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A B S T R A C T   

The effectiveness of social distancing and other public health interventions for containing the COVID-19 
pandemic has been demonstrated. However, whether and how Internet use behaviours can lead to enhanced 
self-protection and reduced transmission when considered in conjunction with behavioural interventions remains 
unclear. This study investigated the strength of effective Internet behaviours and its interaction with global 
public health interventions for controlling the COVID-19 pandemic. We conducted an econometric analysis of 
multisource infection and policy information, Internet behaviour, and meteorological information from world
wide in a 3-month period. People’s Internet behaviours may contribute crucially to pandemic containment. 
Furthermore, they may help enhance the effects of public health interventions, particularly behavioural in
terventions. We discussed plausible mechanisms through which Internet behaviours reduce epidemic spread 
independently or in tandem with behavioural interventions. Further investigation into the heterogeneity of the 
interventions demonstrates Internet behaviour’s significance in heightening the effects of difficult-to-implement, 
primitive crisis orientation, and specific objectives of interventions. Governments should recognise the impor
tance of the Internet and leverage it in managing social crises. Our findings serve as a reference for the 
formulation of global public health policy. Specifically, the insights provided herein can facilitate the imple
mentation of strategies for containing ongoing secondary outbreaks of COVID-19 or outbreaks of other emergent 
infectious diseases.   

1. Introduction 

COVID-19 is both a public health crisis and an information crisis. 
Considerable efforts are required to model and predict the threat of the 
spreading virus and its development pattern, especially in the absence of 
efficient solutions. Moreover, unreliable and low-quality information 
with potentially dangerous impacts might capture more attention from 
the public, contributing to mass hysteria and panic, noncompliance with 
precautionary measures, and unnecessary hoarding of medications 
(Banerjee & Meena, 2021). Thus, many issues of direct relevance to the 
information science field remain unresolved (Xie, Zang, & Ponzoa, 
2020). One such concern is the role of the Internet in interventions. 
When the public faces uncertainties arising from the pandemic spread, 
access to up-to-date information on the latest developments and pre
cautionary measures is necessary for easing anxiety and facilitating self- 
protection. When the pandemic spread is rampant, informed individuals 

adopt measures to protect themselves more readily than uninformed 
individuals (Chen, Min, Zhang, Wang, & Evans, 2020). In this regard, 
the Internet may serve as an effective channel through which instant 
access to information is provided. 

For its convenience and ubiquity, the Internet may exert negative 
effects on public awareness during a pandemic through a mechanism 
called an infodemic. This phenomenon is defined as an overabundance of 
information that makes it difficult for people to find trustworthy sources 
and reliable guidance when they need it (Islam et al., 2020; Islam et al., 
2020). Spreading false or misleading information may prevent the 
timely and effective adoption of appropriate behaviours and public 
health recommendations or measures (Waszak, Kasprzycka-Waszak, & 
Kubanek, 2018). Moreover, relatively often, the propagation of such 
information reinforces multiple and conflicting mental models of virus 
conspiracies (Bunker, 2020). Although the role of Internet use in this 
context has been acknowledged and discussed from both academic 
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(Alamsyah & Zhu, 2021; Al-Surimi, Khalifa, Bahkali, EL-Metwally, & 
Househ, 2017; Bunker, 2020; Galaz, 2009; Sharma, Yadav, Yadav, & 
Ferdinand, 2017) and practitioner perspectives,1,2 empirical evidence of 
its complex roles as a contributor to pandemic spread is lacking. Some 
studies have found a positive association between the onset of pandemic 
spread and Internet use behaviours (Chiou & Tucker, 2020; Effenberger 
et al., 2020; Kummitha, 2020). However, whether and how Internet use 
can strengthen or reduce self-protection and lower transmission risk, 
when considered in conjunction with behavioural interventions, re
mains unclear. Herein, effective Internet use refers to counterinfodemic 
Internet use. Conversely, ineffective Internet use subscribes to the ex
istence of an infodemic. 

Although studies have confirmed the effectiveness of various gov
ernment interventions during COVID-19 outbreaks (Kraemer et al., 
2020; Tian et al., 2020), few have examined the combined effects of such 
interventions and Internet use. The central research question of this 
study is: How does public Internet use operate alongside intervention 
policies to slow pandemic spread? We postulated that the mechanism 
governing the Internet use–intervention policy association can be 
explained from the social learning theory perspective, which views 
human behaviour in terms of continual interactions between cognitive, 
behavioural, and environmental influences (Bandura & Walters, 1977). 
Behaviour is learned and updated through interaction with and obser
vation of others. We predicted that Internet use would exert the opposite 
effects on pandemic spread. 

We employed an econometric model with a quasi-experimental 
design as a basic setup to assess the association between the effects of 
intervention policies and the joint effects of Internet use across coun
tries. Specifically, we assembled a unique data set containing informa
tion on Internet usage from M-lab,3 a worldwide network diagnostics 
website, Internet search data from Google Trends,4 and behavioural 
intervention policy data, as well as data on daily confirmed cases on 100 
countries. The primary dependent variable in the base model was the 
ratio of the number of newly confirmed cases to the total number of 
confirmed cases in the previous day (Confirmrate). We used a time- 
varying variable, Sum_Intensity, to represent the number of in
terventions each country implements on each day. On the basis of these 
variables, we constructed a panel model under the interrupted time 
series framework (Cavusoglu, Phan, Cavusoglu, & Airoldi, 2016), which 
enabled the analysis of how Internet use may operate alongside inter
vention policies in slowing pandemic spread. Furthermore, we explored 
various types of interventions and exploited the heterogeneous joint 
effects of Internet use. Our quantitative results revealed that effective 
Internet use significantly reduced pandemic spread, whereas ineffective 
Internet use exerted a negligible effect. Focusing on offline policies and 
online information diffusion over a specific period, our analysis high
lighted the potential interactions between online and offline behaviours 
during a crisis. Regarding the heterogeneity of interventions, effective 
Internet use significantly strengthened the effects of difficult-to- 
implement, primary crisis orientation and interventions with specific 
objectives. 

The contributions of this study can be categorised as follows. First, 
we identified the mechanisms of Internet use in tackling the COVID-19 
global health crisis. The extent to which a society feels threatened by 
uncertain attempts to retrieve information also affects the response of 
that society to the COVID-19 pandemic. Second, we employed social 
learning theory in a cross-country context, observing that Internet use 
moderates policy effects consistently across countries. Third, the 

findings enrich the stream of research on public health crisis manage
ment in extending the context to Internet use in general. 

2. Literature review 

2.1. Internet use and health crisis management 

Relatively few studies have directly examined Internet use in health 
crisis management. Notably, Pierewan and Tampubolon (2014) re
ported that individual Internet use was not associated with well-being 
but was during periods of crisis. Social media, applications that enable 
people to share information through the Internet, constitute an indis
pensable part of Internet use (Denecke & Atique, 2016). The role of 
social media in health crises and emergencies has garnered intense in
terest (Alexander, 2014; Chen et al., 2020; Elbanna, Bunker, Levine, & 
Sleigh, 2019; Oh, Agrawal, & Rao, 2013). As Alexander (2014) sum
marised, social media fulfils three functions: listening, monitoring, and 
integration into emergency planning. Studies have confirmed that social 
media provides easy access to health-related information, empowering 
the public to evaluate relevant risks and manage global health concerns 
(Alexander, 2014; Soroya, Farooq, Mahmood, Isoaho, & Zara, 2021; Yu, 
Li, Yu, He, & Zhou, 2021). For example, Twitter has been used to 
disseminate information on the number of casualties and the amount of 
damage sustained during Zika crisis, as well as educational content. 
(Glowacki, Lazard, Wilcox, Mackert, & Bernhardt, 2016). In response to 
global public health crises, social media users typically produce and 
share health-related information available through local and interna
tional sources (Abbas, Wang, Su, & Ziapour, 2021). Healthcare pro
fessionals and governments can leverage social media to contain and 
manage the adverse consequences of public health crises (Ho, Chee, & 
Ho, 2020). These studies have focused on how social media has been 
used by emergency managers and government agencies (Lindsay, 2011) 
to facilitate effective communication. Specifically, examining the types 
of interpersonal communication during health crises serves as a refer
ence for organising information exchange on the basis of social media 
(Gong & Ye, 2021). 

The role of social media in the ongoing COVID-19 pandemic has 
mostly been observed at the individual level (e.g. Farooq, Laato, & 
Islam, 2020; Kim & Hawkins, 2020; Oh, Lee, & Han, 2020). A global 
view of its role at the national level is lacking. Moreover, the contri
butions of websites, online search, and other Internet-based channels 
through which information is accessed should be investigated. Consid
ering its continual growth, including innovative developments such as 
contact tracing applications, the Internet plays an increasingly relevant 
role in disaster management. Kavanaugh et al. (2012) presented rec
ommendations for governments to improve their services and enhance 
communication with the public. There is an increasing demand for a 
thorough understanding of the role and type of the general Internet use. 

The potential of the Internet to convey accurate health-related in
formation and advice has not yet been fully realised. Recent publications 
in the health crisis management literature have examined information 
from social media but have ignored their joint effects with offline in
terventions (Abbas et al., 2021; Alexander, 2014; Soroya et al., 2021; Yu 
et al., 2021). Integrating online and offline data is critical for deter
mining the interdependence between policy and online information, 
which in turn facilitates the development of effective targeted in
terventions during crises (Feng & Kirkley, 2021). Moreover, integrating 
online behaviours with offline data can provide more practical insights 
into predicting and controlling crisis situations (Feng & Kirkley, 2021). 
Therefore, the first specific research question of this study is as follows: 
How can online information complement offline interventions during a 
health crisis? 

2.2. Social learning and the infodemic 

Social learning theory can be referenced to explain how Internet use 

1 https://cio.economictimes.indiatimes.com/news/next-gen-technologies/co 
vid-19-8-ways-in-which-technology-helps-pandemic-management/75139759  

2 https://www.weforum.org/agenda/2015/06/4-ways-technology-can-he 
lp-fight-future-epidemics/  

3 https://www.measurementlab.net/  
4 https://trends.google.com/trends/ 
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may contribute to pandemic development. According to Bandura and 
Walters (1977), human behaviour is learned through interaction with 
and observation of others in a social context. The human learning pro
cess is promoted progressively. First, something in the environment 
captures a person’s attention. The person remembers what was noticed 
and acts under the influence of that element. The environment eventu
ally provides a consequence, either reward or punishment, which 
changes the probability that the action will be repeated. Research on 
social learning theory has been gradually extended to global contexts, 
but relevant studies remain scarce. For example, Liu and San (2006) 
explored international digital divides from the social learning perspec
tive, observing that a country with more favourable social learning can 
reduce heterogeneity among its population and facilitate technological 
diffusion. Haas (2000) identified institutional properties that facilitate 
or inhibit social learning in the management of global environmental 
risks by international institutions. 

Under social learning theory, people who actively or passively 
receive relevant information regarding a crisis through the Internet tend 
to realise the urgency and importance of intervention policies. A deeper 
understanding of the motivation behind and efficacy of an intervention 
leads to greater compliance. During the ongoing COVID-19 pandemic, 
the Internet, or information technology communication in general, has 
enabled people to work and study from home, enhancing social 
connectedness and providing greatly needed entertainment (Sun et al., 
2020). Moreover, researchers have argued that the Internet ‘helps pre
vent the spread [of the pandemic], educates, warns, and empowers those 
on the ground to be aware of the situation, and noticeably lessen the 
impact.’1 In particular, the Internet provides people with instant access 
to pandemic-related information. Individuals who are able to complete 
tasks at work or in their daily lives through digital communication 
(rather than relying heavily on physical contact) may experience rela
tively little difficulty in adapting to interventions such as quarantine and 
social distancing. Notably, Internet-related practices suggest that gov
ernments can increase public awareness by disseminating pandemic- 
related information through social media and websites (Chen et al., 
2020; Farooq et al., 2020). 

Regarding ineffective Internet use, the negative side of the Internet 
involves noise and false information. Specifically, when an emergency 
or crisis occurs, human communication activity is largely characterised 
by the production of informational noise and even misleading or false 
information (Rapp & Salovich, 2018). Therefore, the government and 
public are fighting against not only a pandemic but also an infode
mic—the rapid and far-reaching spread of questionable information. 
Infodemic effects proliferate when credible information sources fail to 
capture the attention and trust of some sectors of the public. These ef
fects then generate large amounts of unreliable and low-quality infor
mation with potentially dangerous impacts on society’s capacity to 
respond adaptively to the crisis (Waszak et al., 2018). In the absence of 
the rapid adoption of pandemic containment regulations and behav
iours, ineffective Internet use can contribute to mass hysteria and panic, 
noncompliance with precautionary measures, and unnecessary hoarding 
of medications. As social learning theory indicates, individuals who 
consume information under ineffective Internet use might follow and 
comply with the false instructions to treat the virus. For example, false or 
misleading news may lead to refusal to adhere to precautionary mea
sures among the general population. People might unthinkingly over
estimate the risk of disease spread as well as underestimate the 
possibility of timely intervention (Bonneux & Van Damme, 2006). 
During crises, the primitive part of the brain usually becomes more 
prominent, prompting individuals to engage in behaviours necessary for 
survival5. However, rumour-led behaviours are often risky and can even 
be life threatening. Furthermore, they can exacerbate pandemic 

situations. Studies have centred on ineffective Internet use; effective 
Internet use has yet to be examined (Bunker, 2020; Islam, Sarkar, et al., 
2020; Islam, Sharp, et al., 2020; Zarocostas, 2020). Herein, we presented 
the importance of effective Internet use (as a measure of information 
quality) in curbing pandemic spread at the national level. Therefore, we 
investigated the following research question: How do the infodemic and 
counterinfodemic phenomena affect pandemic spread? 

2.3. Interaction between internet use and intervention policy  

(1) Intervention Policy and Pandemic Spread 

Numerous studies have confirmed that government interventions 
during pandemic outbreaks are critical to the protection of public health 
(e.g. Li et al., 2020; Munster, Koopmans, van Doremalen, van Riel, & de 
Wit, 2020; Paules, Marston, & Fauci, 2020; Tian et al., 2020; Wu, Leung 
and Leung, 2020). During such crises, containment policies such as 
travel restrictions, quarantine, and social distancing are implemented to 
minimise potential contact between the infected and the uninfected. 
Governments have also introduced various nonpharmaceutical mea
sures that have been largely overlooked in the literature, including the 
provision of financial support to medical equipment manufacturers and 
pharmaceutical companies; price gouging reductions; and providing 
psychological counselling services to the public (Ragonnet-Cronin et al., 
2021). These measures may restore economic and social order, thus 
enhancing social support and the ability of the healthcare system to 
control the outbreak. They may also raise public morale. 

Thus far, most investigations evaluating intervention policies against 
COVID-19, particularly empirical studies (e.g. Hsiang et al., 2020), have 
been limited to a few countries. Understanding of such interventions on 
a global scale is warranted. For example, Wu et al. (2021) explored three 
distinct COVID-19 response strategies adopted by eight countries, 
concluding that aggressive containment was the optimal approach to 
limiting the loss of lives and livelihoods. Duhon, Bragazzi, and Kong 
(2021) employed multiple regression to reveal correlated predictors of 
COVID-19 spread, observing a strong association between climatic 
variables and the initial growth rate of COVID-19. Chernozhukov, 
Kasahara, and Schrimpf (2021) empirically examined the impacts of a 
behavioural policy impact in the United States. Pandemic research from 
cross-country perspectives is pivotal. Moreover, the heterogeneity 
among intervention policies merits comprehensive analysis. Three 
undervalued characteristics, namely difficulty of implementation, policy 
objectives, and primary or secondary crisis orientations, are discussed in 
the following section.  

(2) Joint Effects of Internet Use and Intervention Policy 

Internet use may affect epidemic spread independently or in tandem 
with behavioural interventions through several plausible mechanisms. 
First, as social learning theory suggests, public participation can initiate 
the learning process, which translates uncoordinated actions into col
lective actions. Bandura and Walters (1977) emphasised the importance 
of acquiring new knowledge and skills by paying attention, retaining the 
information absorbed, reproducing the observed behaviour, and being 
motivated to continue the newly learned behaviour. Through this pro
cess, individuals may acquire information regarding policy changes at 
the national level in a social context (Stagl, 2006). This is essential for 
understanding public interventions and concerns during the crisis and 
for simultaneously minimising public panic, fear, and anxiety. Re
searchers have noted that the Internet can help improve the capacity of 
government agencies to process crisis-related information and provide 
public services (Chatfield & Reddick, 2017; Graham, Avery, & Park, 
2015). This line of reasoning also applies to accurate online information 
from credible sources. 

Second, Internet use may facilitate a learning process such as that 
described by social learning theory. For example, individuals might 

5 https://www.businessinsider.com.au/why-people-are-panic-bulk-buying- 
during-the-coronavirus-pandemic-2020-3/amp 
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acknowledge, follow, and learn from the cautious behaviours of fellow 
Internet users, such as those who express their concerns about going 
outside and who limit such ventures during pandemic times (Cai, Chen, 
& Fang, 2009). Thus, the effectiveness of government interventions can 
be enhanced. Furthermore, greater Internet use during pandemic times 
leaves less time and opportunity for interpersonal contact offline, thus 
reducing transmission risk. The search for relevant information from the 
Internet enables the public to learn more about the situation of an 
epidemic or pandemic and to become more aware of its severity and self- 
protection measures. With the understanding of the rationales for in
terventions such as social distancing, the public may also be more likely 
to comply with relevant requirements. In addition, due to the dissemi
nation of information through the Internet, the larger the proportion of 
the population that gains access to pandemic-related information, the 
higher the likelihood that the remainder of the population will also 
become aware of interventions and related information is. Repetitive 
exposure to information regarding intervention policy familiarises in
dividuals with relevant policy guidelines, promoting sustained compli
ance with the intervention (Barabas & Jerit, 2009). 

Overall, because the Internet has become the most essential channel 
through which the public accesses information, awareness and 
engagement are crucial to pandemic containment. The effects of effec
tive Internet use on pandemic containment merits investigation.  

(3) Heterogeneous Effects of Internet Use on Various Intervention 
Policies 

During a pandemic, governments implement various policies to 
contain the spread of disease. Such policies may be classified in distinct 
categories. McDonnell and Elmore (1987) designed a framework to 
delineate four categories of policies: mandates, inducements, capacity- 
building, and system-changing. They attempted to find a fit between 
problem and policy as well as basic conditions enabling successful policy 
implementation. Schneider and Ingram (1990) identified five categories 
of policies according to relevant behaviour restrictions: authority, in
centives, capacity-building, symbolic and hortatory, and learning. 
Herein, we focused on variations in governments’ response to the 
COVID-19 pandemic as well as on the conditions or boundaries of suc
cessful policy implementation. We assumed that each policy would 
possess unique features, among which the Internet gene might play an 
incremental effect. We addressed the following three characteristics 
relevant to the implementation of intervention policies.  

a. Primary and secondary crisis orientation 

The primary crisis caused by pandemics is the threat to people’s 
health and lives. Social and economic crises (i.e. secondary crises) also 
occur. Home quarantine and workplace closure lead to the stagnation of 
economic activities, and travel restrictions and testing requirements 
might generate discontent from certain social groups. Therefore, we can 
categorise policies with the goal of government management: whether 
policies seek to resolve the crisis itself (i.e. the primary crisis) or the 
resumption of regular economic activities (i.e. the secondary crisis). 

As mentioned, individuals rely heavily on the Internet for informa
tion access. Public awareness of the threat and impact of the pandemic, 
promoted through effective Internet use, is integral to their compliance 
with primary crisis–oriented containment policies. Regarding secondary 
crisis–oriented measures, given that only a small proportion of busi
nesses can undergo virtualisation, the effect of Internet use may not be 
substantial.  

b. Different Policy Targets 

Howlett, Ramesh, and Perl (2009) divided policies into informa
tional, economic, authoritative, and voluntary tools. On the basis of this 
framework, we followed Hale, Petherick, Phillips, and Webster (2020) in 

classifying intervention policies into five categories: social distancing 
measures (SDE; e.g. public event cancellations and public transportation 
closures), financial measures (FIN; e.g. fiscal measures, monetary mea
sures, emergency investment in healthcare, and investment in vaccines), 
closure measures (CLO; e.g. school and workplace closures), individual 
movement restriction (MOV; e.g. contact tracing and restrictions on 
domestic and international travel), and public information campaigns 
(INF). 

Internet use might promote compliance with certain types of inter
vention policies. When the public is required to stay at home, infor
mation on suitable protective measures can be accessed through 
effective Internet use, thus reinforcing adherence to intervention pol
icies and facilitating effective containment. However, fiscal measures 
are not linked to personal compliance.  

c. Difficulty of implementation 

The resources required and difficulty level of policy implementation 
may vary. The costs of achieving successful implementation are even 
higher for those involving large-scale group restrictions. Easy-to- 
implement policies, such as public information campaigns, fiscal mea
sures, monetary measures, emergency investments in healthcare, and 
investments in vaccines, have a relatively limited scope and involve less 
public cooperation. Policies that are more challenging to implement, 
such as school and workplace closures, restrictions on domestic and 
international travel, contact tracing, public event cancellations, and 
public transportation closures, often necessitate public compliance. 
Furthermore, the logistics and coordination often involve substantial 
efforts. 

The Internet can reduce the difficulty of implementing such chal
lenging interventions. Through the social learning process, the public 
becomes aware of the pandemic situation and adheres to government 
measures accordingly. Thus, pandemic containment can be improved. 

3. Materials and methods 

3.1. Variables 

COVID-19 situation in every country was measured over time from 
22nd January, when the WHO officially reported the epidemic,6 to 20th 
April. To investigate the effect of public intervention, we considered the 
rate of newly confirmed cases (Confirmrate) as our primary dependent 
variable. Confirmrate was derived as the ratio of newly confirmed cases 
to the total confirmed cases in the last period. The cumulative number of 
COVID-19 was collected from a database maintained by Johns Hopkins 
University. 

After a comprehensive search of potential factors influencing the 
pandemic trend, we also controlled for country-level fixed effects, con
cerning economics (Stojkoski, Utkovski, Jolakoski, Tevdovski, & Kocarev, 
2020)- (including GDP per capita, GDP increase, income class), de
mographic and social (Maaravi, Levy, Gur, Confino, & Segal, 2021; Stoj
koski et al., 2020)- (percentage of the population using mobile, 
individualism culture, unemployment and population density), govern
mental (Moon, 2020; Zhang, 2021)- (including government transparency, 
government responsiveness to change and CPIA economic management 
cluster average from World Bank), hygiene (Lakshmi Priyadarsini & 
Suresh, 2020;Stojkoski et al., 2020)- (including newborn death rate, Global 
Health Security detection index) and mobility (Balcan et al., 2009; Fang, 
Wang, & Yang, 2020; Kraemer et al., 2020)-related factors (including in
bound and outbound traveler numbers), which were collected from United 

6 We excluded China in this analysis since China conducted a nationwide 
public intervention on the first day, i.e. 22nd January, of the epidemic. This 
makes it a special case, and it is difficult to estimate the effect of the inter
vention amidst the development of the epidemic. 
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Nations databases and World Bank Open Data. In this step, 63 countries are 
included in the dataset with all such information. 

As the literature suggests that weather may affect human’s physical 
behaviours (Hsiang, Burke, & Miguel, 2013; Scheffran, Brzoska, Komi
nek, Link, & Schilling, 2012) and epidemic development (Sajadi et al., 
2020; Wang, Tang, Feng, & Lv, 2020), we collected countries’ daily 
meteorological information, including temperature and precipitation 
(the two features have been repeatedly proved to affect the pandemic 
spread in Kubota, Shiono, Kusumoto, & Fujinuma, 2020 and Menebo, 
2020). The data is retrieved from an online global weather website 
Wunderground.com.7 Overall, 58 countries with complete information 
are included in the dataset for analysis. 

We utilized the network traffic and speed data as a proxy of Internet 
use intensity, which was provided by an opensource network diagnostic 
websites m-lab.8 In this study, we extracted daily Internet use intensity 
in the dataset using 546.8 million speed test measurements recorded 
from 144.6 million IPs over the past three-month period. Since the 
dataset provides network traffic throughput during the test period rather 
than the total information load, we calculated the effective data index on 
day t by 

where n is the sample size of a country. For explicitness, network 
throughput refers to how much data can be transferred from source to 
destination within a given timeframe. Throughput is computed for every 
server-to-client test as the ratio of the data transmitted during the test 
and the duration of the test. Fixedbroadbandsubscriptionsper measures the 
fixed broadband technology adopted by the population, expressed as the 
number of subscriptions per 100 inhabitants. To proxy for total Internet 
data, we rectified the measure with broadband capacity among all 
population. Additionally, Infodemic_index9calculates the likelihood that 
a user endorses or engages with online messages pointing to potentially 
misleading sources. This index quantifies if and how users interact with 
circulating information. A high value of Infodemic_index means that a 
large number of users are interacting and retransmitting the potential 
mis-informative content, which reduces the information effectiveness. 
Table 1 and Table 2 provide a descriptive summary of the variables and 
correlation in this study. 

Furthermore, we also consider a two-stage analysis to control for 
potential endogeneity between Internet information and policy in
terventions. For instance, countries with intervention strategies imple
mented may publish the information online, regarding the effectiveness 

Table 1 
Descriptive Information of the Variables.  

Category Variables Definition Mean S.D. Min. Max. 

Pandemic-related 1. Confirmrate (CR) Ratio of newly confirmed cases to the total confirmed cases in the last 
period 

0.19 0.47 − 0.02 10 

2. Effective internet Use (EIU) Effective internet information intensity 0.03 1.07 − 1.41 7.76 
3. Effective Internet Search 
(EIS) 

Effective internet search intensity 0.01 0.61 − 2.17 1.97 

4. Sum_Intensity The sum of the intervention policies 10.45 6.03 0 24 
5. Treat If the country declared the emergency response on each day (yes = 1, no 

= 0) 
0.64 0.48 0 1 

Demographic 6. PCT_mobile Percentage of using mobile among the population 26.57 40.35 0 99 
7. culture-individualism The hofstede score on the dimension of individualism 42.84 21.64 6 91 
8. Unemployment Unemployment rate 6.3 5.69 0 26.96 
9. Population density Population/Area 274.96 1062.31 0 7815.21 

Economic 10. GDP increase Gross Domestic Product Increase 2.72 2.16 − 2.48 7.95 
11. Income Income from low to high, ranking from 1–4 3.1 0.96 0 4 
12. GDP per capita Gross Domestic Product per population 20,011.96 20,585.92 0 96,792.6 

Weather 13. Temperature Temperatures of the day 60.9 17.04 2.6 93.5 
14. Precipitation Precipitation of the day 0 0.06 0 1.99 

Mobility 15. departure Departures of non-resident tourists/visitors 9432.58 17,192.78 0 92,564 
16. arrival Arrivals of non-resident tourists/visitors 12,757.6 20,355.22 0 89,322 

Hygiene 17. deathrate_newborn Infant mortality rate 8.72 9.21 0 33.5 
18. health_index Global Health Security detection index (GHS) 47.43 13.59 20.9 71.1 

Government 19. gov_respo_chang Government’s responsiveness to change, from The Global 
Competitiveness Index Dataset 

3.83 0.85 1.43 6.11 

20. gov_trans Government Transparency, from The Global Competitiveness Index 
Dataset 

0.33 0.93 0 4.5 

21. gov_management CPIA economic management cluster average, from World Bank Data 0.58 1.2 0 4 
Policy 

Heterogeneity 
22. SDE The number of Social distancing-type policies 1.99 1.50 0 4 
23. MOV The number of movement restriction-type policies 4.36 2.20 0 7 
24. CLO The number of closure-type policies 2.34 1.74 0 4 
25. FIN The number of financial-type policies 0.62 0.56 0 2 
26. INFO The number of information campaign-type policies 0.86 0.35 0 1 
27. EASY The number of easy-to-implement policies 1.53 0.75 0 5 
28. HARD The number of difficult-to-implement policies 9.85 5.27 0 18 
29. PRIM The number of primary crisis-orientation policies 7.87 5.12 0 14 
30. SECD The number of secondary crisis-orientation policies 2.58 1.92 0 10  

EffectiveInternetUse =
1
n
∑n

i=1
Throughputi*Fixedbroadbandsubscriptionsper*Population*Infodemic index   

7 https://www.wunderground.com/  
8 https://www.measurementlab.net/ 9 https://covid19obs.fbk.eu/#/. 
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or the propagation of intervention. We attempt to address the problem 
with a two-stage method. In the first stage, we regress the internet use 
(Internet Use and Internet Search) on the policy intensity variable, 
meanwhile controlling for country-level socio-economic factors that 
might determine the development of Internet infrastructures (e.g., in
come class, GDP per capita, percentage of individuals using mobile, 
population, area). These variables are selected based on a comprehen
sive summary of factors influencing citizens’ digital communication. 
Researchers have found that the Intensity of the Internet is significantly 
influenced by government policies, people’s levels of income, education, 
employment, general development and economic conditions (Heshmati, 
Al-Hammadany, & Bany-Mohammed, 2013; Nguyen, Hargittai, & Mar
ler, 2021). Deriving the residuals of regressions, we substitute the re
siduals for original internet behaviour measures in the second stage. 
Following this, the endogenous part in internet behaviours is removed. 

Fig. 1 depicts the temporal trend of the Confirmrate and InternetUse 
before and after behavioural intervention policies. From the plots, we 
can observe that policy change appears to lessen the upward trends 
worldwide. The visual observations provide initial evidence for the 
positive changes brought about by the intervention policies. 

3.2. Single-group interrupted design 

We aim to quantify the difference between when there was the 
administration of intervention policy and when there was no. It is 
necessary to ensure that any failure to disconfirm the association be
tween implementation and outcome is not due to the dubious impact of 
irrelevant other variables. In true experiments, researchers could 
establish that the independent variable precedes the dependent variable 
in time, thus ruling out the possibility that the outcome initiates changes 
in the independent variable, rather than vice versa, which calls for the 
capacity of establishing temporal antecedence. It is preferable to employ 
a control group so that a frame of reference for the interpretation of 
observed changes is available. However, in our context, all countries 
implemented intervention policy, so there was no comparison group and 
thus only a single-group design was feasible. Interrupted time series 
analysis provides a method for the quantitative synthesis of intra-subject 
design research. Time series allows one to analyze retrospective as well 
as present observations over time. 

Single-group interrupted time series analysis is a popular evaluation 
methodology in which a single unit of observation is being studied, the 
outcome variable is serially ordered as a time series, and the interven
tion is expected to ‘interrupt’ the level and/or trend of the time series, 
after its introduction. As countries serve as their control, measurement 
at multiple pre- and post-intervention time points allows the separation 
of true intervention effects from other extraneous factors, such as threats 
associated with preexisting differences across countries and diffusion of 
intervention effects from treatment to control groups, thus reducing 
common threats to internal validity and increasing statistical power. 

Specifically, we used this single-group interrupted time-series 
experimental design (Cook & Campbell, 1979) to compare the 
epidemic trends in the different countries that have implemented 
intervention policy. In this design, outcome metrics before the imple
mentation (i.e., pretreatment observations) are used as a baseline to 
assess the impact on the same outcomes after the implementation (i.e., 
posttreatment observations). The treatment effect is demonstrated if the 
pattern of posttreatment outcomes differs from the pattern of pretreat
ment outcomes. This design has been shown to be effective in identifying 
the type of impact (instantaneous or delayed), as well as the permanence 
of the impact (continuous or discontinuous) (Cook & Campbell, 1979b; 
Gillings, Makuc, & Siegel, 1981). It has been applied to behavioural 
research such as public policy evaluations in which randomized exper
iments are not feasible and where a separate control group is not 
available. 

The single-group interrupted time-series experimental design has 
been confirmed to possess strong internal validity, even in the absence of Ta
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a comparison group. The main reason attributed to such strength is its 
control over the effects of regression to the mean (Campbell and Stanley, 
2015; Linden, 2013). When the treatment group’s outcomes can also be 
contrasted with those of one or more comparison groups, the internal 
validity is further enhanced by allowing the researcher to potentially 
control for confounding omitted variables (Linden, 2015). Moreover, it 
also possesses strong external validity, in that the unit of measure is at 
the population level or when the results can be generalized to other 
units, treatments or settings (Cook, Campbell, & Shadish, 2002; Linden, 
Adams, & Roberts, 2004). In this study, we follow Beck, Katz, and 
Tucker (1998) and Gottlieb, Townsend, and Xu (2016) to include the 
polynomial-time effects without sacrificing the degrees of freedom. 

4. Results 

4.1. Effects of internet use and intervention policies 

We started by analyzing the effects of the behavioural intervention 
policies, since they are likely to show the most immediate effects on the 
epidemic spread. We used a time-varying treatment indicator Treat, with 
value 1 representing the dates after which the country declared the 
implementation of a behavioural intervention as an independent vari
able.10 Consistent with the recent research (Kraemer et al., 2020; Tian 
et al., 2020), the Treat variable holds negative significance in all models, 
showing strong power to contain the pandemic development. Since this 
analysis is not the core of this study, details are demonstrated in Ap
pendix A1. 

We then assess if the two-sided Internet use takes consistent effects 
during the pandemic. Column 1 in Table 3 reports that Internet Use, in 
general, can ease the pandemic spread (Coef. = − 0.0342, P-value < 0.1). 
A deeper look at effective Internet Use reveals that it could significantly 
relieve the pressure of up surging virus spread (Coef. = − 0.00938, P- 
value < 0.1), and it could reinforce the policy effects (Coef. = − 0.00746, 
P-value < 0.05). However, the ineffective Internet Use demonstrates no 
statistically significant relationship with the pandemic (Coef. = −

0.00246, P-value > 0.1). This finding is in accordance with our argument 
that effective Internet use could facilitate social learning and promote 
acceptance of plausible measures. 

Furthermore, we investigate if the effective Internet use interact with 

the intervention policies in influencing the spread of the COVID-19. The 
joint effects of Internet Use in general with the interventions are sig
nificant to reduce the spread (Coef. = − 0.0309, P-value < 0.01). Column 
4 in Table 3 reveals that the effective Internet information intensity 
decreases the confirm rate conjointly with public intervention (Coef. =
− 0.00746, P-value < 0.05). This implies that with the implementation 
of an intervention policy, the citizens’ intense effective information can 
further mitigate the spread trend (i.e., increases due to interpersonal 
infections). This may be due to the fact that most intervention policies 
are non-pharmaceutical interventions, including isolation and social 
distancing (Wang et al., 2020), so that citizens’ greater awareness and 
compliance from Internet Use may complement these policies and 
enhance their effectiveness. Furthermore, for the collective effects of the 
effective Internet use and intervention to manifest, there is a need for 
people to figure out how to combine home isolation with ways to live 
their online life more fruitfully (e.g., getting accustomed to online 
meetings), or to combine social distancing with ways to engage in safe 
interactions at a distance (e.g., wearing appropriate types of mask). 

4.2. Heterogeneity of intervention policies 

Table 4 summarizes the heterogeneity results and reveals the po
tential fit between effective Internet use and intervention polices 
implemented. Three categories of policies are examined in this section: 
policy objectives, difficulty of implementation and primitive-crisis 
orientation. These categories could provide important insights for pol
icy makers. A comprehensive view of the Internet use and policy can 
inform the plausible fit to promote success. 

As the results in Columns 1–5 suggest, effective Internet use could 
enhance social-distancing (Coef. = − 0.00455, P-value < 0.1), closure- 
type (Coef. = − 0.00994, P-value < 0.001), movement restriction 
(Coef. = − 0.00659, P-value < 0.01) policies. The underlying logic is that 
effective Internet use could increase citizen’s awareness and compliance 
behaviours through social learning, hence enhancing the policy effec
tiveness. In terms of the difficulty of implementation, it is indicated that 
effective Internet use is a great fit for difficult-to-implement policies 
(Coef. = − 0.00273, P-value < 0.01). When fuzzy procedures and efforts 
are highly demanded for a successful implementation, taking advantage 
of the internet channel would pay off. For the orientation of the policy, 
we investigate the primitive and secondary crisis orientation. Result in 
Column 8 and 9 suggests the primitive-orientation policies could be 
complemented by effective internet use (Coef. = − 0.00197, P-value <
0.01). 

These results are consistent with our arguments in the Literature 

Fig. 1. Temporal variation of confirm rate and Internet usage 30 days before and after the countries implemented behavioural intervention policies. The horizontal 
axis shows the time intervals relative to the day of the intervention declaration. The vertical axis, fromleft to right, indicates extent of daily confirm rate and effective 
Internet Use, respectively, with 95% confidence intervals. 

10 Information about the intervention dates was gathered based on a search of 
the global and domestic news websites including the New York Times and CNN 
news. 
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Review. It is well recognized that the prevention and control policies of 
the government need to be timely and effective. During this fight against 
the virus, these findings shed light on how the policy tools could be 
combined with online information, and further how this mix may take 
effect as the crisis unfolded. 

5. Additional analyses 

5.1. Impact of different socio-economic states on the internet role 

In this section, we delve into the boundary conditions for Internet use 
to take effects. A country’s socio-economic conditions might pave the 
way or act as impediments to facilitate social learning. First, we divided 
the countries into two groups by their relative social factors (e.g., GDP 
per capita, unemployment rate, hygiene condition) as they may poten
tially affect citizens’ Internet behaviours and the epidemic spread. We 
reduced the multi-dimensional representations in each category using 
principle components analysis (PCA), which is a dimension reduction 
technique to bring out strong patterns in a dataset (with multi- 

dimension information of GDP per capita, development extent, income 
class in economics; unemployment, CPIA economic management cluster 
average in societal and the newborn death rate in hygiene). The aim of 
the PCA is to explain as much of the variance of the observed variables as 
possible using few composite variables (referred to as components) 
(Lever, Krzywinski, & Altman, 2017a; Wold, Esbensen, & Geladi, 1987), 
by performing eigenvalue decomposition on the covariance matrix. We 
extracted the first principal component that can explain 72.2% and more 
variation of the dataset and divided the countries into two subgroups 
according to the mean value of the first principal component. 

The results in Table 5 point out two findings. First, the comple
mentarity of effective Internet use and policy tools are embodied in low- 
hygiene (Coef. = − 0.00649, P-value < 0.1) and high-economics features 
(Coef. = − 0.00627, P-value < 0.1). Second, in certain cases effective 
Internet use would backfire to worsen the policy effectiveness. When 
countries have strong hygiene support, the effective use may marginally 
lessen the policy consequences (Coef. =0.0443, P-value < 0.01). Citizens 
in such countries often possess enough medical strength and resolution. 
However, over propaganda or information absorbed may reduce their 

Table 3 
Internet use and its effects on pandemic spread.   

(1) (2) (3) (4) (5) 

VARIABLES CR CR CR CR CR 

Internet Use (IU) − 0.0342* − 0.0408**     
(0.0200) (0.0203)    

Sum_Intensity − 0.00570 − 0.0102*** − 0.00570 − 0.00609* − 0.00534  
(0.00359) (0.00390) (0.00359) (0.00359) (0.00359) 

IU × Sum_Intensity  ¡0.0309***     
(0.0108)    

Effective Internet Use (EIU)   − 0.00938* − 0.0109**     
(0.00509) (0.00519)  

EIU × Sum_Intensity    − 0.00746**     
(0.00347)  

Ineffective Internet Use (IIU)     − 0.00246      
(0.00352) 

Departure 0.0551*** 0.0571*** 0.0535*** 0.0542*** 0.0505***  
(0.0153) (0.0155) (0.0150) (0.0152) (0.0149) 

Arrival 0.00407 0.00735 0.00352 0.00605 − 5.84e-05  
(0.00808) (0.00826) (0.00784) (0.00802) (0.00769) 

Health_Index − 0.00138** − 0.00137** − 0.00160*** − 0.00168*** − 0.00149**  
(0.000593) (0.000598) (0.000599) (0.000606) (0.000600) 

Deathrate_newborn 0.0409*** 0.0404*** 0.0408*** 0.0404*** 0.0413***  
(0.00825) (0.00823) (0.00825) (0.00824) (0.00825) 

Population Density − 0.00430 − 0.00445 − 0.00446 − 0.00474 − 0.00349  
(0.00637) (0.00644) (0.00635) (0.00642) (0.00633) 

Unemployment 0.00360 0.00338 0.00393 0.00404 0.00483  
(0.00560) (0.00565) (0.00555) (0.00560) (0.00553) 

Culture-individualism 7.76e-05 8.37e-05 5.72e-05 1.66e-05 9.32e-05  
(0.000382) (0.000385) (0.000381) (0.000385) (0.000380) 

Pct_mobile 0.000374*** 0.000378*** 0.000382*** 0.000383*** 0.000377***  
(0.000139) (0.000140) (0.000138) (0.000140) (0.000138) 

Income 0.00476 0.00461 0.00490 0.00530 0.00267  
(0.0110) (0.0111) (0.0109) (0.0110) (0.0109) 

GDP per capita 0.0143 0.0144 0.0135 0.0135 0.0141  
(0.00977) (0.00986) (0.00975) (0.00985) (0.00975) 

GDP increase 0.00675 0.00723 0.00801 0.00873 0.00861  
(0.00597) (0.00602) (0.00584) (0.00591) (0.00583) 

Gov_respo_chang − 0.0204*** − 0.0203*** − 0.0204*** − 0.0207*** − 0.0208***  
(0.00762) (0.00770) (0.00759) (0.00767) (0.00761) 

Gov_trans − 0.0382* − 0.0398** − 0.0375* − 0.0374* − 0.0395**  
(0.0198) (0.0200) (0.0198) (0.0200) (0.0198) 

Gov_management 0.0563*** 0.0577*** 0.0551*** 0.0549*** 0.0555***  
(0.0196) (0.0198) (0.0196) (0.0197) (0.0196) 

Temperature − 0.00605 − 0.00600 − 0.00614 − 0.00608 − 0.00608  
(0.00565) (0.00568) (0.00564) (0.00567) (0.00564) 

Precipitation − 0.000833 − 0.000861 − 0.000862 − 0.000847 − 0.000852  
(0.00318) (0.00317) (0.00318) (0.00318) (0.00318) 

Time Effects Yes Yes Yes Yes Yes 
Constant 0.314*** 0.310*** 0.328*** 0.332*** 0.320***  

(0.0383) (0.0387) (0.0384) (0.0388) (0.0383) 
Observations 1756 1756 1756 1756 1756 

Note: *: p < 0.1, **: p < 0.05, ***: p < 0.01. 
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alert to the virus. For example, Filsinger and Freitag (2021) find that 
information about a positive economic outlook and governmental sup
port to mitigate the crisis actually promotes people’s subjective feelings 
of disadvantage rather than reducing them. Pan et al. (2020) also indi
cate that higher overall information exposure was associated with 
higher depressive symptoms among participants who were less likely to 
carefully consider the veracity of the information to which they were 
exposed. The similar result holds when the countries belong to low-level 
economic conditions (Coef. =0.0957, P-value < 0.01). More often, these 
countries face huge financial budgets to conquer the pandemic and 
represent worse social learning, so it is hard for them to promote the 
sharing and diffusion of suitable knowledge. Effective Internet use and 
sufficient information is not on an equal basis. Increasing effective use 
might still lead to low-quality precautionary measures and awareness. 
The heterogeneity induced by country-level factors deserves further 
investigation. 

5.2. Weighted intervention intensity 

Moreover, we used the sum of policy types and intensity as indicators 
for intervention intensity, which is a coarse measure by treating each 
policy with the same weight. To validate the results, we turned to 
modeling literatures towards policy impacts on containing the spread of 
the pandemic. Part of the summary is listed in Table 6-7. However, 

models conduct in different contexts (pandemic stages, countries) 
indicate inconsistent results. Consolidating the findings, we gave each 
policy a fixed rating based on the relative importance weight. Aggre
gating the weighted intensity across intervention types, we could wit
ness consistent results with the previous main analysis (the coefficient of 
the interaction term is − 0.0030, P-value < 0.01). 

Overall, these results provide further confidence to the effects of 
citizens’ effective Internet information on the epidemic spread, and such 
effects are generally significant and stable across different countries’ 
geographic and social-economic conditions, and the extent and type of 
interventions. 

5.3. Alternative measure of internet use 

We took advantage of the Google Trends Index11 related to corona
virus as a measure of Internet search intensity. To adjust for the effective 
information, we calculate the effective internet search as: 

Effective Internet Search = GoogleSearch index*Infodemic index 

We also address the endogenous problem with the two-stage method 
for calculating Internet search. In the first stage we Derive the residuals 

Table 4 
Heterogeneity of the Intervention Policy and Effective Internet Use.   

Policy objectives Difficulty of implementation Primitive and secondary-orientation  

(1) (2) (3) (4) (5) (6) (7) (8) (9) 

Effective Internet Use (EIU) − 0.00382 0.0124* 0.0191* − 0.0108** − 0.0306 − 0.0142** 0.0157* 0.00493 − 0.0155**  
(0.00580) (0.00647) (0.0105) (0.00453) (0.178) (0.00713) (0.00828) (0.00708) (0.00691) 

SDE − 0.00660*          
(0.00378)         

EIU × SDE ¡0.00455*         
(0.00240)         

CLO  − 0.000321         
(0.00405)        

EIU × CLO  ¡0.00994***         
(0.00205)        

MOV   0.00521          
(0.00333)       

EIU × MOV   ¡0.00659***         
(0.00215)       

FIN    0.00290          
(0.00755)      

EIU × FIN    0.00875          
(0.00819)      

INF     0.0347          
(0.0297)     

EIU × INF     0.0207          
(0.178)     

Easy      0.00947*          
(0.00552)    

EIU × Easy      0.00406          
(0.00500)    

Hard       − 9.37e-06          
(0.00147)   

EIU × Hard       ¡0.00273***          
(0.000735)   

PRIM        − 0.00137*          
(0.000752)  

EIU × PRIM        − 0.00197***         
(0.000677)  

SECD         − 0.000264          
(0.00189) 

EIU × SECD         0.00387          
(0.00261) 

Controls Yes Yes Yes 
Constant 0.367*** 0.364*** 0.343*** 0.346*** 0.325*** 0.336*** 0.362*** 0.322*** 0.343***  

(0.0353) (0.0366) (0.0382) (0.0354) (0.0466) (0.0366) (0.0382) (0.0401) (0.0388) 
Observations 1611 1611 1611 1611 1611 1611 1611 1756 1756 

Note: *: p < 0.1, **: p < 0.05, ***: p < 0.01. 

11 https://trends.google.com/trends/ 
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of regressions after regressing on policy intensity variable, meanwhile 
controlling for country-level socio-economic factors that might deter
mine the development of Internet infrastructures. We substitute the re
siduals for original internet search measures in the second stage. 

In Table 8, we replicate the main results with the alternative measure 
of Internet use. Concretely, effective Internet search interacts with the 
intervention policies in lessoning the spread of the COVID-19. The joint 
effects of effective Internet search with the interventions are significant 
to reduce the spread (Coef. = − 0.0141, P-value < 0.05). Regarding the 
heterogeneity of the intervention policy, we consistently confirm that 
effective internet search could complement certain policies in particular: 
social distancing- (Coef. = − 0.00832, P-value < 0.05), movement re
striction- (Coef. = − 0.00711, P-value < 0.05), closure- (Coef. = −

0.0121, P-value < 0.01) types of policies are strengthened; Difficult-to- 
implement policies (Coef. = − 0.0040, P-value < 0.01) are better 
coped with; Primitive-crisis orientation policies Coef. = − 0.00327, P- 
value < 0.01) are promoted better by the Internet behaviours. 

5.4. Alternative measure of intervention policy objectives 

We examine five types of policies according to their objectives. An 
alternative simplified version is to divide the policies based on their 
targeting governance subjects. That is, market department in charge of 

economic emphasis(including financial measures, monetary measures, 
emergency investment in healthcare, school and workplace closure), 
hygiene department responsible of medication input and scientific 
isolation (including public event cancellations, public transportation 
closures, restrictions on domestic and international travel), as well as 
investment in vaccines), and support department incorporating infor
mation campaigns and supporting technology (public information 
campaigns, testing framework and contact tracing). 

Results in Table 9 confirm the main findings. Effective Internet use 
exert significant complementary effects of market (Coef. = − 0.00734, P- 
value < 0.001) and hygiene (Coef. = − 0.00491, P-value < 0.01) policies. 

6. Discussions and conclusion 

The consequences of Internet behaviours during the pandemic have 
been understudied in the literature. This research disentangles the 
relationship between Internet use behaviours and pandemic contain
ment and concentrates on national-level effects of Internet behaviours 
on pandemic containment. Our main objective was to investigate the 
interaction of Internet behaviours with public health interventions 
during the ongoing COVID-19 pandemic on a global scale. We assessed 
two aspects of such behaviours: (1) Internet use, proxied by daily 
network traffic and speed, and (2) Internet search, with people’s 

Table 5 
Impact of Internet behaviours on the epidemic in countries with different social-economic states.   

Hygiene Societal Economics  

Low High Low High Low High 

Outcome CR CR CR CR CR CR 

EIU − 0.0196*** 0.0714 − 0.0115* 0.00391 − 0.0514 − 0.0208***  
(0.00492) (0.0684) (0.00640) (0.00855) (0.0964) (0.00482) 

Sum_intensity − 0.00585 0.0131* − 0.00157 − 0.00909** 0.0223*** − 0.00620  
(0.00462) (0.00687) (0.00650) (0.00460) (0.00689) (0.00449) 

EIU × Sum_intemsity ¡0.00649* 0.0443*** − 0.00157 − 0.00175 0.0957*** ¡0.00627*  
(0.00363) (0.0167) (0.00587) (0.00496) (0.0248) (0.00363) 

Departure 0.0813*** 0.0791 0.0486*** 0.107*** 0.0460 0.0723***  
(0.0169) (0.0561) (0.0171) (0.0213) (0.0624) (0.0169) 

Arrival 0.00567 − 0.0471 0.00656 − 0.0210** − 0.0636 0.0105  
(0.00731) (0.0585) (0.0289) (0.00972) (0.0493) (0.00784) 

Health_Index − 0.00325*** 0.00230 − 0.00373*** − 0.00113 0.00155 − 0.00249***  
(0.000735) (0.00157) (0.00144) (0.000703) (0.00255) (0.000705) 

Deathrate_newborn 0.0411*** 0.0341*** 0.0271** 0.0419*** 0.0291** 0.0462***  
(0.0106) (0.0129) (0.0121) (0.0110) (0.0122) (0.0110) 

Population Density − 0.00943* 0.0341 0.274*** − 0.0105* − 0.0254 − 0.00747  
(0.00571) (0.0983) (0.0907) (0.00599) (0.0607) (0.00628) 

Unemployment 0.0213*** − 0.0137 0.0802*** − 0.000497 0.00752 0.00267  
(0.00813) (0.0106) (0.0178) (0.00676) (0.0123) (0.00977) 

Culture-individualism 0.000186 0.00168*** 9.64e-05 − 7.56e-05 0.000728 − 0.000107  
(0.000471) (0.000633) (0.000629) (0.000416) (0.000707) (0.000445) 

Pct_mobile 0.000367** 0.000211 0.00125*** 0.000487*** 0.000337 0.000318**  
(0.000145) (0.000222) (0.000305) (0.000135) (0.000268) (0.000148) 

Income 0.0183 0.0249 0.00900 0.0296** − 0.0125 0.0164  
(0.0162) (0.0220) (0.0181) (0.0121) (0.0152) (0.0148) 

GDP per capita 0.00734 − 0.0594 − 0.0163 0.0150 − 0.115* 0.0110  
(0.00978) (0.0526) (0.0169) (0.00987) (0.0691) (0.00978) 

GDP increase − 0.000574 − 0.00325 0.0400*** 0.00569 0.0236 0.000998  
(0.00920) (0.0120) (0.0127) (0.00681) (0.0200) (0.00739) 

Gov_respo_chang 0.00525 − 0.0202** − 0.0291* − 0.0239*** − 0.0171 − 0.0115  
(0.0111) (0.00959) (0.0149) (0.00776) (0.0114) (0.0102) 

Gov_trans  − 0.0580*** − 0.0423**  − 0.0615***   
(0.0156) (0.0174)  (0.0150)  

Gov_management  0.0705*** 0.0332*  0.0577***    
(0.0194) (0.0181)  (0.0205)  

Temperature 0.00101 − 0.0114 − 0.0228** 0.00825 − 0.0133 − 0.00534  
(0.00674) (0.00982) (0.0114) (0.00707) (0.00912) (0.00650) 

Precipitation − 0.000187 0.000252 − 0.00162 0.0415 − 0.00251 0.00853  
(0.00320) (0.0125) (0.00317) (0.145) (0.00311) (0.145) 

Time Effects Yes Yes Yes 
Constant 0.313*** 0.135 0.456*** 0.358*** 0.0390 0.354***  

(0.0400) (0.0967) (0.103) (0.0473) (0.0802) (0.0560) 
Observations 1129 627 615 1141 590 1166 

Note: *: p < 0.1, **: p < 0.05, ***: p < 0.01. 
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interests indexed in term of pandemic-related keywords. 
We constructed a unique data set containing data on Internet usage 

from M-lab, Internet search data from Google Trends, and national-level 
policy interventions from the Oxford COVID-19 Government Response 
Tracker and the GardaWorld Crisis24 portal (Hale et al., 2021). We 
employed a single-group interrupted time-series experimental design to 
empirically evaluate the significance of behavioural interventions and 
Internet behaviours. We find that both the intervention and behaviour 
significantly reduce the epidemic spread. Besides, Internet use and 
public policies exerted joint effects. Our results suggest that the COVID- 
19 confirm rate was reduced by the combination of effective Internet use 
and public health interventions. Our findings pave the path for future 
researchers to investigate the interaction of online and offline behav
iours during a crisis. 

6.1. Theoretical contributions 

This study has several theoretical contributions. First, social learning 
theory was well leveraged to explain the mechanism by which effective 
Internet use influenced pandemic containment. A deeper understanding 
of the motivation and efficacy of implemented interventions leads to 
stronger subjective compliance, especially when policy information 
dissemination and relevant promotional campaigns are mainly con
ducted through the Internet. Although various interventions that involve 
offline behavioural changes, such as isolation and social distancing, 
have been shown to be effective in reducing COVID-19 spread (Ander
son, Heesterbeek, Klinkenberg, & Hollingsworth, 2020; Pan et al., 2020; 
Prem et al., 2020; West, Susan Michie, Rubin, & Amlôt, 2020;), we 
demonstrated that public Internet behaviours may also play crucial roles 
in this regard. Under social learning theory, people who actively or 
passively receive relevant information regarding a crisis through the 
Internet tend to realise the urgency and importance of intervention 
policies. 

Second, we examined social learning theory in a cross-country 
context, suggesting that Internet use moderates policy effects consis
tently across countries. Past research has addressed social learning from 
an individual perspective and explored the effects of learning on a wide 
range of individual behaviours besides compliance to policies (e.g. 
adoption, crime behaviours). However, the present study is the first to 
confirm these effects on a global scale. Our study extends the applica
bility of social learning theory to a cross-country context and the finding 
is robust to alternative measures of key Internet use behaviours. 
Following Liu and San (2006), we determined that a country’s socio
economic conditions (regarding economic and hygiene factors) consti
tute a strong driver of that country’s social learning, which in turn 
influences pandemic outcomes there. The findings enrich the literature 
on infodemic research by extrapolating the effects of effective Internet 
use in a cross-country context. Studies have focused more on these 

Table 6 
Summary of modeling work on intervention efficacy.  

Paper Method country interventions Conclusion 

Dehning et al. (2020) Bayesian 
framework 

Germany Cancel large public events; Stop childcare facilities, 
Launch many stores and far-reaching contact ban 

λ decreased from 0.43 to 0.25 when canceling large 
public events;  
λ decreased to 0.15 when canceling chidcare facilities;  
λ reduced to 0.9 when launching the contact ban. 

Giordano et al. (2020) SEIR Italy basic social-distancing measures;  
policy limiting screening to symptomatic 
individuals only;  
lockdown;  
lockdown is fully operational and gets stricter; 
a wider testing campaign is launched 

basic R0 = 2.38;  
R0 = 1.66 when policy limiting screening to 
symptomatic individuals only;  
R0 = 1.8 when lockdown;  
R0 = 1.6 when lockdown is fully operational and gets 
stricter;  
R0 = 0.99 when a wider testing campaign is launched 

Chang, Harding, 
Zachreson, Cliff, & 
Prokopenko, 2020 

agent-based 
modeling, 
AceMod 

Australia (i) case isolation, (ii) in-home quarantine of 
household contacts of confirmed cases, and (iii) 
school closures, combined with (i) and (ii) 

the effectiveness of school closures is limited, producing 
a four-week delay in epidemic peak; 
s, increasing a compliance level just by 10%, from 70% 
to 80%, may effectively control the spread; 

Aleta et al. (2020) SEIR High-income 
countries: 
Europe and US 

Lift scenario (LIFT): the stay-at-home order is lifted 
after eight weeks by reopening all work and 
community places, except for mass-gathering; 
Lift and enhanced tracing (LET): The stay-at-home 
order is lifted as in the previous scenario, plus 
testing policies 

(1) R0 dropped by around 75% and reached values 
below 1 with the intervention, increases to values up to 
2.05  
(2) quarantining households of symptomatic individuals 
alone is not sufficient to substantially change the course 
of the epidemic and the conclusions reached for the first 
of these scenarios. 

Davies et al. (2020) age-structured 
transmission 
model 

UK School closures, physical distancing, shielding of 
people aged 70 years or older, and self-isolation of 
symptomatic cases. 

The combined intervention was more effective at 
reducing R0, but only lockdown periods were sufficient 
to bring R0 near or below 1; 
school closures had little effect in our projections, 

Prem et al. (2020) SEIR China school closures, extended workplace closures, and a 
reduction in mixing in the general community. 

physical distancing measures were most effective if the 
staggered return to work was at the beginning of April; 

Ferguson et al. (2020) individual-based 
simulation model 

UK school and university closure (PC); home isolation 
of cases (CI); household quarantine (HQ);social 
distancing of the entire population (SD);social 
distancing of those over 70 years for 4 month 
(SDOL70) 

Relative impact:PC 14%;CI 33%; CI_HQ 53%; CI_HQ_SD 
33%; CI_SD 53%; CI_HQ_SDOL70 67%; 
PC_CI_HQ_SDOL70 69%  

Table 7 
Efficacy rating for each intervention type.  

policy Rating 

school closing 0.8 
workplace closing 0.8 
cancel public events 0.8 
close public transport 0.8 
public information campaigns 0.8 
restrictions on internal movement 1 
international travel controls 1 
fiscal measures 0.6 
monetary measures 0.6 
emergency investment in healthc 0.5 
investment in vaccines 0.5 
testing framework 1 
contact tracing 0.8  
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effects at the individual level and collected survey data (Fernández- 
Torres, Almansa-Martínez, & Chamizo-Sánchez, 2021; Gavaravarapu, 
Seal, Banerjee, Reddy, & Pittla, 2022; Olatunji, Ayandele, Ashirudeen, & 
Olaniru, 2020). Only a few studies have employed user data regarding 
social media such as Twitter and Facebook to probe the impacts of the 
infodemic on the COVID-19 crisis (Mourad, Srour, Harmanani, Jenai
nati, & Arafeh, 2020; Yang et al., 2021). Mourad et al. (2020) reported 
that the widespread dissemination of inaccurate or false medical infor
mation on precautions and other measures to take during the pandemic 
on Twitter undermined efforts to combat the pandemic. Herein, we 
demonstrated the importance of effective Internet use (as a measure of 
information quality) in curbing pandemic spread. 

Third, this study extended the stream of research on health crisis 
management to general Internet use and considered an online–offline 
complementarity. Although social media communication in crisis situ
ations has generated intense scholarly interest, relatively few studies 
have examined online information in general as a means of managing 
such situations (Alexander, 2014; Soroya et al., 2021; Yu et al., 2021). A 

few studies have investigated this topic at the individual level, and its 
comprehensive impacts remain be evaluated (Pierewan & Tampubolon, 
2014; Soroya et al., 2021). We probed the joint effects of Internet use 
behaviour with offline interventions. Effective Internet use may help 
enhance the effects of interventions introduced, particularly for those 
that have primary crisis orientations or specific objectives (or are simply 
difficult to implement). We examined this understudied subject, deter
mining a potential fit between online behaviour and offline public pol
icies. The findings serve as a reference for the integration of online and 
offline data for crisis management. This discussion serves as a spring
board for future researchers to take a holistic perspective in determining 
the consequences of online information. 

6.2. Practical implications 

This study also bears implications for policymakers. First, the results 
highlight the importance of the Internet and online behaviours during 
the COVID-19 pandemic. The dissemination of information through the 

Table 8 
Regression results for the alternative effective internet search.   

Sum_Intensity Policy objectives Difficulty of 
implementation 

Primitive and secondary- 
orientation  

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

Effective Internet Search 
(EIS) 

− 0.00638 0.00909 0.0247 0.0256* − 0.0160** 0.0110 − 0.000190 0.0374** 0.0212 − 0.00939  

(0.00596) (0.0127) (0.0192) (0.0153) (0.00712) (0.0376) (0.0127) (0.0185) (0.0131) (0.00926) 
Sum_Intensity − 0.000264           

(0.00336)          
EIS × Sum_Intensity ¡0.0141**           

(0.00556)          
SDE  − 0.00272           

(0.00352)         
EIS × SDE  ¡0.00832**          

(0.00419)         
CLO    − 0.000521           

(0.00367)       
EIS × CLO    ¡0.0121***          

(0.00439)       
MOV   0.00345           

(0.00318)        
EIS × MOV   ¡0.00711**          

(0.00335)        
FIN     − 0.000697           

(0.00711)      
EIS × FIN     0.00279           

(0.00760)      
Easy       0.00871*           

(0.00517)    
EIS × Easy       ¡0.00853           

(0.00702)    
Hard        − 0.000410           

(0.00136)   
EIS × Hard        ¡0.0040***           

(0.00138)   
PRIM         − 0.000201          

(0.000700) 
EIS × PRIM         ¡0.00327***          

(0.00114)  
SECD          − 8.12e-06           

(0.00174) 
EIS × SECD          ¡0.00151           

(0.00261) 
INF      0.0496**           

(0.0206)     
EIS × INF      ¡0.0259           

(0.0379)     
Time Effects Yes Yes  Yes Yes 
Controls Yes Yes Yes Yes 
Constant 0.283*** 0.300*** 0.285*** 0.297*** 0.292*** 0.253*** 0.284*** 0.305*** 0.283*** 0.279***  

(0.0382) (0.0344) (0.0354) (0.0348) (0.0344) (0.0377) (0.0349) (0.0357) (0.0385) (0.0409) 
Observations 1572 1458 1458 1458 1458 1458 1458 1458 1572 1572 

Note: *: p < 0.1, **: p < 0.05, ***: p < 0.01. 
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Internet can potentially be leveraged to promote public awareness of the 
pandemic and facilitate public adherence to interventions. For example, 
the timely reporting of the current situation, the motivations and 
rationale underlying interventions, and instructions for policy imple
mentation can inform the public and thereby improve policy effects. 
From the government perspective, in line with the observation that 
governments can use various digital strategies to fight the pandemic 
(Kummitha, 2020), we further observed the potential complementarity 
of the government policies and Internet use.. People’s information be
haviours during global health crises can help both individuals and so
cieties conquer global health crises; therefore, this topic merits 
investigation. 

Second, our analysis confirmed the joint effects of effective Internet 
use with policy interventions. This further demonstrates the substitutive 
effects of subjective force in acknowledging reality and the importance 
of complying with policy interventions. When policies are premature, 
such as those introduced at the beginning of the pandemic, the 
dissemination of accurate information on transmission, self-protection, 
and other relevant topics is pivotal. Governments can optimise the re
sults of policy interventions by coordinating implementation with the 
spread of such accurate Internet information (Zeemering, 2021). A 
comprehensive examination of policy characteristics highlights the 
synergy between online information and offline prevention. When the 
government launches policies, especially those that are primary crisis 

oriented, difficult to implement, and carrying specific objectives, the 
dissemination of accurate information through the Internet should be 
coordinated with medical education. Thus, policy effects can be 
enhanced. Further research on the boundary conditions for these find
ings would reveal the importance of a country’s socioeconomic status. 
The greatest synergy between effective Internet use and policy in
terventions can be achieved in countries with low-hygiene and high- 
economics features. 

This study has some limitations. First, owing to seasonal factors that 
influence susceptibility and transmission, regional efforts to fight the 
COVID-19 pandemic may not be successful in the long term. Therefore, 
caution should be exercised when extrapolating our findings to longer 
time periods. Second, reliability concerns related to the number of 
confirmed cases remain. Third, the high-quality information reflected in 
effective Internet use may call for more detailed examination. As our 
results suggest, effective Internet use is a relative measure of informa
tion quality. However, online information available in some countries is 
of extremely low quality. Furthermore, examining the intervention 
implementation process and related efforts more comprehensively may 
increase the rigour and power of the present analyses. Fourth, measuring 
Internet use across countries is a formidable challenge. We proxied this 
variable with multisource macroscopic data to ensure reliable cross- 
country comparisons. However, considering the possibility of data 
distortion, this macroscopic calculation may not reflect the true Internet 
usage status. 
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Appendix A. Effects of the intervention policies and internet information 

The internal and external validity is significant in the causal evaluation of policies. Hence, with the single-group interrupted design, the estimation 
equation is presented in the following form: 

yit = α+ βTreatit +
∑3

k=1
γkDayDif k

t +
∑3

k=1
δkDayDif k

t ×Treatit + εit 

Here, DayDift is coded as the day of observation relative to the policy implementation day, and Treatit is an indicator variable that equals to one of 
the observations after the implementation. Following previous design (Cavusoglu et al., 2016), we fit a separate third-degree polynomial trend on each 
side of the intervention declaration. The coefficient of interest β reflects the size of the discontinuity in the outcome variable at the cutoff time. 

We started by analyzing the effects of the intervention policies, since they are likely to show most immediate effects on the epidemic spread. 
Consistent with the recent research (Kraemer et al., 2020; Tian et al., 2020), the Treat variable holds negative significance in the 2 models, showing 
strong power to contain the pandemic development.  

Table 9 
Results for alternative measures of policy Objectives.   

Market Support Hygiene  

(1) (2) (3) 

Effective Internet Use (IU) 0.00722 − 0.0214** 0.0142*  
(0.00621) (0.0102) (0.00791) 

Market 0.00247    
(0.00328)   

EIU × Market ¡0.00734***   
(0.00182)   

Support  0.00989***   
(0.00335)  

EIU × Support  0.00351    
(0.00293)  

Hygiene   − 0.00391*    
(0.00235) 

EIU × Hygiene   ¡0.00491***    
(0.00130) 

Time Effects Yes Yes Yes 
Controls Yes Yes Yes 
Constant 0.354*** 0.330*** 0.382***  

(0.0366) (0.0361) (0.0371) 
Observations 1611 1611 1611 

Note: *: p < 0.1, **: p < 0.05, ***: p < 0.01. 
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Table A1 
Effects of Intervention Policies and Internet Behaviours on the Pandemic.   

(1) (2) 

Effective Internet Use − 0.00805*   
(0.00478)  

Effective Internet Search − 0.0130**   
(0.00521) 

Treat − 0.0495*** − 0.0368***  
(0.0129) (0.0120) 

Departure 0.0508*** 0.0368**  
(0.0141) (0.0147) 

Arrival 0.00180 0.00132  
(0.00736) (0.00722) 

Health_Index − 0.00142** − 0.00121**  
(0.000562) (0.000580) 

Deathrate_newborn 0.0423*** 0.0380***  
(0.00818) (0.00799) 

Population Density − 0.00411 0.00197  
(0.00596) (0.00615) 

Unemployment 0.00510 0.00512  
(0.00517) (0.00537) 

Culture-individualism 0.000108 0.000215  
(0.000357) (0.000371) 

Pct_mobile 0.000367*** 0.000346**  
(0.000128) (0.000135) 

Income − 0.00224 − 0.00505  
(0.00951) (0.00966) 

GDP per capita 0.0164* 0.00676  
(0.00901) (0.00934) 

GDP increase 0.00759 0.0128**  
(0.00550) (0.00586) 

Gov_respo_chang − 0.0203*** − 0.0178**  
(0.00713) (0.00744) 

Gov_trans − 0.0388** − 0.0314  
(0.0188) (0.0202) 

Gov_management 0.0540*** 0.0412**  
(0.0186) (0.0198) 

Temperature − 0.00765 − 0.0129**  
(0.00541) (0.00535) 

Precipitation − 0.00111 − 0.00140  
(0.00316) (0.00270) 

Constant 0.342*** 0.291***  
(0.0368) (0.0379) 

Observations 1782 1594 

*: p < 0.1, **: p < 0.05, ***: p < 0.01. 

We then assessed the effects of effective Internet use, which is one of our focal variables related to Internet behaviours. Result in Table A1 (columns 
1) indicates that an increased daily effective Internet use intensity was associated with a slowdown of the epidemic growth (Coef. = − 0.00805, P-value 
< 0.1). As the intensity of effective Internet use may reflect the extent to which citizens are exposed to effective overall information, this should make 
them less exposed to the risks of the COVID-19 virus. Thus, increased effective Internet information load (that displaced physical contacts) may reduce 
the epidemic spread significantly. 

Next, we assessed the effects of the Internet search, which is the other focal Internet behaviour in this study. Result in Table A1 (columns 2) 
indicates that an increased daily effective Internet search intensity is also associated with a slowdown of the epidemic growth (Coef. = − 0.0130, P- 
value < 0.05)). As the intensity of informative Internet search on the epidemic-related information may heighten “correct” public awareness of the 
epidemic situation in their country, citizens with higher such awareness may be better able to adopt measures to protect themselves, and are thus less 
susceptible to the infection risks. 

Appendix B. Supplementary data 

Supplementary materials to this article can be found online at https://doi.org/10.1016/j.giq.2022.101749. 
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