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Abstract: As we all know, vaccination still does not protect people from novel coronavirus infections, 
and wearing masks remains essential. Research on mask attention is helpful to understand the public’s 
cognition and willingness to wear masks, but there are few studies on mask attention in the existing 
literature. The health belief model used to study disease prevention behaviors is rarely applied to the 
research on mask attention, and the research on health belief models basically entails the use of a 
questionnaire survey. This study was purposed to establish a health belief model affecting mask 
attention to explore the relationship between perceived susceptibility, perceived severity, self-efficacy, 
perceived impairment, action cues and mask attention. On the basis of the establishment of the 
hypothesis model, the Baidu index of epidemic and mask attention, the number of likes and comments 
on Weibo, and the historical weather temperature data were retrieved by using software. Keyword 
extraction and manual screening were carried out for Weibo comments, and then the independent 
variables and dependent variables were coded. Finally, through binomial logistic regression analysis, 
it was concluded that perceived susceptibility, perceived severity and action cues have significant 
influences on mask attention, and that the accuracy rate for predicting low attention is 93.4%, and the 
global accuracy is 84.3%. These conclusions can also help suppliers make production decisions. 
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1. Introduction 

Ever since the COVID-19 outbreak began in Wuhan in December 2019, the novel coronavirus 
has shown its contagious characteristics, as it can be transmitted from person to person. Owing to the 
rapid spread of COVID-19, Wuhan closed down the city for a short period and built new hospitals: 
HuoShenshan and LeiShenshan. Other local governments also adopted a series of measures to reduce 
population movement. With the implementation of prevention and control measures in China, new 
cases have been reduced by more than 90% [1], but the COVID-19 epidemic continues to rapidly 
sweep across China and the world [2]. As of June 24, 2021, the total confirmed worldwide cases 
were 178,837,204, with 3,880,450 deaths [3]. At present, the global spread of COVID-19 remains 
unstoppable. COVID-19 has seriously affected our daily lives, affecting many fields such as health 
care, public transportation and education [4]; it has also caused incalculable economic losses. 

In the context of COVID-19, diagnostic means are very important. Lella and Alphonse conducted 
an in-depth analysis of the methods of COVID-19 disease diagnosis based on human respiratory sounds 
such as coughs, the voice and breathing [5]; they proposed a pre-processing method for COVID-19 
speech data sets with an enhanced mechanism. A one-dimensional convolutional network [6] and multi-
channel deep convolutional neural network [7] were used to realize the automated diagnosis of 
COVID-19 disease. At the same time, they also modified the Mel-frequency cepstral coefficients and 
enhanced the lightweight convolutional neural network for COVID-19 diagnosis by using gamma-
tone frequency cepstral coefficients [8]. But, prevention and control measures are equally important. 
Hand hygiene, social distancing and the use of personal protective equipment were considered to be 
the most important protective measures to control the spread of the virus [9]. However, long-term self-
isolation and social distancing are associated with anxiety and severe stress [10]. Moreover, 
maintaining self-isolation for a long time means that a large number of industries cannot resume work 
and production, and that some people will lack income sources, leading to serious social and economic 
problems. Betsch et al. [11] found that disposable surgical masks have been widely used by the public 
as effective and inexpensive protective medical equipment. In addition, the novel coronavirus has an 
incubation period during which people will not show any suspicious symptoms even if they are 
infected. Masks worn by asymptomatic people can reduce the spread of the virus, and masks worn 
by uninfected people can also reduce the risk of their own infection. More importantly, in the 
worldwide outbreak and transmission, the longer the mask is used, the less effective it will be in 
protecting against the virus. So timely replacement of the mask is necessary. [12]. 

However, Eke and Eke [13] pointed out that the novel coronavirus was rapidly spreading to many 
countries, resulting in a serious shortage of personal protective equipment. Jiang et al. [14] also 
indicated that, since the outbreak of COVID-19, the extreme shortage of masks has exposed a major 
deficiency in the current production and operation model of health products. These findings suggest 
that the production and supply of masks did not increase in tandem with the rapid outbreak and 
development of COVID-19. At the time, even if people wanted to wear masks, not everyone had access 
to them because manufacturers were not producing enough masks, and stores were running low on 
stock. The scarcity of masks caused people to buy in panic [15]. When people have the opportunity to 
buy protective products such as masks, they are likely to buy too much, leading to the inability of other 
people to buy masks. In the late stages of the epidemic, the mask shortage resulted in the establishment 
of a large number of mask enterprises, but the increase in mask production was accompanied by steady 
improvement in the epidemic situation, which gradually reduced the demand for masks. These 
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enterprises invested a lot of money to produce superfluous masks, but the lack of demand for them 
may yield adverse effects, such as mask accumulation and warehousing cost increases. These situations 
are not beneficial for the development of a mask supply chain. Therefore, understanding the trend of 
demand for mask is important for the mask industry. 

The Holt-Winters model [16], autoregressive integrated moving average models [17], recurrent 
neural network models, long short-term memory models [18] and support vector machine models [19] 
are commonly used in research on demand prediction. However, for emergencies, the demand 
forecasting model may have poor forecasting results [20]. In addition, in the case of the COVID-19 
epidemic, the people’s demand for masks is more uncertain. Previous studies on trends and seasonal 
factors may not be sufficient to predict the demand for masks. 

In this era of highly developed Internet, Weibo is a famous social media platform in China, where 
users can instantly share and communicate information. Baidu is a famous search engine in China, and 
an important platform for Internet users to search for information. When major public health 
emergencies occur in China, searching information about epidemics and masks by using Weibo and 
Baidu is the main way for people to stay informed on the situation. Moreover, the influence of epidemic 
information on the attention to masks is generated through the information in the network, and the 
public’s attention to masks is easier to grasp on platforms such as Weibo and Baidu. On the basis of 
these reasons, this study mainly entailed the use of Weibo and Baidu data to study the influencing 
factors affecting public attention to masks. 

In some previous studies, the attention to a product has been shown to have a positive effect on 
product demand [21,22]. People usually pay a certain amount of attention to a product before creating 
a demand for it. By paying attention to this type of product information, they choose the product that 
suits them according to their own preferences. In the case of the COVID-19 epidemic, people are also 
paying attention to protective equipment such as masks, and when people pay more attention to these 
products, it might relate to more demand for such products. Therefore, understanding people’s 
attention to masks is very important for the mask industry. To some extent, the change in public 
attention to masks reflects the trend of people’s demand for masks. 

The model architecture of this paper is shown in Figure 1. First, a literature review was conducted 
for studies on public attention in emergencies, the demand for masks in the COVID-19 epidemic and 
the relationship between public health beliefs and health behaviors in the COVID-19 epidemic. Then, 
a hypothetical model of the relationship between perceived susceptibility, perceived severity, self-
efficacy, perceived barriers, cues to action and mask attention was established. Next, we through the 
temperature, Weibo and Baidu data collection, Weibo comments keyword extraction and manual 
screening, for independent variables and dependent variables for coding processing, and regression 
analysis. Finally, the results of regression analysis are summarized and discussed. 
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Figure 1. Model architecture diagram. 

2. Literature review 

2.1. Research on public attention in emergencies 

With the development of information networks and the rapid rise of Weibo and Baidu, it is easy 
for influential emergencies to attract extensive public attention on the Internet [23]. The smog that 
broke out in China in 2013 had a huge impact on people’s lives and garnered wide attention in a short 
time. Wei et al. [24] analyzed the relevant data collected on Sina Weibo and explored the determinants 
that influenced the public attention to the smog events. 

In the case of the COVID-19 epidemic, there is a large amount of news about the epidemic on 
Weibo. Baidu is mostly used by Chinese people to search for COVID-19 information. The data from 
public searches not only reflect people’s attention during the COVID-19 epidemic, but they also 
include the phased characteristics and evolutionary trend of the epidemic. Gong et al. [25] used a Baidu 
index to monitor public attention to information, conducted time-lag cross-correlation analysis with 
focus on time trends and spatial distribution and verified the effectiveness of the monitoring results. 
On this basis, Feng et al. [26] transformed time series data into a visibility network by utilizing the 
principle that a visibility algorithm can dig out more hidden information from time series data, which 
may help us fully understand the attention to the COVID-19 epidemic. In addition to studying the 
attention on the Baidu platform, some scholars [27,28] analyzed the comments on Weibo, in 
combination with performing data mining and text analysis, to realize the correlation between attention 
and COVID-19. Zhao et al. [29] found that social media can be used to measure public attention to 
public health emergencies, and that understanding the hot issues caused by COVID-19 can help is to 
develop more targeted prevention and control measures. 
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2.2. Research on the demand for masks in the COVID-19 epidemic 

As we all know, the simplest and most specific way to suppress the transmission of the novel 
coronavirus and protect themselves, as well as the others, is to wear a mask in crowded places [30]. 
However, after China implemented the policy that all people had to wear masks, people’s demand 
for masks increased sharply, and the national reserve of masks was not enough, resulting in a 
shortage of masks [31]. Some studies [32–34] found that, during the COVID-19 pandemic, the 
demand for N95 masks far exceeded their production and supply, although N95 masks provided the 
best protection and could be reused. Wang et al. [35] found that medical surgical masks and medical 
protective masks met the national technical standards and could effectively block pathogens, while 
there was no unified technical standard for other types of masks, which only had a certain mechanical 
blocking effect. In view of the shortage of masks, it is necessary to forecast the demand for masks and 
increase the production of N95 masks and surgical masks, so as to balance the supply and demand of 
masks as much as possible. Goel and Haruna [36] applied economic theory to analyze the impact of 
three policies, namely those requiring front-line staff to wear masks, those not requiring the entire 
public to wear masks and those forcing the entire public to wear masks, on the demand for medical 
surgical masks during the COVID-19 pandemic. In addition, aiming to address the shortage of masks, 
Shanghai has established an online distribution and sales system for masks throughout the city, 
providing real-time updates of mask booking and sales information for all designated pharmacies and 
neighborhood committees in Shanghai [37]. 

2.3. Research on the relationship between public health beliefs and health behaviors in the 
COVID-19 epidemic 

COVID-19 has had many psychological effects on people, and most of them cause varying 
degrees of anxiety [38,39]. Some people are anxious because they think that the novel coronavirus is 
very dangerous, and that they may be infected or even at risk of death, while others are anxious because 
of the enormous economic pressure caused by COVID-19. People with high anxiety may have more 
preventive health behaviors [40]. Health beliefs and behaviors are crucial to mental health in the 
COVID-19 epidemic, and the study of health belief models can help people understand the occurrence 
of mental health problems during the COVID-19 epidemic [41]. Since health belief models can 
effectively understand people’s subjective perception of the COVID-19 epidemic, and they have been 
proven to be a good model to explain the impact of health belief on health prevention behavior [42], 
many scholars have studied public health behavior by using health belief models. 

Bechard et al. [43] studied the relationship between age group and perceived COVID-19 
susceptibility, severity, impact and health behavior efficacy and adoption; they verified the relationship 
between health beliefs and behaviors by using a structural equation model. There are also methods that 
were developed based on questionnaire analysis [44,45] to analyze the effects of the participants’ 
perceived susceptibility, perceived severity, self-efficacy, perceived barriers and perceived benefits on 
health behaviors. Tan et al. [46] classified user comments on the COVID-19 epidemic posts posted on 
Facebook and analyzed the relationship between comments and the COVID-19 epidemic situation by 
using a health belief model. 

For consumers, there is a certain relationship between masks purchase behavior and attention to 
masks. Existing literature [47,48] shows that major public health emergencies attract extensive public 
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attention. The COVID-19 epidemic is very serious and has drawn widespread attention. The physical 
and mental health of the public has also been greatly affected, with most people feeling anxious and 
fearful. During this time, people took protective measures, such as wearing masks, social distancing 
and improving hygiene; additionally, the demand for masks increased sharply. 

Most of the previous studies on masks in the COVID-19 pandemic focused on the protective 
capabilities of other types of masks when medical masks were in short supply. Therefore, using 
network data from Weibo, Baidu and other platforms, we developed a health belief model to study the 
factors influencing public attention to masks during the COVID-19 epidemic in order to understand 
the public attention to masks, and to help suppliers better predict the public’s demand for masks and 
thus assist decision-making. 

3. Research hypothesis 

Previous literature studies on health belief models mainly explored the effects on health 
behaviors from the perspectives of perceived susceptibility, perceived severity, self-efficacy, 
perceived benefits, perceived obstacles and behavioral cues. However, considering the fact that 
wearing a mask can reduce the probability of novel coronavirus infection, we did not include the 
dimension of perceived benefits. We constructed a hypothetical model of five factors influencing 
mask attention, including perceived susceptibility, perceived severity, self-efficacy, perceived 
barriers and cues to action, as shown in Figure 2. 

 

Figure 2. Hypothetical model of the factors influencing attention to masks. 

3.1. Perceived susceptibility 

In this study, perceived susceptibility is defined as the public’s subjective perception of their own 
likelihood of contracting the novel coronavirus. The perception of susceptibility may be related to the 
trend of the epidemic and the public’s own mental and physical health. If people are more pessimistic 
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about the development of the epidemic or have health problems, they feel they are at greater risk of 
infection. As the largest social network platform in China, Weibo records a large amount of COVID-19 
epidemic information that can describe the epidemic situation, including public comments, thumbs up 
reactions and forwards on related posts [49]. People with high perceived susceptibility will pay more 
attention to the information about the epidemic, and they are more likely to resonate with the 
information posted by the main microblog, and comment on it, give it a thumbs up and forward it. 
When Jihyuk [50] studied particulate matter in the atmosphere, he found that perceived susceptibility 
was positively correlated with health behavioral intention from the perspective of health. Based on this, 
we developed the following hypothesis: 

H1: During the COVID-19 epidemic, perceived susceptibility had a positive impact on attention 
to masks. 

3.2. Perceived severity 

In this study, perceived severity is defined as the public’s subjective perception of the severity of 
the consequences of their infection with the novel coronavirus. and the impact of the current COVID-19 
epidemic. These perceptions of severity include the physical and psychological trauma of people 
infected with the novel coronavirus, as well as the pressure of unemployment and the economy in the 
context of economic recession during the pandemic [51]. In addition, after the resumption of work and 
production, there is also a requirement for people to wear masks at work. However, the shortage of 
masks has also caused problems for people who cannot buy masks. In these cases, the public is 
panicked by the possibility of death from the disease, and by the possibility of suffering from the 
disease. In this case, people will post comments on Weibo to express their emotions. Wang et al. [52] 
showed that perceived severity was significantly positively correlated with safety behaviors. Therefore, 
we believe that there is a significant relationship between the concern for masks and perceived 
severity during the epidemic. Based on this, we developed the following hypothesis: 

H2: During the COVID-19 epidemic, perceived severity has a positive impact on the attention 
to masks. 

3.3. Self-efficacy 

Self-efficacy mainly refers to the subjective judgment of the public on their ability to carry out 
certain behaviors, and the possible results of such behaviors. In this study, self-efficacy is defined as 
the public’s subjective perception of the necessity of epidemic prevention measures and the ability to 
take epidemic prevention measures to prevent infection and transmission on any occasion. These 
perceptions of self-efficacy include whether vaccination is necessary and effective in preventing 
infection in places where there are not many people or an epidemic. Marle et al. [53] found that self-
efficacy was positively correlated with positive emotions and negatively correlated with negative 
emotions. On Weibo, many users actively urged others to take preventive measures to prevent infection 
and contagion. Duong et al. [54] showed that public attitude was positively correlated with behavioral 
intention. Based on this, the following hypothesis was developed: 

H3: During the COVID-19 epidemic, self-efficacy has a positive impact on the attention to masks. 



6476 

Mathematical Biosciences and Engineering  Volume x, Issue x, 1-X Page. 

3.4. Perceived barriers 

Perceived barriers mainly refers to people finding it difficult to carry out certain behaviors. In this 
paper, “perceived barriers” mainly refers to the perception that wearing a mask may cause some side 
effects. Previous studies [55] have shown that people’s subjective feelings when wearing masks are 
mainly reflective of their thermal comfort and ease of breathing. When the protective effect is not 
considered, consumers will have different mask-wearing experiences at different temperatures. 
Wearing a mask when the temperature is too high may cause a hot microclimate inside the mask [56], 
resulting in thermal discomfort and dyspnea. When people feel heat discomfort, they may reduce their 
willingness to wear masks and gradually lose focus on them. Based on this, the following hypothesis 
was developed: 

H4: During the COVID-19 epidemic, perceived barriers have a negative impact on mask attention. 

3.5. Cues to action 

In this paper, the cues to action mainly refer to the promotions to influence whether people take 
preventive measures; they include media publicity [57], reminders from medical staff and the 
experiences of others. In the case of the COVID-19 epidemic, these factors can also promote measures 
to prevent the novel coronavirus. News related to the epidemic released by the media will attract many 
people’s attention, and they will usually search Baidu and other search engines for the information 
they are interested in, so as to update their understanding of the epidemic information. Kendal [58] 
considered the incentives behind engaging in preventive behaviors during disease outbreaks, and the 
role that news and mass media might play in influencing these behaviors. Ye et al. [59] also showed, 
through the use of a questionnaire survey, that cues to action in the epidemic were related to preventive 
behaviors. Based on this, the following hypothesis was developed: 

H5: During the COVID-19 epidemic, cues to action have a positive impact on the attention 
to masks. 

4. Empirical analysis 

4.1. Data sources 

The COVID-19 epidemic is a major public health emergency that has brought challenges to China 
in many aspects. Since the outbreak of the COVID-19 epidemic, Sina Weibo has played a central role 
as a source of information and group gathering hub for public discussion. As the official Weibo account 
of the National Health Commission, Health China has also published a considerable amount of 
information on COVID-19 that is representative, authoritative and topical. Official updates are 
announced on the microblog daily, including the new death toll and the number of new diagnoses. 
Using the data crawling software Octopus, data from January 21, 2020 to January 31, 2021 were 
obtained, including the Weibo content, Weibo thumbs up number, the number of comments and 
forwards and Weibo comments. There were 376 main posts and 48,454 valid comments because no 
relevant information was posted on one day. Among the data, the number of thumbs up represents the 
data related to perceived susceptibility, the number of comments containing negative public emotions 
represents the data related to perceived severity, and the number of comments containing epidemic 
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prevention measures represents the data related to self-efficacy. 
The basic research data applied in some studies [60,61] that have used network search data for 

prediction in China has come from the Baidu search platform. Therefore, we used the Baidu index 
on the epidemic as the source for the data of cues to action and the Baidu index on masks as the 
source for the data of attention to masks. 

From January 21, 2020 to January 31, 2021, the four provinces with the highest attention to masks 
in the Baidu Index were Jiangsu, Guangdong, Zhejiang and Shandong. Therefore, the temperatures 
from January 21, 2020 to January 31, 2021 in Taizhou, Guangzhou, Jinhua and Zibo, which are the 
central cities of the four provinces, were obtained from the historical weather network 
(Lishi.tianqi.com) as the data representing perceived barriers. 

4.2. Data processing 

For the hypothetical model constructed in this study, the independent variables are perceived 
susceptibility, perceived severity, perceived barriers, self-efficacy and cues to action. The dependent 
variable is attention to masks. The specific processing methods are as follows. 

1) Because the number of thumbs up reactions to microblog posts is generally much larger than 
the number of comments and microblogs, the number of thumbs up reactions to microblog posts was 
used to represent perceptual susceptibility. The number of thumbs up reactions had an exponential 
distribution with a large order of magnitude, so we used logarithmic processing [62,63]. The minimum 
value was 1.079, and the maximum value was 5.841. After quantitative processing, when the number 
of thumbs up reactions ∈ (1,2), the perceived susceptibility was very low, and its index was 1. When 
the number of thumbs up reactions ∈ (2,3), the perceived susceptibility was low, and the index was 2. 
When the number of thumbs up reactions ∈ (3,4), the perceived susceptibility was moderate and the 
index was 3. When the number of thumbs up reactions ∈ (4,5), the perceived susceptibility was high 
and the index was 4. When the number of thumbs up reactions ∈ (5,6), the perceived susceptibility 
was very high, and the index was 5. 

2) The perceived severity was represented by the emotion of the comment. Regarding dealing 
with the comments posted on the National Health Commission’s official Weibo page for daily 
information on COVID-19, we chose the method of keyword extraction to extract comments 
containing emotional keywords, as shown in Table 1. Since there were not many such comments 
among all of the comments, if the comments of the day contained such keywords, the public would 
have a high perception of severity, so the index was set to be 1. If the comments of the day do not 
contain such keywords, the public perception of severity is low, so the index was set to be 0. 

Table 1. Extraction of emotional keywords. 

Comment content Keywords
I’m afraid! afraid
Watching the numbers go up, 
I'm a little scared! 

scared 

It’s scary!  scary
I am in a panic and praying for 
all of China!  

panic 
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3) Self-efficacy was represented by comments on epidemic prevention measures. Regarding 
dealing with the comments posted on the National Health Commission’s official Weibo page for daily 
information on COVID-19, we also used keyword searches to extract the keywords related to epidemic 
prevention measures, as shown in Table 2. However, because only some of the comments containing 
quarantine measures could be found through keyword searching, the comments containing quarantine 
measures were also found by performing manual filtering after each keyword search. Among them, if 
the daily comments contained keywords related to epidemic prevention measures, the public’s self-
efficacy was high and the index was set to be 1; if the comments did not contain related keywords, the 
public’s self-efficacy was low and the index was set to be 0. 

Table 2. Extraction of self-efficacy keywords. 

Comment content Keywords 

All Chinese should be forced to not go out unless they are sick! 

The only place to go is a hospital! All public places, except 

hospitals, will be closed. 

not go out 

Please make sure you wear masks when you go out wear masks 

The growth rate is too fast, try not to go out, wash your hands 

and wear masks, be responsible for yourself and society and do 

not run around and increase the rate of transmission

try not to go out, 

wash your hands 

and wear masks 

4) The concept of perceived barriers was represented by the comfort level of the public wearing 
masks. A previous study [64] has shown that, when the temperature was greater than 24 °C, people 
wearing masks felt significantly more uncomfortable. Therefore, when the highest temperature in a 
place on any day was less than or equal to 24 °C, the comfort level for that day was 1. When the 
lowest temperature of the day was greater than 24 °C, the comfort level for the day was -1. When 
the minimum temperature of the day was less than or equal to 24 °C and the maximum temperature 
was greater than 24 °C, the comfort level was 0. We collected the temperature data for four prefecture-
level cities by using the historical weather network, obtained the daily comfort level for four cities and 
weighted them. Then, the total comfort was set as [-4,4]. Therefore, for comfort level ∈ [-4,-2], the 
perceived barriers equaled 3. For comfort level ∈ [-1,1], the perceived barriers equaled 2. For comfort 
level ∈ [2,4], the perceived barriers equaled 1. 

5) The Baidu index for the epidemic was used as the cues to action. According to the statistics, 
the minimum value of the epidemic Baidu index was 24,641, and the maximum value was 1,204,910. 
We found a large gap between the minimum value and maximum value of this data; the order of 
magnitude was also large. Therefore, the Baidu index was used for logarithmic processing, and 
three decimal places were retained. At this point, the minimum value was 4.392, and the 
maximum value was 6.081. Given that the action cues needed to be classified and quantified, we 
divided the values into five categories on average. Under the condition that the daily Baidu index 
data ∈ [4.392,4.729], very few cues to action were found, making the index 1. Under the condition 
that the data ∈ [4.730,5.067], few cues to action were found, making the index 2. Under the 
condition that the data ∈ [5.068,5.405], the number of cues to action was moderate, making the 
index 3. Under the condition that the data ∈ [5.406,5.743], many cues to action were found, making 
the index 4. Under the condition that the data ∈ [5.744,6.081], very many cues to action were found, 
making the index 5. 
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6) The mask attention-related Baidu index for mask searches was selected. The minimum value 
of the Baidu index for masks was 1739, and the maximum value was 164,319. Similarly, we first 
applied logarithmic processing to the data. After processing, we found that all other values were within 
the scale of [3,5], except for a very few values over 5. Therefore, under the condition that the level of 
attention to masks is divided into two categories, namely, high and low, according to the actual 
situation, 4.0 is appropriate as the dividing line for the level of attention when applying logarithms. So, 
when the value ∈ (3,4), the attention to masks was low, and the index was 0. When the value ∈ (4,5), 
the attention to masks was high, and the index was 1. 

4.3. Empirical model 

Given that Weibo and Baidu are the most commonly used social networking and search software 
for Chinese people, the Weibo comments and Baidu index obtained by crawling have practical 
significance. On the basis of the analysis of the attention to masks during the epidemic, and of the 
quantitative data of the influencing factors, we adopted a regression method to conduct a quantitative 
study on the influencing factors. Compared with linear regression, logistic regression is more suitable 
for the dependent variable of a classification model; in this study, due to the value of the dependent 
variable is 0 or 1 (mask attention with low or high), multiple logistic regression is not applicable for 
this situation, so we used binomial logistic regression to establish the following model: 

𝐿𝑜𝑔𝑖𝑡𝑎𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 𝑙𝑛 𝛼 𝛼 𝑃𝑒𝑟𝑐𝑒𝑖𝑣𝑒𝑑𝑠𝑢𝑠𝑐𝑒𝑝𝑡𝑖𝑏𝑖𝑙𝑖𝑡𝑦 𝛼 𝑃𝑒𝑟𝑐𝑒𝑖𝑣𝑒𝑑𝑠𝑒𝑣𝑒𝑟𝑖𝑡𝑦

𝛼 𝑠𝑒𝑙𝑓𝑒𝑓𝑓𝑖𝑐𝑎𝑐𝑦 𝛼 𝑃𝑒𝑟𝑐𝑒𝑖𝑣𝑒𝑑𝑏𝑎𝑟𝑟𝑖𝑒𝑟𝑠 𝛼 𝐶𝑢𝑒𝑠𝑎𝑐𝑡𝑖𝑜𝑛                            (1) 

The explained variable is attention. Perceived susceptibility, perceived severity, self-efficacy, 
perceived barriers and cues to action are the explanatory variables. The value of attention was 
{0,1}, the value of perceived susceptibility was {1,2,3,4,5}, the value of perceived severity was 
{0,1}, the value of self-efficacy was {0,1}, the value of perceived barriers was {1,2,3} and the 
value of cues to action was {1,2,3,4,5}. 

4.4. Results 

In this study, statistical analysis was used to better express the dependent and independent 
variables. Five different explanatory variables were selected; they are shown in Table 3. In a 
collinearity statistical test on the explanatory variables, only a Variance Inflation Factor (VIF) value 
above 5 and tolerance value less than 0.1 indicate the existence of a multi-collinearity problem in the 
data set [65]. Therefore, multi-collinearity problems related to the dependent and independent 
variables were not found in this study. 

Regarding the comprehensive test for the model coefficients in Table 4, the likelihood ratio test 
result showing whether all parameters in the logistic regression model were 0 was output on the model 
line. P < 0.05 means that the Odds Ratio (OR) value for at least one variable in the fitted model was 
statistically significant (i.e., the model is generally significant). 

The Hosmer and Lemeshow test was used to evaluate the goodness of fit of the model. When 
the P-value was not less than the test level (P > 0.05), the information in the current data was 
considered to have been fully extracted. The results are shown in Table 5, indicating a high goodness 
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of fit of the model. 
Table 6 shows that the significance values for the three independent variables (i.e., perceived 

susceptibility, perceived severity and cues to action) were all less than 0.1, indicating that they 
significantly affect the public’s attention to masks with the confidence level of 0.1. The smaller the 
significance value, the stronger the significance. However, if self-efficacy and perceived barriers failed 
to pass the significance test, the null hypothesis was rejected, indicating that self-efficacy and 
perceived barriers had no significant effect on the attention to masks. Therefore, perceived 
susceptibility (0.000), perceived severity (0.078) and cues to action (0.001) positively affect the 
public’s attention to masks. 

The predictive performance of the obtained data was tested. The obfuscation matrix was applied 
and the results are shown in Table 7. The table shows that the global prediction accuracy of the binary 
logistic regression model reached 84.3%. The accuracy rate for those with low attention reached 93.4%. 

Table 3. Collinearity statistics for different explanatory factors. 

Variables Collinearity Tolerance Statistical VIF 

perceived susceptibility 0.610 1.640 

perceived severity 0.567 1.764 

self-efficacy 0.465 2.149 

perceived barriers 0.213 4.699 

cues to action 0.211 4.743 

Table 4. Omnibus tests to evaluate model coefficients. 

 Chi-square df.* Sig.* 

Step 1   Step 

        Block 

        Model 

204.420 5 0.000 

204.420 5 0.000 

204.420 5 0.000 

*Note: Sig. represents significance and df. represents degrees of freedom. 

Table 5. Hosmer and Lemeshow test and summary of model accuracy. 

Chi-square df Sig -2 Log likelihood Cox & Snell R Square Nagelkerke R Square

15.414 8 0.052 264.975 0.419 0.588 

Table 6. Results for the binary logistic regression model with overall statistical explanation. 

Explanatory variables B S.E Wald df. Sig. Exp(B) 
95% C.I. for EXP(B) 

Lower Upper 

perceived susceptibility 1.608 0.254 40.010 1 0.000 4.992 3.033 8.215 

perceived severity 1.131 0.643 3.096 1 0.078 3.099 0. 879 10.927 

self-efficacy 0.089 0.431 0.043 1 0.836 1.094 0.470 2.545 

perceived barriers 0.080 0.490 0.027 1 0.870 1.084 0.415 2.830 

cues to action 1.541 0.472 10.661 1 0.001 4.671 1.852 11.783 

Constant -6.588 1.211 29.593 1 0.000 0.001   
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Table 7. Classification summary results for the logistic regression model. 

Predicted deforested area 0 1 Corrected percentage 

Observed deforested area  

0 240 17 93.4 

1 42 77 64.7 

Overall corrected percentage - - 84.3 

5. Conclusions and discussion 

5.1. Conclusions 

In this work, we used the health belief model to understand the factors influencing the public’s 
attention to masks. First, we established the relationship between perceived susceptibility, perceived 
severity, self-efficacy, perceived barriers, cues to action and mask attention by using a health belief 
model. Binary logistic regression analysis revealed that perceived susceptibility, perceived severity 
and cues to action had significant effects on mask attention, and that the accuracy of predicting low 
attention was 93.4%, and the global accuracy was 84.3%. 

5.1.1. Relationship between perceived susceptibility and mask attention 

The results of this study show that perceived susceptibility has a positive effect on mask attention, 
consistent with our hypothesis. The higher the perceived susceptibility, the higher the likelihood that 
the public would think they will be infected with the COVID-19 virus. Given that wearing a mask can 
greatly reduce the risk of infection with the novel coronavirus, a population with a high perceived 
susceptibility is more inclined to wear a mask outdoors to prevent infection. When people’s perceived 
susceptibility is high during an epidemic, there will be more demand for masks and a more urgent need 
for information about masks, thereby generating more attention to masks.  

5.1.2. Relationship between perceived severity and mask attention 

The results of this study show that perceived severity has a positive impact on mask attention, 
which is consistent with the hypothesis above. The higher the perceived severity of coronavirus, the 
more convinced is the public that novel coronavirus infection has a serious impact on their physical 
and mental health. For their own health, they are more eager to learn the online information on 
purchasing channels for masks and the correct information on wearing masks, which will increase the 
public’s attention to masks.  

5.1.3. Relationship between self-efficacy and mask attention 

The results of this study show that self-efficacy has no significant impact on mask attention, 
which is completely inconsistent with the hypothesis above. Self-efficacy mainly refers to the 
subjective judgment of the public on their ability to carry out certain behaviors, and the possible results 
of such behaviors. Although wearing masks by the public can reduce the risk of novel coronavirus 
infection, there is no risk of infection if they maintain social distancing and work from home. So, if 
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conditions permit, some people with high self-efficacy are more likely to maintain social distancing or 
stay at home than wear a mask. They do not pay more attention to the mask information.  

5.1.4. Relationship between perceived barriers and mask attention 

The results of this study show that perceived barriers have no significant effect on mask attention, 
which is completely inconsistent with our hypothesis. Although wearing a mask in a high-temperature 
environment can cause breathing difficulties and thermal discomfort, for those who have to go out, 
such as office workers, wearing masks is a necessary measure of protection. In addition, the high 
temperature outside does not mean that the office environment is also in a high-temperature state. The 
office environment of many enterprises is at an appropriate temperature that will not make employees 
feel very hot and stuffy with masks. However, people can endure commuting even if they are outdoors 
and the temperature is high for a short period. In addition, people who experience thermal discomfort 
from wearing masks in high temperatures may pay more attention to the situation of masks and search 
for ways to avoid feeling thermal discomfort from wearing masks.  

5.1.5. Relationship between action cues and mask attention 

The results of this study show that cues to action have a positive effect on mask attention, which 
is consistent with the hypothesis above. By searching for “epidemic situation” using Baidu, the public 
can obtain a great deal of information about the epidemic, including the real-time situation of the 
epidemic, the channel of infection, and the protection measures to take. When more people are 
following the epidemic situation and more searches are conducted on Baidu and other search platforms, 
more people will understand the necessity of epidemic prevention measures and wearing masks. In 
this case, they will pay more attention to messaging on masks.  

5.2. Discussion 

5.2.1. Health belief model 

As shown in Table 8, the results of our health belief model are different from those for non-
communicable disease prevention behaviors [66]. In the case of the health belief model of non-
communicable disease prevention behaviors, perceived benefits, perceived barriers, self-efficacy, cues 
to action, perceived benefits, perceived severity and perceived susceptibility all have direct or indirect 
effects. But, the most significant effects are perceived barriers and self-efficacy. Interestingly, 
perceived barriers and self-efficacy did not have a significant effect in this study. Among the non-
communicable disease prevention behaviors, the most common unhealthy behaviors were sedentary 
living and working, mood disorders and staying up late. The novel coronavirus is quite different, as it 
is highly infectious, and an infection can have serious consequences, even death. So, in the case of the 
novel coronavirus, some people with high self-efficacy might choose to stay at home or practice social 
distancing to avoid the risk of infection. In terms of perceived barriers, wearing a mask can reduce the 
risk of infection and help to avoid serious consequences, even if people feel uncomfortable. 
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5.2.2. Mask attention and demands 

COVID-19 has been going on for some time, and, during this time, countries have developed 
vaccines that have made a significant contribution to preventing novel coronavirus. The current 
situation shows that the vaccine, although effective, does not prevent novel coronavirus infection, so 
the long-term use of masks is still necessary. But, many people around the world have reduced their 
attention to and awareness of mask wearing, and novel coronavirus transmission continues. To 
eliminate this situation, we need to work together to improve public attention to masks and raise 
awareness of wearing masks. 

Table 8. Health belief model: significant factors. 

Health belief model in this study 
 Health belief model of non-communicable disease 

prevention behaviors
Significant Non-significant Significant Non-significant
perceived 
susceptibility, 
perceived severity, 
cues to action 

self-efficacy, 
perceived barriers 

 perceived benefits, perceived 
barriers, self-efficacy, cues to 
action, perceived benefits, 
perceived severity, and 
perceived susceptibility

 

The results of this study suggest that the public’s perceived susceptibility, self-efficacy and cues 
to action remain important factors influencing consumers’ attention to masks during the COVID-19 
epidemic, while perceived severity and perceived barriers are not very important factors. Therefore, 
we put forward the following specific suggestions: 

First, suppliers need to understand the public’s perceived susceptibility when predicting the 
public’s demand for masks. Changes in the public’s perceived susceptibility affect people’s attitudes 
toward wearing masks, which will affect the demand for masks. Especially, when the perceived 
susceptibility of the public is high, there may be a sharp increase in demand for masks. 

Secondly, it is important to pay attention to perceived severity. People’s perception of the more 
severe consequences of a novel coronavirus infection means that they are more likely to take measures 
to reduce their risk of infection. In this case, the demand for masks will also be higher, requiring 
suppliers to increase production capacity. 

Finally, as Baidu is the most commonly used search platform in China, the more people search 
for epidemic information, the more likely they are to form an awareness of wearing masks, which also 
helps to increase the demand for masks. When epidemic information diminishes, suppliers need to be 
more vigilant to prevent inventory buildup, storage costs increases and oversupply. 

6. Limitations and future research 

First, in this study, only the health belief model was used to analyze the factors that might affect 
the attention to masks and the possible effects on the overall demand in the mask industry; we did 
not focus on predictions for masks with specific defensive properties. Therefore, the purchasing 
intention and behavior of consumers for different protective masks can be deeply analyzed based on 
relevant theories. 
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Second, this study only involved crawling the posts and online comments on the Weibo platform. 
The sample selection has certain limitations, so whether the conclusions of this study are suitable for 
online comments on other platforms also needs to be further studied. Subsequent research cannot only 
be confined to a single platform, but should involve the use of multiple domestic social platforms 
during the same period, as well as include conduct comparative analysis. 

Finally, the use of keyword searches and manual processing in the context of big data may have 
affected the accuracy and precision of the results. Therefore, future research can use deep learning and 
other methods to study text data to improve the accuracy and efficiency of data analysis. 
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