111 0.919 −0.324 −0.001 −0.113 −0.167 2.519

INQU.2 0.218 0.163 0.936 −0.356 0.057 −0.141 −0.161 2.435

INQU.3 0.064 −0.008 0.748 −0.333 −0.129 −0.101 −0.239 1.816

INOV.1 −0.326 −0.105 −0.311 0.871 −0.394 0.011 0.294 2.176

INOV.2 −0.306 −0.107 −0.388 0.900 −0.335 0.037 0.281 2.681

INOV.3 −0.388 −0.177 −0.313 0.897 −0.371 0.013 0.190 2.188

TRUS.1 0.365 0.157 −0.018 −0.376 0.913 0.047 0.036 2.612

TRUS.2 0.355 0.191 0.029 −0.353 0.915 0.016 −0.002 2.751

TRUS.3 0.301 0.097 0.016 −0.400 0.894 0.005 0.001 2.608

COID.1 0.216 0.125 −0.153 0.038 −0.087 0.880 0.338 2.415

COID.2 0.220 0.113 −0.087 −0.001 0.045 0.902 0.251 2.770

COID.3 0.307 0.184 −0.132 0.022 0.087 0.928 0.327 2.638

USAG.1 0.388 0.322 −0.147 0.241 0.017 0.279 0.914 2.748

USAG.2 0.381 0.336 −0.211 0.252 0.027 0.307 0.917 2.886

USAG.3 0.361 0.218 −0.171 0.279 −0.008 0.345 0.905 2.703

Note: Bold number indicate outer loading on the assigned constructs. SMUB: social media use behaviour; IFTT: information fit-to-task; INQU: information
quality; INOV: information overload; TRUS: trust perception; COID: collective identity; USAG: usage habits; VIF: variance inflation factor.
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literature, scholars generally believe that when R2 is less
than .19, the model’s explanatory power is poor; an R2

greater than .33 indicates that the model’s explanatory
power is average; and an R2 greater than .67 indicates
strong explanatory power.67 In the model discussed in
this paper, the R2 of users’ social media use behaviours
was .553, indicating that the model had average explanatory
power in relation to our research and data. In addition, this
paper usedQ2 to test the model. IfQ2 is between 0 and 0.25,
the prediction correlation is small; if Q2 is between 0.25 and
0.5, the prediction correlation is medium; and if Q2 is
greater than 0.5, the prediction correlation is large. The
Q2 in this paper was 0.403, indicating that the prediction
correlation was medium. We also examined whether demo-
graphics encompassing gender, age and education affected
dependent variables. As a result, none of these three control
variables were found to have a significant effect on users’
social media use behaviour.

Discussion

Findings

This study examined the relevant factors that influence the
two pathways by which users use social media to access
health information, and it also confirmed the impact of
both positive and negative signals on use behaviours.
Regarding the first research question, we confirmed that
both objective and subjective judgment paths have an
impact on users’ use behaviours. The second finding
revealed that, in this era of thriving internet marketing
methods, the influence of negative signals on users’ social
media use behaviours is more pronounced than that of posi-
tive signals. This study expands our understanding of the
potential effects of dual pathways and dual signals on

users’ social media use behaviours and provides valuable
insights for future research by other scholars in the field.

Although both the subjective judgment path and the
objective judgment path have an impact on the user’s use
behaviour, the subjective judgment path exerts a more sig-
nificant influence. We posit that, when users find them-
selves in a cluttered and overwhelming information
environment, information overload can lead to user
fatigue, causing them to rely less on objective reasoning
and, instead, to depend more on their subjective judgment.

User behaviour is frequently subject to the influence of
different signals, and this study suggests that negative
signals have a stronger impact on users’ social media
usage. The updated iterations of big data technology and
innovations in marketing methods have endowed social
media platforms with the ability to capture user preferences
more accurately, but this change needs to be viewed in two
ways. First, it is undeniable that high levels of fit-to-task
information and high information quality can enhance
users’ perceptions of trust, which are therefore transmitted
as a positive signal and have a positive impact on usage.
However, the development of technology has also had
negative effects. Technological progress can have negative
repercussions, such as homogenisation of content, which
lead to perceived information overload and a negative
signal. This research confirms that a negative signal from
information overload profoundly affects user behaviour.

In addition, we found that the impact at the individual
level was more significant in the subjective judgment
path. Trust perception, collective identity and usage habits
all have significant and positive effects on use behaviour.
Higher levels of trust, a stronger sense of collective identity
and users’ pre-existing habits of using social media all con-
tribute to motivating their continuous engagement with
social media. These findings align with those of a study
on collective identity conducted by Schulte and
Bamberg.68 However, this paper delves more deeply and
finds that any variable that has a high correlation with
usage habits at the individual level will have a greater
overall impact. We speculate that the socialisation function
of social media is becoming increasingly pronounced and
that users pay greater attention to their ideas and habits in
a highly socialised environment.

Theoretical significance

This study focused on the impact of both the subjective
judgment path and the objective judgment path on users’
behaviours in using social media, thus expanding the
scope of research on social media use behaviour. Previous
studies have primarily focused on examining either the sub-
jective or the objective paths, separately, but without com-
bining them.17,18 When considering the influence of various
signals on user behaviour in the era of big data, we consid-
ered it necessary to conduct a more comprehensive analysis

Table 4. Heterotrait-Monotrait ratio.

SMUB IFTT INQU INOV TRUS COID USAG

SMUB

IFTT 0.597

INQU 0.215 0.168

INOV 0.450 0.181 0.448

TRUS 0.436 0.197 0.090 0.470

COID 0.320 0.184 0.153 0.030 0.090

USAG 0.479 0.369 0.245 0.325 0.030 0.378

Note: SMUB: social media use behaviour; IFTT: information fit-to-task; INQU:
information quality; INOV: information overload; TRUS: trust perception;
COID: collective identity; USAG: usage habits.
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of these two path factors. Only a few scholars have used sig-
nalling as an important factor influencing behaviour in the
context of medical platforms,69 and there is insufficient
research discussion of social media scenarios. The study
confirms that both positive and negative signals have an
impact on users’ behaviour when using social media, and
it thereby deepens our understanding of the determinants
of social media usage. Against the background of the devel-
opment of internet marketing methods, this paper also dis-
cusses the influence of positive and negative signals on
users’ social media use behaviours in relation to subjective
and objective paths. Therefore, this paper addresses some
gaps in existing research into social media use behaviour,
it enriches the level of the research, and it adds a perspective
based on signal transmission.

Practical significance

In recent years, with the rapid development of big data algo-
rithms and artificial intelligence, the marketing methods of
social media have changed, and homogeneous information
has flooded every social platform, resulting in changes in
the perceptions and behaviours of users faced with the
new marketing model. It is urgent that in-depth research
into user behaviour be conducted. Currently, social media

not only has social attributes, but it also assumes other func-
tions, such as the communication of medical information,
and it serves to promote the dissemination of health infor-
mation in the digital era.69 In this context, this study
explored relevant factors influencing users’ social media
use behaviours, and this has rich practical significance.

The research findings indicate that the subjective judg-
ment path significantly affects user behaviour. Therefore,
it is vital for enterprises to establish a meaningful connec-
tion with users at the emotional level, emphasising the
co-creation of value and involving users in the platform’s
construction process. This approach should enhance user
trust and emotional identification. However, companies
should also pay attention to the impact of objective
factors by exercising careful control over their information
sources and ensuring information authenticity. If necessary,
they should promptly disrupt the dissemination of poten-
tially harmful information, aiming to foster a social media
environment that is environmentally friendly, emotional
health-promoting and transparent. Additionally, consider-
ing the significant influence of negative signals on user
behaviour, companies should reduce the extent to which
artificial intelligence monitors users’ personal preferences
and intrudes on privacy. They should also alleviate the
burden on users of receiving excessive quantities of

Figure 2. Statistical significance test results at research model.
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homogeneous information. They should enhance the rich-
ness and diversity of tweets and videos and gain a deeper
understanding of users’ fundamental emotional needs and,
in this way, provide users with a higher-quality service.

Research limitations and future research

Against a background in which there is explosive dissemination
of medical information via social media, this paper discusses
users’ social media use behaviour. This explains why users
are increasingly inclined to rely on social media for accessing
medical information, and it confirms the role of dual paths
and dual signals in influencing users’ social media behaviour.
However, this study has some limitations. First, technologies
such as recommendation algorithms and artificial intelligence
are constantly evolving, and future advancements may cater
to user needs better. This dynamic nature requires ongoing
research and monitoring. Second, the data sample came primar-
ily from China, where internet technology is advanced, and
social media behaviours may vary across different countries.
Less-developed countries and regions may exhibit different
characteristics. Varying degrees of internet development and
usage habit will influence research outcomes. Additionally,
the study does not explore the potential impact of social-cultural
factors, ideologies or disparities in medical expertise. Therefore,
future research could build on this study to further investigate
these aspects, while we intend to continue to expand the applic-
ability of our findings.

Conclusion
This paper confirmed that both the subjective judgment path
and the objective judgment path have a significant impact
on users’ behaviour when they search for medical informa-
tion through social media. However, under the conditions
of this study, the subjective judgment path demonstrated
greater influence. The study also verified the mechanisms
of both the subjective and objective judgment paths and
provided a more comprehensive explanation for users
being increasingly inclined to use social media when
searching for medical information. Furthermore, the study
identified negative signals as important factors influencing
users’ social media use behaviours when faced with a pro-
liferation of marketing techniques such as big data algo-
rithms and artificial intelligence. These findings highlight
the need for platforms to go beyond information relevance
and quality and to focus on addressing users’ emotional
needs and enhancing their emotional connections.
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Appendix. Measurement items.

Constructs Measures items Sources

IFTT IFTT.1. I think the information gained on the medical platform can help me make the next
medical decision.
IFTT.2. I think medical platforms satisfy my information needs.
IFTT.3. I think information gained on the medical platform is effective.

Loiacono, Watson and
Goodhue31

INQU INQU.1. I think information gained on the medical platform is credible.
INQU.2. I think information gained on the medical platform is accurate.
INQU.3. I think information gained on the medical platform is up-to-time.

Wang and Strong37

INOV INOV.1. I think there is too much information about the disease that I can hardly decide which
to adopt.
INOV.2. I think there is too much information about the information that don’t even want to
learn new information about this disease.
INOV.3. I think there is too much information about the information that I feel they all look
the same after browsing for a while.
INOV.4. I think there is too much relevant information to read that I feel stressed or bored.

Breyton, Schultz70

TRUS TRUS.1. I think social media can provide me with accurate medical information.
TRUS.2. I think the medical information provided by social media is trustworthy.
TRUS.3. I think medical information in social media can provide me with support and
assistance.

Pavlou and Gefen71

McKnight, Choudhury and
Kacmar72

COID COID.1. I have a sense of identification with most medical information on social media.
COID.2. I resonate with others when I search information on social media.
COID.3. I am susceptible to medical information on social media.

Kim, Lee and Hiemstra73

USAG USAG.1. Using social media to search medical information is a unconscious act for me.
USAG.2. Using social media to search medical information is natural to me.
USAG.3. I always don’t think twice before using social media to search medical
information.
USAG.4. Using social media to search medical information has become a habit of mine.

Lankton, Wilson and Mao63

Limayem, Hirt and
Cheung74

SMUB SMUB.1. I use social media when I need to search medical-related information.
SMUB.2. In the future, I will continue to use social media to search medical information.
SMUB.3. I would recommend using social media to others if they want to search medical
information.

Maosheng, Shangui75

Note: SMUB: social media use behaviour; IFTT: information fit-to-task; INQU: information quality; INOV: information overload; TRUS: trust perception; COID:
collective identity; USAG: usage habits.
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