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Abstract
In the midst of the deteriorating air pollution and collective stress, people pay close attention to risk
mitigation measures such as keeping indoor and purchasing anti-smog products. Through impact
evaluations, critical factors regarding health protective behavior can be identi�ed. However, limited
research is available regarding probabilistic interdependencies between the factors and protective
behavior. In this study, we adopt a data-driven Bayesian network (BN) approach to measure impacts of
various factors on protective behavior under smog crisis. We model the sales of air puri�ers and related
factors that might incur protective product purchase behavior as a BN and examine the dependencies
among network nodes. Using the city-level aggregate data from an online shopping platform, the results
shed new light on relationships existing among 11 factors and protective behavior of buying air puri�ers.
Furthermore, taking into account the dynamic nature of protective behavior, we add time-related factors
on the basis of static BN and propose the dynamic Bayesian model. Results indicate that PM2.5
concentration and product price are the two leading factors affecting public protective behavior ofbuying
air puri�ers. Additionally, media-related factors play an important role in the protective behavior.
Ultimately, this study contributes to the �elds of impact evaluation of public protective behavior analysis
and links risk management with key factors.

1. Introduction
Severe air pollution has drawn global attention. Nearly one fourth of China’s territory has been affected by
smog, and the average national number of smog days in 2017 was 27.5 (Zhang et al., 2018). The adverse
effects of smog on human health and the environment are signi�cant worldwide due to the myriad of
pollutants dispersed into the atmosphere(Kim et al., 2015; Raza et al., 2020). The extremesmog crisis
harms people’s health, causing cough, nasal irritation, shortness of breath, and respiratory
infections(Raaschou-Nielsen et al., 2016). People who frequently experience city smog pay close
attention to risk mitigation and self-protective measures, such as reducing outdoor activities and
usinggreen products (Yadav & Pathak, 2016).Considering the serious health and social problems,
collective purchase for anti-smog products is emerging in recent years, the so-called “smog economy.”The
respiratory tract discomfort caused by the smog has also spiked the sales of related drugs and health
products.

When the risk of smog becomes a social consensus, collective pressure is likely to cause herding
behavior, consumers’ purchase decisions are often emotionrelated (Eysenck et al., 1985).However,
evidence exists of a cognitive component in healthprotective behavior (Rook & Fisher, 1995; S, 2011).
Therefore, such protectivebehaviorevenpanic buying phenomenon occurs within the dynamic and
complex social environment due to several factors(Wu et al., 2017).To identify such factors, previous
studies explored demographic characteristics, individual perceptions, and social psychological factors,
such as risk-coping behavior, and so on(Xiaodan Pan et al., 2020; Wang et al., 2021). Regarding the
stream of literature of marketing, researchers often pay attention to consumer- and product-related
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factors(Tsao et al., 2019). Althoughthese studies focused solely on 1D factors, they also highlighted
possible dependencies among the factors within the complex environment.

Certain limitations in the survey data and statistical approach existin identifying complex relationships
between multidimensional factors and target variables(Simsekler & Qazi, 2020). As a method with
powerful reasoning, Bayesian network (BN) is widely adopted due to its e�cient interpretation of
uncertain and nonlinear characteristics. Considering that the time-variability issue also greatly impacts
the performance of protectivebehavior evolution, the static BN may lead to misleading results in a
dynamic environment.

These concerns have led us to adopt a data-driven static BN and Dynamic Bayesian Network (DBN)
model to help explore multidimensional factors that may in�uencethe public’s health protectivebehavior
of buying anti-smog air puri�ers. Static BN can be extended into DBN by introducing relevant temporal
dependencies betweenrepresentations of the static network at different times, which allows modeling the
dynamic evolution of the observation objects(Hosseini et al., 2020). Thus, DBN is more appropriate for
monitoring and predicting public buying behaviorand capable of representing the risk states at any time
with respect to BN.

Identifying factors that contribute to protective behavioris vital toward knowing how to provide
sustainable anti-smog products and maintain social stability. This study mainly aims to evaluate the
relationship between multidimensional factors and protectivebehavior and establish the relative
importance of the factors through the lens of BN.On the basis ofsocialampli�cation framework of risk, we
selected threemedia- and four product-related factors from consumer perspective. Given thatour data are
at the city level, four city-related factors are also taken into consideration. Furthermore, to characterize the
evolution of protective behavior over a longer period of time, we added three time-related factors to the
DBN model.This study performed sensitivity and importance analyses to explore the in�uences of factors
on public’s real purchase decisionduring smog crisis. To the best of our knowledge, this is the �rst study
to systematically evaluate the impact of the factors on consumers’ buying decisionsforairpuri�ersunder
smog risk using objective data. The �ndingshave implications for our understanding of
consumers’behavior evolutionduring smog period andprovide useful guidelines of early interventions for
suppliers to maintain balance of supply and demand from the comprehensive perspective and for
authorities to regulate the irrational collective behavior.

The outline of the study is as follows. Sections 3 presents the literature review on factors of
healthprotective buying. Section 3 describes the methodology, such as BN and DBN model and the data
source. Section 4 presents the results and interpretations. Section 5 holds the discussion and
implications of our study. Finally, Section 6 covers the conclusions and limitations of this study.

2. Literature Review
Despite the extant studies on protective behaviors under smog crisis from academia(Bickerstaff & Walker,
1999), few studies have examined the public’s buying behavior of anti-smog productsand itsin�uential
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factors. Buying air puri�ers is a consumption decision which is driven by marketing factor as well as by
social environment. Existing studies believe that individuals’ health beliefs and social capital (from the
perspective of social interaction) have an impact on self-protection behavior(Chuang et al., 2015; Verroen
et al., 2013). Under circumstances of health threats and social panic, individuals who are uncertain about
the consequences of smog often impulsively purchase anti-smog products toavoidor mitigate the
risk(Wang et al., 2021). Such publicherdconsumption behaviors have been frequently observed when
unexpected events occur. For example, when snowstorm warnings were issued, consumers rushed to
stores and stockpiledexcessive amounts of food.[1]During the severe smog in China, the sales of masks
in online platforms rose sharply, and the sales during the red warning period were 9.3 times the usual.

Being at the intersection between consumer behavior and risk management research(Zheng et al., 2020),
protective behavior towardsbuyinganti-smog products represents a relatively unexplored research area
where purchase decisions for emergency products differ from other usual consumer behaviors(Samson &
Voyer, 2014). Hence,understanding the causes and their importance has important theoretical value and
practical implication. The 2020 surge in the discussions on protectivebehavior was triggered by the
COVID-19 pandemic.Zickfeld et al.(2020)investigated the demographicandpsychological factors that
in�uence the public to adopt protective behaviors, as well as the changes in attitudes and emotions over
time. through online questionnaire after the onset of COVID-19 epidemic in Slovenia, Terpstra
(2011)explored the relationships between information seeking, perceived credibility of information
sources and individuals' engagement in self-protective behaviors.However, current literature of protective
consumption behavior is quite limited and only a few have directlyexamined the causes of purchase
behavior under crisis(Yuen et al., 2020).

Various factors may play a role in the occurrence of protective consumption behavior in different crises.
Risk exposure signi�cantly in�uences the public’s responses to potential and existing threats(X Pan et al.,
2019). Peoplelivingin high hazard areas are more likely to adopt risk mitigation measures than those
living in lower earthquake probability(Lindell & Prater, 2002). In the context of air pollution, personal risk
exposure has consistently been con�rmed to impact public risk perception which might inducecoping
behavior and even panic buying(Zeidner & Shechter, 1988).Highly polluted areas are not
exemptedfromherd buying of anti-smog products due to reduced visibility and physical discomfort
caused byhigh PM2.5 concentration.Among all the contributing factors of smog, coal-dominated energy
structure is the worst offender.For instance, poor air quality occurs yearly in Poland when houses and
buildings require heating(Woźniak et al., 2020); the Huai River heating policy in China provided coal-
based heating for cities north of the river, greatly increasing the pollution in these cities (Almond et al.,
2009). In addition, the industrialization and urbanization will affect the air pollution levels of cities, for
example, the famous 1952 London smog incident and the 1955 Los Angeles smog crisis are two typical
cases.

Such factors may exacerbate people’s perceived threats through media communication(Naeem & Ozuem,
2021). The social ampli�cation of risk discussed by Kasperson et al. (1988) refers to the effects of the
broader psychological, social, institutional, and cultural processes affecting people’s perception and
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behavioral responses. Social information about risk is also an important explanatory variable for the
public’s coping behaviors. Media-transmitted information can amplify the risk and social effect not only
by evoking personal experiences, but also by in�uencing those without such direct exposure(Shaw et al.,
2004; Wachinger et al., 2013). The o�cial reports and non-government information (refers to information
posted and disseminated on social media in this study) have also been considered critical predictors of
responses to environmental disasters (Lindell & Hwang, 2008). For example, Grothmann and Patt (2005)
found that risk perception and response behavior regarding climate change are shaped by the
information disseminated by the media. The work of Terpstra (2011)found that medical professionals
and scientists received relatively higher degree of credibility than mass media and o�cials when
individualsadoptedpreventive and protective behaviorduring COVID-19 pandemic.Wang et al. (2021)used
air pollution-related media,including reports from authorities and social mediato predict people’s
perceived threats to air pollution.Further, the negative emotion of risk, such as depression, fear of
unknown, and collective stress also impacts the public’s response, compensatory control theoryconsiders
the purchasebehaviortowardspersonal protective equipment as a way to compensate for the social
presence, because the fearappealisknownasin anticipation of seeking affection, acceptance, and social
information(Addo et al., 2020).The social-interactive in shopping may lead to panic buying,which can
help individuals regain a sense of “normalcy” and tide over the health crisis(Benight & Bandura, 2004).

Althoughprotective consumption behavior is often emotionrelated(Eysenck et al., 1985), the public must
still consider product-related factors in the decision to purchase anti-smog air puri�ers. The puri�er
market was not mature in China in the early years, and the price was much higher than that of masks, the
public’s purchase of puri�ers still requires a certain degree of cognitive effort and information search(Wu
et al., 2017). Brand image plays an important role in winning the favor of consumers in market
competition (Anwar et al., 2011). Effective marketing communications, such as advertisements can
increase consumers’ familiarity with the brand and reduce the cost of information search for
consumers(Dahlén et al., 2009; Im et al., 2016). Correspondingly, the word-of-mouth of a product,
especially recommendations from peers, can increase the trust for a product. Another factor that must be
considered when making a purchase is product price. Pan et al. (2020)unveiled that household income
signi�cantly affects consumers’protectiveconsumption intention as hurricanes approach.

With smog crisis, unlike some natural hazards (e.g., earthquakes, �ood), the public have some time to
prepare, given that smog is a gradual risk and evolves regularly over time. The other avoiding behavior
and alternative mitigation options are allowed because individuals can gather enough information and
afford sometime cost. Therefore, the sales of air puri�ers tend to be higher on some promotional days
and festivals. However, ultimately, the individual can only do so much to maintain rationality and must
submit to his/her inability to tolerate further health threats and collective stress.

Most studies focused solely on factors ofa single dimension or some without simultaneously considering
all factors in a complex environment. Therefore, their potential interdependencies have not been
discussed with the use of probabilistic and graphical models. Ultimately and moving beyond the previous
studies that help explain health protective behavior towards buying anti-smog products, the proposed
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approach in Section 3 may be useful in understanding the causes as to why consumers impulsepurchase
air puri�ersfollowing a smog. The remainder of this study will present the results of the relative
importance of factors to the public’s protective consumption behavior over the 2016/2017 timeframe in
China.

 

3. Materials And Methods
3.1 Bayesian Network (BN)

Bayesian network is based on Bayesian statistical methods, which could �t the nonlinear and complex
interactions among variables (Sener et al., 2019). BNs have been extensively explored in earlier studies
especially in risk and uncertainty-related application areas due to their advantage in identifying and
assessing the impact of factors in different what-if scenarios. On the one hand, BN employsa
probabilistic reasoning to capture the network characteristic and distributionwhich is in line with the
nature of risk analysis(Aven, 2017; Shortridge et al., 2017). On the other hand, BN provides a graphical
representation of complex relationships among factors, and decisionmakers can identity critical
components because the model helpsvisualize the propagation impact of the variable, that is how a
change of interested variable impacts other variables across a network(Kabir & Papadopoulos, 2019).
Owing to the feature and advantage of BNs, previous study has assessed the critical components and
risk forecasting (Adedipe et al., 2020; Ale et al., 2014; Aven, 2016). For instance, Simsekler and Qazi
(2020) identi�ed organizational factors of patient safety errors to help managers to prioritize them on the
basis of their importance.

A BN model is a probabilistic model of directed acyclic graph.The model comprises a set of nodes
representing variables and arcs that either represent causality or statistical dependencies among
interconnected variables (Hanea et al., 2018). The strength of dependencies among interconnected
variables is captured through probability distributions. The directed links (A→B, B→D, C→D) in Fig.1
represent the dependence of indicators on the target variable,and past beliefs on uncertain variables are
e�ciently updated with the evidence against distinct sources in the network.

This method has one major limitation. Empirical data and expert judgment can be used to construct a BN
model(Hanea et al., 2018), however, in most scenarios the data are scarce or even unavailable, thus
expert judgment is a more popular approach in existing literature although it is quite challenging (Werner
et al., 2017). To explore the application of BNs in the healthprotectivebehavior �eld with a unique survey
dataset, this study used a data-driven approach to obtain conditional probability distribution and develop
our BN model.

3.2 Dynamic Bayesian Networks (DBN)
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Another limitation of BN is that it is static and unsuitable for representing dynamic relationships among
variables. A DBN is a derivative of the static BN by adding the time dimension, which can capture the
temporal relationships and predict the future probability of a variable using prediction inference.
Nowadays, DBNs are widely used to model dynamic processes in many other �elds, such as resilience
assessment(Tong et al., 2020), reliability assessment(Rebello et al., 2018), and others. Protective
consumption behavior is susceptible to a variety of factors when faced with unexpected events, irrational
herd buying behavior is prone to appear under collective stress, leading to abrupt changes in demand and
then substantial stock-outs, increasing-price.However, health protective behavior may emerge as
intervention ineffective if all the causes are treated with equal weight, and identifying the most critical
variable is necessary. The nature of variables is dynamic and then the protective consumption behavior
evolves over time. Hence, DBN was utilized to capture this temporal nature and identify the most
important causes/variables. This study mainly aimed to visualize the complex relationships among self-
protective behavior causes and identify critical causes to prevent and mitigate unreasonable behavior.
Although BN can meet the requirement of identifying causes, it fails to explain the dynamic relationships
among variables and even ignores time-related factors. Thus, we proposed a DBN model to achieve this
goal.

A DBN comprises multiple BNs (referred to as time slices), the process in a DBN is stationary and the
network structure repeats after the 2nd time slice, so the variables for the slices t = 2, 3, ..,T remain
unchanged. The dotted lines are forward moving between the successive time slices and can never go
back to the prior time slices. Fig.2shows a simple DBN of three timeslides. The blue nodes (indicators)
are the parent nodes of the red nodes (target variable) in the same time slice, and the probability of the
target variablealso depends on its valuefrom prior time slices.

3.3 Data Sources

In this study, we evaluated the impact of factors on health protective behavior towards buying anti-smog
productson the basis ofBN. As described above, the protective consumption behavior is affected by the
following fourdimensions and 13 variables (including time dimension), as shown in Fig.3. Several
continuous variables, including the number of reports (report) and media information (media_n), product
price (price) and air quality (PM2.5) were discretized in subsequent model settings. For categorical
variables, we followed the original number of categories, for example, media_emotion is a binary variable,
then, we assigned two states to this variable (positive and negative) to maintain a low complexity of the
network, while we assigned four states to the variables, such as CPI and season, coded as 4, 3, 2, and 1.

Given the variationof smog in each city of China, we targeted �ve cities (Beijing, Chengdu, Shijiazhuang,
Shanghai, and Xi’an) and �ve product brands (Xiaomi, Midea, Panasonic, Philips, and Blueair) as our
sample. The data include four parts as shown in Fig.4.We collected the variables included in the model
from exclusively renowned literary publications. The four dimensions have been proposed ensuring a
good coverage of the in�uencing factors of the purchase decision for anti-smog air puri�ers. To reduce
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the overlap among variables, we exerted substantial effort to remove duplicate variables.This led to a
condensed list of indicators.

The �rst part is the media-related data which wecollected using the Python algorithm. We used the key
words, such as “smog,” “PM2.5,” and “air pollution” to search for news reports from authoritative media
agencies, such as China Daily, CCTV (China Centre TV), and other o�cial media. As for social media, we
selected SINA micro-blog, the most popular social platform in China, as data source of media-related
indicators. We collected all the o�cial microblog using key words above and recorded the release time of
each post. The media_n is represented by the number of comments, and for media_emotion, we used text
sentiment analysis method on the basis of word vectors to identify the sentiment polarity of online
comments. During data preprocessing, we only deleted duplicate comments and comments with only
emoticons. Given the characteristics of the Chinese language, we must perform word segmentation for
text data. In thisstudy, we used the package jieba[1] of R language for word segmentation.

The second is the city-related data, including air quality (PM2.5) and city inherent index (urbanization
rate, population density,and consumer price index (CPI)). We collected the air quality data of �ve target
cities from the o�cial website of the China National Environmental Monitoring Center, and obtained the
data of other three indicators from the Statistical Yearbook and Government Annual Report.

As for the product-related data, we collected the data of sales and prices of �ve target air puri�ers brands
from Taobao and Tianmao, which accounted for about 70 per cent online market share. We selected
Xiaomi, Midea, Panasonic, Philips, and Blueair selected because of their popularity among consumers,
and they also have a wide price range (low, medium and high prices) of air puri�ers. The unit of original
data we obtained is one week, thus in this study, the analysis unit of dynamic variables is one week.
Similar to the variable media_n and media_emotion, we measured word-of-mouth and brand popularity
using online product comments. We used Python to crawl the comments text of each brand of the online
shopping platform, the number of comments re�ect the brand popularity, and the sentiment polarity of
comments text can represent the word-of-mouth. Another variable is brand value, the data arefrom the
2017 Brand Finance Global 500. On the basis of the value ranking of �ve brands, we divided them into
three levels: high, middle, and low. Ultimately, brand value and word-of-mouth are three categorical
variables, andbrand popularity is a continuous variable.

Finally, we also selected three time-related variables as a supplement to the DBN model. Festival and
promotion are binary variables, if the data node contains festival or promotion days, the value is 1. The
season has four states, namely, spring, summer, autumn, and winter. All data are from July 2016 to July
2017. The dataset includes 1,400 pieces of data, including peaks and valleys of air puri�er sales.

 

4. Results
4.1 BN
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We developed the BN model in GeNIe(academic version)and testedsix discretization schemes for
continuous variables, as shown in Table 1. We adopted the Bayesian search algorithm to establish the
sensitivity of discretization states and to provide insights into decision making for further analysis.
Resultantly, the accuracy rate of each scheme can be computed by a constructed confusion matrix, which
is an output of the prediction capability of model. We divided the accuracy rate by the number of correct
predictions by the total number. Further, we validated the BN model through k-fold cross-validation, this
process divides the dataset into k parts of equal size, and run k times with the data of k-1 parts as the
training set and the left part as the testing set (Marcot & Hanea, 2020). On the basis of the size and
common practice, we set k=5 in this section and following this, the Scheme 4 captured more information
on the original continuous variables distribution and highest accuracy rate.

Table 1. Sensitivity of the Prediction Ability of BN with Different Discretization Schemes

Discretization Scheme
(Number of States)

sale price pm2.5 media-
n

brand
popularity

report accuracy
rate

Scheme 1 2 2 2 2 2 2 0.722

Scheme 2 3 3 3 3 3 3 0.726

Scheme 3 4 4 3 3 3 3 0.717

Scheme 4 4 4 4 4 4 4 0.792

Scheme 5 5 5 4 4 4 4 0.774

Scheme 6 5 5 5 5 5 5 0.742

Fig.4shows the structure of the BN model,which comprises 12 nodes, including 11 factors that could
in�uence engagement in protective behavior, and the study objective—purchase decision of anti-smog air
puri�ers (i.e., sales of each product for each city). InFig.4, the ovals denote thecauses and sale (yellow) of
this project, and arrows re�ect causality among different variables. One can see that all of theidenti�ed
variables can directly or indirectly affect the results of the �nal product sales. The probability distribution
of factors associated with sales is shown in Fig.5. Regarding this model, 22% of the cases were
associated with the State 4 (high) of protective consmption. The underlying distribution was highly
skewed in the case of PM2.5, whereasothers were uniform distribution.

4.2 DBN

Generally, the protecitveconsumption phenomenon tends to be a process rather than a state; thus,
considering the behavior variation of the public can be important. BN is unable to account for the time-
related factors (festival, promotion, and season) in the analysis as they are limited to static systems. In
this section, we propose a DBN to assess the protecitveconsumption behavior in a dynamic manner.

On the basis of the previously constructed BN structure, we have added three time-related variables to the
DBN, andestablished the DBN of a protective beheavioras shown in Fig.6. Among the variables,
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urbanization rate, population density, and CPI remain constant with time of concern. WE assigned them
unconditional probability tables that do not change throughout the analysis. Dynamic variables,
meanwhile, are varied by time, and consequently their state changes with time. For the sake of the study,
we set each month as a time slice, and then t=12. The dynamic links/arcs, that join the temporal
variables represent changes over time among the variables. The single digit numbers on the links and
self-rolling arcs imply the temporal delay of in�uence (Khan et al., 2020). For instance, a link labeled as 1
between the variables PM2.5 and report imply the in�uence that takes one timestep. In the DBN, we
assigned CPTs to variables that have father nodes in the same or different time slice. For example, we
assigned “CPI” CPT that considers their father nodes (i.e., urbanization rate), whereas we assignedeach
dynamic variable (i.e., variable that has atemporal arc) a CPT that considers the variable itself at a
previous time-slice. Given that this paper takes a data-driven approach, we can obtain CPT through
learning.

The BN can also be employed in a backward analysis and provides a tool to identify the most vulnerable
root cause(Kammouh et al., 2020). We set evidence of a protective consumptionbehavior (p(S4)=100%),
andcalculated the posterior probability of all the root causes. Fig.7 shows the increase of all the root
causes after providing the protective consumption behavior evidence. Overall, the results showed that
PM2.5, price, and season are the three leading critical factors in the back propagation impact assessment
given the protective consumption in the “s4” state.

Finally, we conducted a sensitivity analysis for the seven variables with four states to identify
sensitivevariables in the DBN model, the results of whichare shown inFig.8. Sensitivity assessment of
factors can help prioritize factors for decision making (Aven, 2019; Hosseini & Ivanov, 2019).The
steepness of the slope can identify the most sensitive causes. The higher the steepness, the more
sensitive the cause. We identi�ed factors PM2.5, report, and price as sensitive factors. On the basis of
theaforementioned importance analysis (Fig.8), we marked PM2.5 and price as critical variables because
each of them had a relatively high degreeof impact on the health protective behavior towards buying anti-
smog products, the two variables have a high level of sensitivity in Fig.8,which con�rms the strength of
the proposed approach to identify the most vulnerable causes. Less vulnerable causes are found to be
almost horizontal, such as brand popularity, CPI, and media_n. For the variable season, if considering the
period from summer to winter, (i.e., s2→s4), the season also has the steeper slope. The sensitivity
analysis of other non-four-category variables is not shown in the �gure. For the media_emotion with only
two states (positive or negative), the change in the probability distribution of protective consumption is
up to 21% concerning the extreme two states. In addition, the probability changes about 16% for word-of-
mouth.

5. Discussion
Several factors may in�uence thehealth protective behavior towards buying anti-smog air puri�ers. Using
online sales data,we proposed BN and DBN model to explore four dimensions of factors and their
interdependencies and relative importance towards protective consumption. Our results revealed that the
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factors,including smog concentration (PM2.5), product price, season, and media-related factors (report
and media emotion) are critical factors with respect to protective consumption of air puri�ers.

In the literature, media-related factors have been discussed as contributing factors to the health self-
protective behavior. Speci�cally, media-related factors (e.g., o�cial report and emotion) is a trending
topicthat its role on herd behavior, including impulse buying and health protection behaviorhave
beeninvestigated widely in various risk scenarios(Naeem & Ozuem, 2021). Forinstance, information from
o�cial channelsis signi�cantly positive to the adoption of protective behavior, such as the purchase of
�ood insurance(Lindell & Hwang, 2008).Evidence from China showed that individuals are likely to be
affected by government and non-government advices, the information from later is easier to form a herd
effect and in this process, protective consumption of air puri�ers has become an inevitable phenomenon
as the smog intensi�es and the information is spread through the media(Wu et al., 2017).Although social
media has become an increasingly widespread source of news, o�cial reports remain the core framework
for health emergencies (Dry and Leach, 2010). The results of this paper may point to a new �nding that
the number of o�cial reports and social media emotion together drive protective consumption behavior.

Smog concentrationis an important factor to be found as a critical one affecting protective consumption
behavior. Air pollution is generally most extremein winter, and the increase in PM2.5 concentration entails
reduced visibility and respiratory diseases(Forsyth, 2014). These risk exposures have signi�cantly
attracted the attention of the public and has become a wide-ranging issue, which induces engagement of
protective consumption.Further, recent empirical studies also showed that individuals search more online
for anti-smog products, including masks and air puri�ers when PM2.5 increases(Liu et al., 2018).
Especially along with air pollution deteriorates and even exceeds the warning threshold, the sales of anti-
smog products would be doubled. Other previous �ndings on protective behavior against air pollution
also support our results(Graff Zivin & Neidell, 2013; Sun et al., 2017).

Correspondingly, many studies support the cost has negatively affects the adoption of protective
behavior(Chang & Wildt, 1994). The protective consumption behavior in this article differs from general
protective behavior or stockpiling buying. In our study, the air puri�ers have higher prices as durable
household goods rather than consumables, such as masks(Dianshu et al., 2010), the price is an
important factor when making a purchase decision. Although the herd effect still exists, this herd buying
phenomenon is more obvious when the price is lower.

The results of this study contribute to the �elds of evaluating factors and their impact on protective
consumption behavior when the public faces air pollution. Compared with other studies that have
focused on partial factors that in�uence engagement in self-protective behavior, in this study, we
identi�ed the factors with four dimensions and analyzed the interdependencies of these factors using a
BN model, and then we quanti�ed the importance and sensitivity of the different factors. In previous
studies, the impact of factorsfor the protective behavior towards buying anti- smog air puri�erswere
typically measured on the basis of regression analysis and the interdependencies of factors receive less
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attention. In this study, we integrate the direct and indirect impacts of factors in the importance
evaluation using a network-based perspective.

In addition, this studyadoptsa data-driven BN approach to provide signi�cant insights into the relative
importance of the factors for protective consumption behavior. To our knowledge, this is the �rst study
evaluating a DBN model in this particularhealth protective consumption context. Identifying the
importance of related factors is essential for government and suppliers toregulate unreasonable behavior
and balance market supply and demand. In this study, the data-drivenDBN model has implicationon
using real-time and dynamic data to analyze protective behavior regarding the factors’ relative
importance. Traditional methods for impact evaluation of health protective behavior generally focus on
the subjective risk perception of public. The statistical approaches might have failed to identify complex
relationships between multidimensional factors and target variables because of the limitations in validity
and reliability in a survey data. A DBN model represents either causal probabilistic relationships or
statistical dependencies among interconnected variables. Further, when dynamic features are exploited,
the DBN analysis goes beyond basic static analysis and potentially reveals deeper insights and valuable
�ndings.

Finally, the results of this study offer insights into the evolution of health protective consumption process
considering the time-varying factors by DBN model. A key factor for improving public response to harmful
smog crisis is to develop a better understanding of how individuals’ protective consumption behavior
�uctuates over time. This is essential to identify which periods are most at risk and serve as guidance to
intervene and reduce irrational herd behavior.

Fundamentally, the �ndings of this study can help government and suppliers better understanding the
public’s health protective behaviortowards buying air puri�ers. First, we summarized factors of four
dimensions that may lead to protective purchase behavior under smogon the basis of a literature review.
These factors can be used as a checklist to identify the potential predictors of protective behavior.
Acomprehensive identi�cation of protective consumption behavior can help government design
communication strategies and suppliers adjust product supply and sales plan. Second, we con�rmed the
effectiveness of theBN for evaluating the relativeimportance of factors with respect to protective
consumption behavior. Practitioners can focus on theidenti�ed critical factors and take appropriate early
interventions. Finally, the BN approach can also be used to predicttheevolution of health protective
behavior. Institutions and managers can make effective predictions on purchase decision for protective
products under the risk of smog by utilizing alarge amount of objective data rather than survey data.

6. Conclusions
In this study, we use a BN to evaluate certain impacts of factors on the health protective behavior of
purchasing anti-smog air puri�ers under severe smog, with consideration given to the dependencies
among factors. To investigate the evolution of protective consumption behavior under the smog scenario,
we develop a DBN model on the basis of the proposed BN, where in we explore theprotective behavior of
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buying air puri�ers and related factors that could incur these behaviors in successive time slices. This
study effectively identi�es critical factors that signi�cantly affectprotective consumption behavior.
Although many factors affect protective consumption behavior under risk, practicing government and
product managers must prioritize them regarding their importance.

Utilizing the week-level aggregate empirical data from multiple sources, adoption of the data-driven BN
and DBN model revealed that PM2.5 and price are the leading factors that driveprotective consumption
behavior. Additionally, we �nd that media-related factors have the medium level of impact on the buying
of air puri�ers. We expect that the �ndings of this study contribute to the body of knowledge regarding
protective consumption behavior evaluation and intervention irrational group behavior. Future studies
may also integrate data not only from providers but also from consumers to investigate how consumers’
perception is related to protective consumption.

A few limitations must be acknowledged. First, the aggregate data for model learning is based on a
weekly scale; therefore, more �ne-grained time scale may provide more timely and rapid decision-making
guidance in the relative importance ranking of the factors. Second, the study is based onthe data from
the online sales of air puri�ers, the generalizability and transferability of the results to other anti-smog
products (for example, masks or even some anti-smog foods)may be limited. Additionally, the main
�ndings of this study have not been validated in data sample of other cities or countries. Therefore,future
research couldalso investigate the effectiveness ofthe proposed model in different anti-smog products or
countries to help create a more holistic conclusion regardingthe interdependencies between
in�uencingfactors andprotective consumption behavior.
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Figure 1

Generic BN

Figure 2

Simple DBN over three time periods
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Figure 3

Factors in�uencing the occurrence of protective consumption behavior
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Figure 4

Network structure of BN of sales of anti-smog air puri�ers

Figure 5

Probability distribution of factors associated with protecitveconsumption behavior
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Figure 6

DBN of protective consumption considering time factors

Figure 7

Back propagation impact assessment given the protective consumption in “s4” state
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Figure 8

Sensitivity analysis of root causes given the protective consumption in “s4” state


