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Abstract

Background: This article aims to analyze the relationship between user characteristics on social
networks and influenza.
Methods: Three specific research questions are investigated: (1) we classify Weibo updates to
recognize influenza-related information based on machine learning algorithms and propose a
quantitative model for influenza susceptibility in social networks; (2) we adopt in-degree
indicator from complex networks theory as social media status to verify its coefficient
correlation with influenza susceptibility; (3) we also apply the LDA topicmodel to explore users’
physical condition from Weibo to further calculate its coefficient correlation with influenza
susceptibility. From the perspective of social networking status, we analyze and extract
influenza-related information from social media, with many advantages including efficiency,
low cost, and real time.
Results:We find amoderate negative correlation between the susceptibility of users to influenza
and social network status, while there is a significant positive correlation between physical
condition and susceptibility to influenza.
Conclusions: Our findings reveal the laws behind the phenomenon of online disease
transmission, and providing important evidence for analyzing, predicting, and preventing
disease transmission. Also, this study provides theoretical and methodological underpinnings
for further exploration and measurement of more factors associated with infection control and
public health from social networks.

Since the emergence of influenza (flu) began hundreds of years ago,1 outbreaks of influenza virus
have been periodic. In addition, because of its strong infectious qualities and its ability to mutate
easily, a global influenza pandemic could result in severe human, economic, and social
consequences. In the past decade, with the quicker growth of urbanization and population
concentration, influenza pandemic has been the greatest threat to global public health.2 These
diseases can evolve and spread rapidly, greatly affecting people’s health and happiness and even
affecting the country’s stability and security. In addition, these days, almost every time, the
emergence of new ormutated virus has posed an enormous threat to people, as in the case of severe
acute respiratory syndrome (SARS),3 H1N1,4 and coronavirus disease 2019 (COVID-19).5

Meanwhile, these new situations have brought great challenges to traditional disease surveillance
and infection control. Research on influenza is of great academic and practical significance. Thus,
how we respond to these threats deserves further study.

Influenza has affected people’s lives because of its great infectivity and variability. For that
reason, flu control and prevention have received much attention from researchers and
governments. Today, many traditional influenza prevention and control systems are in
operation, such as the World Health Organization (WHO) Global Influenza Surveillance
Network (FluNet), the US Outpatient Influenza-like Illness Surveillance Network (ILINet), and
the European Influenza Surveillance Network (EISN). However, offline data are associated with
problems such as a wide range of sources, long reporting cycles, and high costs. Data collection
requires many resources to maintain, and it cannot be updated on a timely basis.

Our goal is to explore the association between the characteristics of the users on social
networks and the susceptibility to influenza. In this study, we analyze and extract influenza-
related information from all other information of users in social networks, which features many
advantages such as efficiency, low cost, and real-time information. Additionally, we choose
influenza-related Weibo updates of users to measure the susceptibility to influenza.
Furthermore, we establish rankings on the basis of in-degree centrality to quantify the social
network status of users. Then, we can explore the interplay between social network status and
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influenza. Also, we extract users’ physical condition feature from
social media based on LDA topic model to conduct its correlation
analysis with flu. Throughout this process, different machine
learning techniques are applied to classify influenza-related
information separately from all other information in an automatic
and effective manner.

The value of our research lies in revealing the laws behind the
phenomenon of online disease transmission, and providing
important evidence for analyzing, predicting, and preventing
disease transmission. From the perspective of common medical
knowledge, social network is considered irrelevant to disease
transmission vectors because online interactions do not lead to
people’s direct contact. However, from the findings of our research,
social media has become an invisible transmission vector for
diseases in a sense. We speculate that the possible reasons include 2
points. (1) People with higher social media status have greater
influence in social network interactions. Meanwhile, social media is
also a vehicle for emotion transmission. A large number of studies
proved that emotions may affect people’s physical health.6–8 (2) It
means that people with high social media status have a large number
of followers.Most often they are not only involved in frequent online
activities, but are also invited to participate in corresponding social
activities offline. It contributes to a high probability of being infected
as well.

This research has important theoretical implications. It
provides further evidence that there is a link between user
characteristics in social networks and influenza. It also proves that
Sina Weibo has great value in disease research. It is reliable to use
social media data to conduct research related to epidemics and
other health-related issues. Although there are several factors
leading to distortion of social media data, we clean and filter the
data during the experiment, and also compare different classifiers
to exclude irrelevant data. Meanwhile, the use of machine learning
further improves the accuracy and reliability of the data. The
practical contributions appear in providing a classification model
for detecting influenza-related Weibo messages. According to the
results, users in social networks can be identified as belonging to
different groups on the basis of their susceptibility to influenza.
Therefore, we provide a scientific basis for public health
intervention.

Throughout this article, from the perspective of social
networking status, we divided the users into different groups to
find vulnerable groups. In addition, we provided theoretical help to
individuals who focus on maintaining their health. Therefore, we
provided a basis for judgments for targeted health prevention and
intervention measures and furnished better help to improve public
health. In future work, we will dig more into the characteristics of
users in social networks and explore the relationship between these
characteristics and influenza. Our results will be useful for the
allocation of influenza prevention resources.

Related Works

Due to the rapid advancement of Internet technology, the Internet
has gradually become accepted as an important tool for modern
people to access information and communicate. Meanwhile, as an
important platform for people to use to express their opinions and
emotions and interact with others, we can obtain user-generated
content easily and in real time from social networks.

The emergence of social networks has provided an opportunity
for health-related research.9,10 Some studies attempt to make use
of data from social media to support those systems11 and also

demonstrate the reliability of social media data.12 Early prediction
of seasonal epidemics like influenza can be enhanced by using
social networking sites andWeb blogs for real-time analysis, which
enables faster tracking and better predictions compared with
traditional methods. Social media data provide an efficient
resource for disease surveillance and early warnings, offering an
alternative solution to slow and expensive approaches like
ILINet.13 Scanfeld et al.(2010) analyzed Twitter status updates
mentioning antibiotics to categorize their content and identify
cases of misunderstanding or misuse. The results revealed various
categories and instances of misunderstanding or abuse, particu-
larly related to the combination of antibiotics with “flu” and
“cold.”14 Aramaki et al. (2011) used the Twitter API to obtain flu-
related tweets for correlation testing, which proved the feasibility of
social media data to reflect the real world.15 Twitter data have been
used to predict the swine flu pandemic.16 Yousefinaghani et al.
(2019) collected and analyzed posts discussing avian influenza on
Twitter to assess the Twitter’s potential for outbreak detection, and
the proposed approach was empirically evaluated using a real-
world outbreak-reporting source. It is found that 75% of real-world
outbreak notifications of AI were identifiable from Twitter.17 Paul
et al. (2014) showed that Twitter data can help reduce the
forecasting error in ILI prediction and advance 2 to 4 wk ahead of
baseline models.18 Aiello et al. (2020) studied the public health
tracking and prevention, addressing the importance of social
media- and Internet-based data in disease surveillance.19 Lampos
et al. (2015) indicated that a nonlinear query modeling approach
delivers the lowest cumulative nowcasting ILI rate error, and
suggested that query information significantly improves autore-
gressive inferences, obtaining state-of-the-art performance.20 The
research of Masri et al. (2019) found that Zika tweets were a
significant predictor of ZIKV cases, with model evaluation
demonstrating that weekly ZIKV case counts could be predicted
1 week in advance. The results showed models using Twitter data
are better predictors of Zika virus epidemic than models using
traditional case report data.21 Samaras et al. (2020) collected data
on influenza in Greece from Google and Twitter and compared
with influenza data from the official authority of Europe. The result
shows that Google and Twitter both have potential to estimate and
predict influenza but Twitter has some advantages over Google for
that it achieves slightly better accuracy.22

Many studies have proven the correlation between social status
and citizens’ health. Hoebel et al. (2017) and Huynh and Chiang
(2018) investigated the correlation between subjective social status
and health (blood pressure, somatic symptoms, etc.) in adults and
adolescents, respectively.23,24 Stringhini et al. (2017) introduced
25 × 25 risk factors into the model to observe the contribution of
socioeconomic status and these conventional risk factors to
mortality and life loss.25 Not only physical health, but also social
status has an impact on citizens’mental health.26,27 Euteneuer et al.
(2021) used panel data to provide new insights into the
longitudinal pathway of subjective social status and health.28 In
addition to subjective social status, objective socioeconomic status
has also been shown to correlate with physical health.29 Moreover,
unequal socioeconomic status in different regions and commun-
ities has different effects on physical and mental illness.30–32

According to research, immune function and social status in the
real world were found to be directly correlated.33

In addition, some research shows that social network data are
also used to study social relations and activities of users in that
social network. For example, data from social media can be used to
reveal influenza transmission based on the users’ location and
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social ties.34 Perez-Rodriguez et al. (2020) used data from social
media to build models, revealing the impact of social status,
exposure to pollution, and many lifestyle factors on one’s health.35

This research shows that the characteristics or behaviors of a user
within a social network are likely to be relevant to their health, and
different individuals or groups may have different health
conditions. Murayama et al. (2021) proposed a method using
social media and commuting data to predict the geographical
distribution of influenza patients and validated the accuracy of the
predictions against weekly influenza patient data from health
authorities, serving as ground truth.36 Qin and Ronchieri (2022)
analyzed a large dataset of tweets related to various pandemics and
explored natural language processing techniques to extract insights
from unstructured text comments, revealing that discussions
primarily focused on malaria, influenza, and tuberculosis, with
prevalent emotions of fear, trust (specifically related to HIV/
AIDS), and disgust.37 Wang et al. (2022) investigated the mobile
social media dissemination behavior of the public and found that
national-oriented risk culture and strict scrutiny of social media
influenced mobile social media users’ seeking and sharing of
disease information during public health emergencies.38 However,
most of the studies focus on the prediction of flu trends. There are
relatively few influenza-related studies targeted at the differences
among different groups in social networks. Social rank can
influence the health of an individual, particularly with respect to
stress-related disease, but the relationship between social status
and infectious disease still needsmore study and verification.39 The
research of Okamoto et al. (2011) supports a negative association
between social network status, in-degree centrality, and depressive
symptoms.40 Further comparison with the latter 2 parts of the
literature is presented in Table 1.

Methods

This section describes the methods we use to automatically identify
influenza-related information (indicating that the user has caught
influenza) authored by users and to quantify the susceptibility of
people to influenza, the social network status, and the physical
condition of users. First, we screen influenza-related data on the
basis of Weibo messages. Then, for each selected unique user, we
mine the total number of Weibo messages, the exact count of
influenza-related Weibo, and the in-degree of nodes to obtain the
measurement of the index. Finally, we explore the relationship
between the social network status of users and their susceptibility
to influenza and also study the relationship between the physical
condition and susceptibility to influenza. We will walk through
these steps in detail in the upcoming subsections.

Modeling the Detection of Influenza-Related Information

We built a model to apply to Chinese short text classification such
as the contents of Weibo. We used 6 different classifiers to find a
method that had the best performance. Machine learning consists
of supervised (classification and regression) and unsupervised
(clustering and generalization) learning but also semi-supervised
and ensemble learning.41 The classifiers used in this study include
k-nearest neighbor, decision tree, SVM, naïve Bayes (NB;
multinomial model and Bernoulli model). These classifiers help
us to distinguish between Weibo messages indicating that the user
is suffering from influenza (label 1) and all other information
(label 0).

Before the classification, we outlined some steps to process
these data. First, in terms of preprocessing, this study contains 2
approaches: the first 1 is Chinese word segmentation, and the
second is removing stop words. The stop words used in this study
are sourced from the stop words list released by the Natural
Language Processing Laboratory at Harbin Institute of
Technology. Second, we use information gain (IG) to extract the
features that benefit classification. IG is an important index in the
selection of features. A feature is important for bringing more
information to the classification system. The most popular feature
selection method is IG, which works well with texts and has often
been used.42 Finally, according to the features, we complete the
vectorization of texts by using TF-IDF.43 The TF-IDF algorithm is
always used to weigh each word in the text according to how
important it is, and it captures the relevancy among words, text
documents, and particularities.44

Then, we use machine learning techniques to distinguish texts
and filter useless texts. The entire process is shown in Figure 1.

Modeling Correlation: Social Network Characteristics and
Susceptibility to Influenza

In this section, we quantify the social network characteristics of
users, including social network status and physical condition, as
well as the susceptibility to influenza. We quantify the individuals’
susceptibility to influenza using a ratio of the quantity of the user’s
influenza-related Weibo messages divided by the user’s total
number of Weibo messages. In a social network, users will share
their health-related information, which can be used to infer health
status and incidence rates for specific conditions or symptoms.45,46

First, through the classifier in the previous step, we obtain the
Weibo messages that describe authors with influenza. Then, we
mine all Weibo messages of these authors containing the keywords
“influenza” (gan mao).

Due to the differences in social media platforms and language
characteristics, the processing of Chinese text differs from other
languages. First, Chinese words are typically represented at the
character level, unlike English words separated by spaces.
Therefore, in Chinese text processing, it is necessary to perform
word segmentation, dividing continuous sequences of characters
into meaningful words. Word segmentation is a critical step in
Chinese text processing and plays an important role in subsequent
text analysis and semantic computation. Second, in the context of
Chinese expression, descriptions of influenza symptoms by
patients may have certain colloquial features. This is because
colloquial expressions are closer to everyday conversations and
real-life language usage situations. Moreover, on social media
platforms, users tend to use colloquial language styles to express
their emotions and feelings. The degree of colloquial features used
in Chinese Weibo texts may vary depending on individual
differences and the characteristics of social media platforms.
Therefore, when analyzing Chinese Weibo texts, this study
combines feature extraction techniques and language models to
capture and understand these colloquial expressions, accurately
extracting and analyzing information related to influenza
symptoms. Table 2 shows the raw crawled data information
aggregated in user dimensions.

We use these data as inputs for the classifier to screen out
valuable influenza-related data. We also need to count the number
of influenzaWeibomessages of each person. In addition, we obtain
each individual’s total number of Weibo messages. Regarding
social network status, this article differentiates these users by
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relying on the in-degree centrality. Centrality is a concept
commonly used in social network analysis (SNA) and is an
attribute of nodes (users in the network) that is used to quantify
network locations of nodes.47 Centrality is considered to be a
structural attribute of social networks in this study and is,
therefore, widely used as an indicator tomeasure the importance of
nodes in the network.48–50 Degree Centrality was formally
proposed for the first time in the paper by Linton C. Freeman.51

It is one of the basic measures, suggesting the sum of 1 node
directly connected to other nodes and is divided into in-degree

centrality and out-degree centrality when the connection is
directional. In-degree centrality represents other nodes connecting
to a particular node.52 It always relates to studies of popularity.53

For the characteristics of social relations in Weibo, as a large and
complex network, it is difficult to obtain centrality data. If building
a small network, the results may be inaccurate due to the small
sample size. Therefore, we consider the in-out degree concept in
the complex network to measure the social network status. We
regard individuals with more followers as people who have high
social network status, while people who have low social network

Table 1. Comparison of previous research and proposed work

Authors Objective Study outcome Specific contributions of this work

Hoebel et al.
(2017)

Research on relations
between social status
and health.

Perceptions of low social status may be related to
the pathogenesis of depression among adults in
Germany.

These research findings consistently point toward
the relationship between subjective social status or
socioeconomic status and health. In addition, few
studies have focused on physical illness, specifically
the flu. Our study investigates how individuals
perceive their social network influence and
objectively quantify their social media status, rather
than social status in reality. In addition, we verify
the coefficient correlation between social media
status and health condition.

Huynh et al.
(2018)

Subjective social status may affect adolescent
health.

Stringhini et al.
(2017)

People with low socioeconomic status have
greater mortality compared with those with high
socioeconomic status.

Fournier (2020);
Uecker and
Wilkinson (2020)

Not only physical health, but also social status
has an impact on citizens’ mental health.

Euteneuer et al.
(2021)

Both local and national subjective social status
have associations with health.

McMaughan et al.
(2020)

Objective socioeconomic status is related to
health-care access as well as health-care access
and health outcomes for older adults.

Kivimäki et al.
(2020)

Low socioeconomic status is associated with
increased risk for 18 (32·1%) of the 56 common
diseases and health conditions.

Wanberg et al.
(2020)

People with higher education experience a greater
increase in depressive symptoms from before to
during COVID-19. The relation between
socioeconomic status and child psychopathology
may vary in different populations of children and
in different communities.

Peverill et al.
(2021)

Revealing the impact of social status, exposure to
pollution and many lifestyle factors on one’s
health based on social media data

Tung et al. (2012) Social status is associated with gene expression
levels.

Hassan et al.
(2019)

Research on social
relations and activities
of users in social
network.

Location-based social media can be leveraged to
monitor flu outbreaks.

These studies use social network information such
as geolocation information and social interaction
information to detect flu outbreaks or analyze its
relationship with stress-related diseases. This study
examines not only social network status but also
physical condition from social media dataset to
reflect their relationships with influenza.

Perez-Rodriguez
et al. (2020)

Social interactions on Twitter can help identify
and analyze the behaviors, perceptions and
appreciations of patients and close relatives
toward a health condition.

Murayama et al.
(2021)

Using social media and commuting data to
predict the geographical distribution of influenza
patients

Qin et al. (2022) Revealing that discussions primarily focused on
malaria, influenza, and tuberculosis, with
prevalent emotions of fear, trust and disgust

Wang et al. (2022) Investigated the mobile social media
dissemination behavior of the public and found
that national-oriented risk culture and strict
scrutiny of social media influenced mobile social
media users’ seeking and sharing of disease
information

Sapolsky (2004) Social rank is related to stress-related disease.

Okamoto et al.
(2011)

Social network centrality is significantly
associated with depression among adolescents.
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status are defined as individuals with fewer followers. As is shown
in Table 3, there is a high standard deviation in followers, adversely
affects subsequent correlation analysis. According to Likert scale, 5
ordered levels are often considered as the level of variable scales
measurement,54 so we determine 5 social ranks to describe the
position of users in Sina Weibo.

From Table 4, it can be observed that although gender and
region do not have a significant impact on the frequency of
updates, there is a notable difference in sample size between males
and females. The sample size of females is 4 times larger than that
of males, indicating that females are more likely to post influenza-
related information when experiencing flu symptoms.
Additionally, there is no significant difference in data volume
between northern and southern regions, suggesting that regional
factors may not play a prominent role in the frequency of updates
related to influenza.

Table 5 shows the distribution of users’ followers with different
in-degree levels. The social ranks from 1 to 5 indicate the increase
in in-degree. The user’s in-degree reflects the user’s social
influence. Users’ in-degree is approximately long-tail distribution,
which indicates that influential users in a social network are always
in the minority.55 If the number of followers is less than 100, the
social rank is 1, and if the number of followers is between 100 and
1000, the social rank is 2. Table 5 provides details of the definition.

After obtaining these indicators, we study the relationship
between social network status and susceptibility to influenza using
the rank correlation coefficient (Spearman). We use the Spearman
correlation coefficient because it has less strict requirements on the
data conditions as long as the observations of the 2 variables are
paired rank ratings data, or rank data converted from continuous
variable observation data.56,57 The rank correlation coefficient is
given by

�s ¼ 1� 6
P

d2i
n n2 � 1ð Þ ; (1)

where �s is the Spearman rank relational coefficient, di is the
difference between x0i and y0i , x0i and y0i represent the position of the
original data in a sorted sequence.

In addition, we also quantify the physical condition of users to
measure its relationship with influenza susceptibility. First, before
modeling, all the Weibo texts of target users experience
preprocessing, word segmentation, and de-stopping words, etc.
Second, the topic distribution and keywords are obtained by LDA
topic model. Then we set 50 topics to output for LDA model, as
each topic contains 10 keywords with probability. Finally, the topic
related to physical condition are selected and summarized from the
results of LDA. Meanwhile, 4 representative keywords under the
topic are screened out and listed in Table 6.

Next, the Word2vec58 model is adopted to carry out word
clustering, finding the similar words of the existing 4 representative
keywords under each topic. We choose the CBOW model and a
300-word vector dimension. In addition, words with frequency less
than 2 are ignored. The training data of Word2vec is consistent
with the corpus used in LDA training. After training, the top 10
words with the highest similarity of each given keyword are
reserved. We remove the duplicated words from all of the similar
words to obtain the final dictionary. The results of clustering
similar words by Word2vec are shown in Table 6.

After expanding the keyword library, wematch all the keywords
in Weibo texts. Once the keywords of the corresponding topic
appear in a text, it will be marked. Finally, we count the number of
Weibo texts with corresponding keywords as the topic score of
each target user and calculate the ratio of the topic score and the
total number of Weibo texts to represent the variable of the topic

Figure 1. Model of detection of influenza-related information.
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preference. Because the variable under the topic of physical
condition is continuous, we compute its Pearson correlation
coefficient with the susceptibility to influenza. The Pearson
correlation coefficient is given by,

rX;Y ¼ cov X;Yð Þ
σXσY

¼
P

n
i¼1 Xi � X̄ð Þ Yi � Ȳð Þ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
n
i¼1 Xi � X̄ð Þ2

p ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
n
i¼1 Yi � Ȳð Þ2

p (2)

where rX;Y is the Pearson correlation coefficient, cov X;Yð Þ is the
covariance of variables X and Y , σX and σY represent the standard
deviation of X and Y , respectively.

In the following sections, the experiment and results on the
basis of our models will be introduced in detail.

Results

This section describes the experiments. We follow the model set up
in the previous sections to obtain the results.

This work is based on data gained from Sina Weibo, one of the
most popular social media platforms in China. According to Sina’s
first-quarter results of 2017, Sina Weibo now has more than 340
million active users worldwide and has surpassed Twitter. Sina
Weibo is China’s largest microblogging service.59 Weibo allows
users to post 140-character messages. Similar to Twitter, relation-
ships between users on Twitter are not necessarily symmetric.
Users can follow friends or interesting users without being
followed back.

Using crawler software, we collect a sample of Weibo messages
based on the keyword “influenza” (gan mao). We follow the
principle of privacy protection, and all information obtained from
crawler software is public information. We generate a random
number behind each piece of Weibo data, rearrange it using
random number sorting, and select 100þ pieces of data as the
result of random sampling everymonth from January to December
2017. Finally, a total of 1305 unique users are used as samples for
analysis (see Table 7). Next, we crawl all the public posts of the
1305 users, a total of 550,000 pieces of data generally. Because this
work studies individuals’ susceptibility to influenza and is about
the vulnerability of the users, we also have a second mining of all of
the tagged user’s influenza-related Weibo messages.

In the text classification stage, 1760 records selected randomly
from all crawled Weibo messages are used as training samples and
testing samples. The dataset was assigned to 8 humans to label.
Before officially labeling, we conducted prelabeling training for the
8 people and provided them unified labeling rules. In the process of
officially labeling, each member was required to label 220 records
according to unified labeling rules without communication to
intentionally make the marked category accurate. After labeling,
these data are divided into influenza-related information and all
other information. Table 8 shows the tagged Weibo text. In this
table, we show 6 messages from 6 unique users on Sina Weibo.
Label 1 represents that these texts accurately describe a user who
suffers influenza. Conversely, Label 0 indicates that the texts do not
reflect the user’s health. Next, we categorize 1320 records as the
training set and the remaining records as the testing set. To
compare and select the most appropriate classifier, we use 4
different kinds of classifiers, including NB, SVM, decision tree, and
kNN. In this process, we also use IG to select a different number of
features to determine the best combination of feature dimensions
and classifiers. The indicators we applied to evaluate the
experimental result of each classifier are accuracy, precision,
recall, and F1-score. These 4 indicators are commonly used
evaluation indicators for machine learning classification algo-
rithms.60 Accuracy is the proportion of true results (both true
positives and true negatives) among the total number of cases
examined, which means it is an important statistical measure of

Table 6. Results of word clustering by Word2vec

Physical condition
keywords Similar words

Sick crying, diarrhea, low fever, cough, catch a cold,
get better, appetite, dementia, spleen and
stomach, invigorate the brain, healed, orexis,
intelligence, disease, runny nose, inflamed, sore
throat, headache, rhinitis, coryza, cool, sultry, too
hot, cooling, dryness-heat, damp, gloomy, burning
hot, cold hands and feet, turn cold, resistance,
feel hot, weather, get cooler, get cold, cough up,
liver pain, spasms, nosebleed, neurasthenia,
toothache, upset stomach

Chemotherapy

Immunity

Fever

Table 2. Raw crawled data field

Categories Crawled data field

Users’
information

Blogger name, blogger ID, number of Weibos,
gender, age, place of registration

Social network
relationship

No. of followers, number of followings, first 5 page
following list (homepage, blogger name)

Weibo texts All users’ Weibo texts entries and all users’ Weibo
texts containing flu keywords in 2017

Table 3. Descriptive statistics of followers

Variable Min Max Mean
Standard
deviation Variance

Followers 1 1393991 4161.28 58064.641 3.37Eþ09

Table 4. Descriptive statistics of gender and region of user susceptibility

Categories Number Mean
Standard
deviation

Standard
error

Female 964 0.00723 0.0349 0.0011

Male 341 0.00986 0.0238 0.0016

Northern
Region

745 0.00703 0.1647 0.0007

Southern
Region

560 0.00715 0.1406 0.0007

Table 5. Division of social network status

In-degree (no. of followers) Rank

1~100 1

100~1000 2

1000~10000 3

10000~100000 4

More than 100000 5
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how well a binary classification test correctly identifies an item.61

The precision, recall, and F1-score, which are usually used
together, are also other important indicators to measure classifier
performance. The F1-score is a comprehensive consideration of
precision and recall.

Figure 2 illustrates the results of detecting influenza-related
information. The horizontal axis is the number of features (100-1100).
The experiment started with selecting 100 features and ended with
1100 features. The vertical axis represents the accuracy, precision,
recall, and F1-score, respectively. Themachine learningmethods used
in this model are described in the rectangle in the upper left corner.
Each line in Figure 2 represents a machine learning method.

As shown in Figure 2(1), the accuracy of kNN and decision tree
performance are both lower than 0.6. The performance of the 2
modes of NB is relatively good, but when the number of features is
less than 600, the difference becomes obvious, and the Bernoulli
NB performs stably. In terms of precision in Figure 2(2), we can see
that the multinomial NB maintains the highest precision in the
process. The Bernoulli NB performs better when the number of
features increases, while the kNN and decision tree still under-
perform. With the increase in features, the accuracy and precision
of kNN decline. Other classifiers meanwhile increase their
performance as the number of features increases. From the
perspective of the recall shown in Figure 2(3), the performance of
NBs is still the most stable, and it is worth noting that when the
number of features is less than 600, the performance of SVM
(linear SVC) is better than that of multinomial NB, whose recall
reaches 0.6-0.7. From the F1-score results in Figure 2(4), Bernoulli
NB maintains the best performance.

In summary, Bernoulli NB shows the best performance in the
process, suggesting the NB has obvious advantages in this binary
classification and a stable performance. Therefore, we choose 1100
features and use Bernoulli NB for classification. The model has the
best performance. The accuracy reaches 80.68% and the F1-score
reaches 80.66% on the testing set. The complete classifier

performance statistics are shown in Table 9. To obtain the optimal
result, the IG is used for feature selection, with a dimension of 1100,
and Bernoulli NB is applied to classify all the Weibo messages.

We also compare the best-performing machine learning model
(ie, Bernoulli NB) in our study with several deep learning models
from reference,62–64 and the comparative results are presented in
Table 10. It can be observed that, due to the limitation of data
availability, the performance of the deep learning models did not
surpass that of the Bernoulli NB.

According to the above results, we use Bernoulli NB to classify all
text, and we obtain the total number of influenza-related Weibo
messages from each individual by using this classifier. As stated
earlier in this article, we can express the individuals’ susceptibility to
influenza by using this ratio. Regarding social network status,
according to the method in the model, we divide these data into 5
social ranks. Then, we randomly select 100 records from every social
rank for correlation analysis. Table 11 shows descriptive statistics of
individuals’ susceptibility to influenza in each rank (1-5).

Each rank contains 100 users. Rank 1 means the in-degree
centrality of users between 1 and 100 and users of rank 5 havemore
than 100,000 followers. As we can see in Table 11, the mean of
influenza susceptibility decreases with increasing rank. Although
there are no obvious trends at ranks 2 and 3, this situation may be
caused by extreme values determined from the maximum,
minimum and standard deviation. However, it does not affect
the overall trend.

Figure 3 shows the association between the measure of
individuals’ susceptibility to influenza and social network status.
From the chart, we can see that groups that possess different
numbers of followers in the social network have different results of
the susceptibility to influenza. With the increasing quantity of
followers (horizontal axes), individuals’ susceptibility to influenza
decreases (vertical axes). The outcome is consistent with the results
shown in Table 11. For example, in the group of individuals with
1-100 followers, we can infer that they are very vulnerable to
infection. In addition, in the group of individuals with more than
100,000 followers, we can easily discover that they are less
susceptible to influenza because these points are very concentrated
and close to zero. Applying the rank correlation coefficient, we
quantified the relationship between individuals’ susceptibility to
influenza and social network status, and we found a moderate
correlation and a significant negative correlation, with a
correlation coefficient of −0.427 (P< 0.001).

As for the physical condition topic identified from the Weibo
texts, we carry out Pearson correlation coefficient to analyze. As
shown in Table 12, when users focus on their physical condition,
their susceptibility to influenza and corresponding topics show a
significant positive correlation. It suggests that users who post
more Weibo texts about physical condition may have a higher flu
susceptibility. Through the observation of the keywords in the
topic, theWeibo texts describing the physical condition are mostly
related symptoms and sensitive emotions to the physical condition.

In general, regarding the 3 research questions addressed in this
study, the following conclusions can be drawn. First, in identifying
and classifying influenza-related tweets, the Bernoulli NB model
achieved better classification performance with an accuracy of
0.8068. The proportion of a user’s influenza-related tweets can be
used as an indicator to calculate influenza susceptibility. Second,
the experimental results indicate a moderate negative correlation
between social status and influenza susceptibility. This means that
individuals with higher social centrality have a lower susceptibility
to influenza. Third, there is a significant positive correlation

Table 7. Summary statistics of the data and collected field

Category Content

Users total 1305

Number of Weibos 550,000

Keyword influenza (gan mao)

Field Text, followers_count, Weibo_count, created time

Table 8. Tagged Weibo text

Text Label

The strong wind these days finally have made me catch
influenza : : :

1

Influenza made me dizzy and top-heavy. I did not feel like
eating anything.

1

I have got influenza and a bad cough for days. Does anybody
have a good idea to make me feel better?

1

People’s feelings are like influenza. No matter how hard you
are trying to get over it, it takes a few days to cure.

0

From the patients’ perspective, it costs them approximately
200-300 yuan to see a doctor for influenza. How dare you say it
is not expensive at all?

0

It takes only 7 d to get over influenza. However, you are the
only person I have been thinking about in the past 7 y.

0
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between the user’s reported physical condition on social media and
influenza susceptibility. These findings contribute to a better
understanding of the relationship between social media, individual
characteristics, and influenza susceptibility. The results highlight
the potential of social media data in studying and predicting the
spread of influenza and provide insights for public health
interventions and prevention strategies.

Discussion

In this study, we choose SinaWeibo for our research. Sina Weibo is
one of the most influential and popular social media platforms in
China. According to the latest first quarter of 2017 results for Sina
Weibo, as of March 31, the number of Sina Weibo monthly active
users reached 340 million, meaning the platform has overtaken
Twitter as the world’s largest independent social media company. In
China, as one of the most popular social media platforms, Sina
Weibo is also used for scientific research.65 For example, Xu et al.
(2019) trained a classifier to identify and detect rumors fromamixed
set of true information and false information.59 Chen et al. (2020)

found that sentiment influences the retweet patterns and retweet
speed of social media.66 However, disease-related research is
relatively rare, andmost of these studies are targeted for surveillance
of infectious disease.67–69 In addition, there is research revealing
significant differences in the microblogging behavior on SinaWeibo
andTwitter.70 One significant difference lies in the language patterns
used onWeibo andTwitter.While English is predominantly used on
Twitter, Weibo is a Chinese microblogging platform where the
majority of content is in Chinese. This language distinction has
implications for text analysis and natural language processing
techniques applied to social media data. For instance, the Chinese
language relies on character-based representation, necessitating the
use of segmentation techniques to identify meaningful words or
phrases within a continuous stream of characters. User behavior also
differs between Weibo and Twitter. Weibo users tend to engage in
more active and frequent interactions, often using various
multimedia formats such as images, videos, and emojis to convey
their messages. On the other hand, Twitter users may focus more on
concise and succinct expressions due to the platform’s character
limit. These differences in user behavior influence the content and

Figure 2. Performance of different classifiers.
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style of conversations, as well as the types of information shared on
each platform. Furthermore, cultural influences play a significant
role in shaping the dynamics of social media in Chinese contexts.
Chinese culture values collectivism and group harmony, which can
be reflected in the way users communicate and interact on Weibo.
Users may emphasize consensus-building, social connections, and
shared experiences, which in turn affect the topics discussed and the
sentiment expressed on the platform. Understanding these cultural
influences is crucial for interpreting social media data accurately and
comprehensively. Therefore, Weibo data merit in-depth analysis to
determine the link between disease and social network status.

Although previous studies have shown that people’s social status
can affect their health, there is not much evidence of the relationship
between social status in networks and influenza susceptibility, which
needs to be further explored. In this study, we distinguish between
individuals in the social network from the aspect of social network
status and study the differences in susceptibility to influenza among
different groups. Before this step, we obtain classification results by
developing a Bernoulli NB classifier. This is a necessary precondition
for further progress, as false labels will disturb the experimental
results. Next, we showed a moderate negative correlation (R =
−0.427; P< 0.001) between susceptibility to influenza and social
network status through rank correlation analysis. This result
indicates that people with higher social network status are more
likely to have lower susceptibility to influenza. From this result, we
can see that people who have low in-degree centrality in SinaWeibo
(i.e, people with low social network status) may be more susceptible
to influenza, although we cannot accurately explain this tendency
through medicine. However, it has been proven in the previous
literature that peoplewith lower social rank aremore prone to stress-
induced illness. In addition, in real life, people with lower social
status have less time and energy to take measures to care about their
health. Through this experiment, we have also demonstrated that, to
a certain degree, social status in the network also reflects social rank
in real life. Furthermore, we conduct another experiment on the
correlation between users’ physical condition and their susceptibility
to influenza. Pearson correlation coefficient showed that there was a
significant positive correlation (R= 0.915; P< 0.001) between them.
It means that people who prefer to share their physical condition on
social media tend to receive a higher susceptibility. In real life,
human immunity and the disorder of metabolism are typical of
people’s physical condition, and such characteristics are also
reflected in the health-related information of social media.

This study explores the relationship between different network
characteristics and influenza susceptibility by identifying infec-
tious users in social networks and distinguishing them from
different feature dimensions. Through this research, we can
identify people who are susceptible to influenza and consider them
key populations for early monitoring and control to avoid further
spread of the epidemic. The experimental results show that
individuals with low in-degree centrality are key targets for
influenza monitoring, reminding and encouraging high-suscep-
tibility populations to pay attention to their own health. Moreover,
users who are already showing symptoms of diseases also have
higher susceptibility to influenza. At the same time, this study
explores a reasonable relationship between social network
characteristics and influenza. This is an important step in
identifying health-related factors from social networks, and it
also provides a theoretical basis for public health surveillance. In
addition, we find that social media data, as a “social sensor”, are a
supplementary information source for disease-related research and
have crucial research value.

Table 9. Performance statistics comparison of different classifiers

Classifier
Feature

dimension Accuracy Precision Recall
F1-
score

kNN 100 0.5431 0.5751 0.5572 0.5292

300 0.6045 0.6037 0.6043 0.6051

500 0.5977 0.5938 0.5912 0.5950

700 0.6045 0.6009 0.5972 0.6009

900 0.5977 0.5937 0.5902 0.5939

1100 0.5795 0.5763 0.5645 0.5624

SVM
(linearSVC)

100 0.6522 0.6868 0.6320 0.6242

300 0.7181 0.7458 0.7031 0.7052

500 0.7205 0.7393 0.7072 0.7107

700 0.7159 0.7386 0.7017 0.7043

900 0.7386 0.7573 0.7263 0.7304

1100 0.7477 0.7661 0.7358 0.7402

Decision
tree

100 0.5955 0.6825 0.5648 0.5149

300 0.5932 0.6730 0.5626 0.5133

500 0.5932 0.6730 0.5626 0.5133

700 0.5932 0.6793 0.5623 0.5111

900 0.5955 0.6894 0.5644 0.5127

1100 0.6000 0.7029 0.5690 0.5182

Multinomial
NB

100 0.6159 0.7782 0.5841 0.5318

300 0.6932 0.7740 0.6703 0.6604

500 0.7250 0.7940 0.7048 0.7020

700 0.7341 0.7894 0.7157 0.7157

900 0.7727 0.8030 0.7593 0.7641

1100 0.8045 0.8197 0.7952 0.8007

Bernoulli
NB

100 0.6750 0.6887 0.6609 0.6624

300 0.7227 0.7325 0.7122 0.7165

500 0.7205 0.7221 0.7137 0.7178

700 0.7295 0.7311 0.7231 0.7272

900 0.7773 0.7787 0.7724 0.7760

1100 0.8068 0.8060 0.8048 0.8066

Table 10. Performance statistics comparison with deep learning classifiers

Classifier Accuracy Precision Recall F1-score

TCNN-Bi-LSTM62 0.6667 0.6875 0.8614 0.7647

Extra tree with
TF-IDF and BOW
feature combination63

0.6705 0.6872 0.8735 0.7692

ARCNN64 0.6629 0.7584 0.6807 0.7175

Bernoulli NB with
1100 feature dimension

0.8068 0.806 0.8048 0.8066

Table 11. Descriptive statistics of susceptibility to influenza

Rank N Minimum Maximum Mean Standard deviation

1 100 .000026 .333333 .022889 .039988

2 100 .000215 .076923 .006471 .009028

3 100 .000116 .111111 .006917 .014166

4 100 .000009 .031915 .004083 .005970

5 100 .000013 .014851 .002333 .003090
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The innovation of this study, compared with previous research,
is mainly reflected in the following aspects. First, this study focuses
on the relationship between individuals’ social media status and
influenza susceptibility. Previous studies may have overlooked
individual-level differences and susceptibility factors. This study
aims to investigate the influence of individual-level differences in
social networks on influenza susceptibility. This individual-
focused approach provides us with a deeper understanding and
helps uncover individual contributions to influenza transmission
within social networks. Second, this study uses machine learning
algorithms for text classification to ensure accurate identification
and selection of Weibo posts describing users’ own illness
conditions from randomly crawled Weibo texts. By avoiding
“zombie users,” ie, inactive users, we can ensure the authenticity of
the data and the users’ activeness. Third, this study quantifies
influenza susceptibility using social media data. Unlike previous
studies, we not only consider the number of influenza-related
Weibo posts in quantifying susceptibility but also introduce ratios
as a measure. The advantage of this approach is that it eliminates
the influence of users’ posting frequency and habits on social
networks. By comparing the number of influenza-related Weibo
posts with the total number of posts made by users on social
media, we can more accurately quantify individual influenza
susceptibility.

The significance of the 3 research questions can be summarized
as follows. The significance of Question 1 lies in the accurate
identification of influenza-related information through machine
learning algorithms applied toWeibo texts. This provides a reliable
data foundation for further research on influenza transmission. By
proposing a quantitative model for influenza susceptibility, it
becomes possible to quantify users’ overall susceptibility to
influenza and explore factors related to influenza transmission
at the social network level. The contribution of this research
question lies in providing an effective method for identifying
influenza-related information and establishing a quantitative
model for influenza susceptibility in social networks. The
importance of Question 2 lies in evaluating users’ status and
influence in social networks by using the in-degree metric from
complex network theory and analyzing its correlation with

influenza susceptibility. This helps us understand the impact of
status and influence in social networks on influenza transmission.
By validating the correlation coefficient between the in-degree
metric and influenza susceptibility, further confirmation of the
association between social network status and influenza can be
obtained, providing new insights into the mechanisms of influenza
transmission. The significance of Question 3 lies in the application
of the LDA topic model to extract users’ physical condition
information from Weibo texts and analyze its correlation with
influenza susceptibility, which reveals the potential impact of
health conditions on influenza transmission. This approach can
help us explore users’ health conditions from a social media
perspective, providing important reference for influenza predic-
tion and intervention measures.

The potential value and applications of this research are
multifaceted and impactful. First, studying the association between
social network status and influenza susceptibility can help predict
the spread of influenza within social networks. Key individuals or
highly connected individuals within social networks may play
crucial roles in the transmission of influenza. Understanding the
relationship between social network status and influenza suscep-
tibility can assist in identifying high-risk groups and targeted
interventions, enabling better prediction and control of influenza
transmission. Second, the findings from the research on social
network status and influenza susceptibility can be used for health
education and promotional activities. By understanding the
characteristics and status of individuals with higher susceptibility
within social networks, tailored health education measures and
communication strategies can be developed. This can enhance
awareness of influenza, strengthen preventive measures, and
encourage individuals to adopt appropriate prevention and
protection measures. Last, studying the relationship between
social network status and influenza susceptibility can provide
guidance for social media monitoring and information dissemi-
nation. Understanding the impact of social network status on the
spread of influenza-related information can help design more
effective information dissemination strategies, targeting individ-
uals with different social statuses for directed communication and
interventions. Additionally, leveraging social media platforms to

Figure 3. Association between susceptibility and social network status.
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provide real-time influenza information can facilitate better
monitoring and response to influenza outbreaks.

In summary, studying the association between social network
status and influenza susceptibility has implications for predicting
and controlling influenza transmission within social networks,
guiding health education and promotional activities, and improv-
ing social media monitoring and information dissemination
strategies for influenza.

Conclusions

The H1N1 influenza pandemic occurred in 2009. By the end of
2009, at least 12,000 people had died because of the H1N1
influenza virus. Although we have a well-established monitoring
system and vaccines to prevent and control the spread of this virus,
the acceleration of population growth and urbanization has also
introduced new factors in controlling the spread of influenza. The
increase in population density and structural changes have greatly
increased the probability of the transmission of infectious diseases
in cities. Meanwhile, traditional influenza research is mainly based
on traditional monitoring data. Most of the data come from
hospitals and laboratories and are associated with high costs.
Moreover, there is a lag in the collection of information. With the
rapid development of social networks, people’s lifestyles and
information sources have undergone great changes. Today’s social
networks often have hundreds of millions of users interacting with
each other and expressing themselves. Social networks are a new
data source, and this development presents an important
opportunity for influenza-related research and infection control.

Regarding the theoretical contributions, this article focuses on
mining data from social networks. In recent years, access to public
information on social networks has become very popular. There is
also much research that proves that social network data are a
reliable source of information, but most of it is foreign-related
research. This research proves that Sina Weibo, as one of most
popular social networks in China, also has great value in disease-
related research. This experiment demonstrates a reasonable
connection between social network status and influenza suscep-
tibility, which is an important step in mining health-related factors
from social networks. On this basis, we can put forward future
studies in the field of disease. Our research is not just theoretical; it
also has practical implications. In this study, we performed some
disease-related work. Traditional health-related research is time-
consuming and requires much human effort to collect data.
Therefore, traditional methods are not conducive to timely disease
surveillance and control. However, through social networks, we
can easily and efficiently access users’ information and without
requiring the active participation of individuals. Therefore, we
cannot only improve the reliability of the collected data but also
lower costs by reducing the intermediate steps. Through the results
of this study, individuals of low social network status can be

identified as the key targets of influenza surveillance, and we also
provide a theoretical basis for the public. Moreover, these results
contribute to encouraging individuals with high influenza
susceptibility to pay attention to their health.
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