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Abstract

The World Health Organization (WHO) declared the COVID-19 outbreak a Public Health Emergency of International Concern on 2020
January 31. However, rumors of a “mysterious virus” had already been circulating in China in 2019 December, possibly preceding the
first confirmed COVID-19 case. Understanding how awareness about an emerging pandemic spreads through society is vital not only
for enhancing disease surveillance, but also for mitigating demand shocks and social inequities, such as shortages of personal
protective equipment and essential supplies. Here we leverage a massive e-commerce dataset comprising 150 billion online queries
and purchase records from 94 million people to detect the traces of early awareness and public response during the cryptic
transmission period of COVID-19. Our analysis focuses on identifying information gaps across different demographic cohorts,
revealing significant social inequities and the role of cultural factors in shaping awareness diffusion and response behaviors. By
modeling awareness diffusion in heterogeneous social networks and analyzing online shopping behavior, we uncover the evolving
characteristics of vulnerable populations. Our findings expand the theoretical understanding of awareness spread and social
inequality in the early stages of a pandemic, highlighting the critical importance of e-commerce data and social network data in
effectively and timely addressing future pandemic challenges. We also provide actionable recommendations to better manage and
mitigate dynamic social inequalities in public health crises.

Keywords: pandemic awareness modeling, pandemic preparedness, awareness inequality, eCommerce data analytics, heterogeneous
social networks

Significance Statement

This study comprehensively characterizes how emerging disease information spread through the Chinese population by examining large-
scale chronological purchasing data of personal protective equipment on an eCommerce platform. Analyzing data from 94 million indi-
viduals, it reveals how socioeconomic status, social networks, geography, and cultural factors relate to awareness diffusion, uncovering
substantial inequalities in information access and response. These findings expand the theoretical framework on awareness diffusion
and social inequality during pandemics and highlight evolving characteristics of vulnerable populations, emphasizing early interventions
tailored to specific communities. The study also provides practical recommendations for adopting flexible and dynamic public health
strategies and offers valuable insights into the complex influence of cultural factors and social structures on pandemic responses.

well before the official WHO announcement of a Public Health
Emergency of International Concern (PHEIC), due to rumors of a

Introduction

The emergence of COVID-19 was accompanied by demand surges

for PPEs (Personal Protective Equipments) and other consumer “mysterious virus” on social media that started circulating as

goods in nearly every country (1). For instance, China experienced
shortages of sanitizing wipes, face-masks, and other essential
goods in early 2020 (2, 3). Although official confirmation of the dis-
ease drastically accelerated demand, this demand surge began

early as December 2019 (4, 5). This suggests that the information
about an emerging pandemic can spread well before its official
confirmation during its cryptic transmission period, and that the
traces of such information may be detectable in rapid changes
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in demand for particular consumer goods. Although it has been
several years since COVID-19 has become a pandemic, the rele-
vance of examining this phenomenon persists, as we anticipate
the next pandemic and socioeconomic inequalities continue to
shape how different demographics are affected by such shifts in
demand and consumption, with vulnerabilities dynamically
evolving based on the spread of awareness and information
throughout the course of a pandemic. Hence, we examine behav-
ioral data captured by a massive e-commerce platform during 88
days from 2019 December 1 to 2020 February 26, which is referred
to as the “cryptic transmission period.”®

To understand this phenomenon tying early awareness of a
pandemic duringits cryptic period to changes in consumer behav-
ior and concomitant social inequities, we need to address two
questions: (i) “how does the awareness of an emerging pandemic
spread through the various demographics of a population?” and
(ii) “how does authoritative and officially vetted information
from local, national, and international instances affect awareness
diffusion?” Understanding the dynamics of pandemic awareness
during the cryptic period can critically inform emerging disease
surveillance, but it may also shed light on how demand surges
and shortages of critical goods affect the public response to future
health emergencies. It is particularly important to understand
how the differential diffusion of awareness creates information
gaps between different demographic cohorts, which can lead to
socioeconomic inequities that negatively affect a society’s ability
to respond to an emerging public health crisis involving an infec-
tious disease (6-8). In fact, in the case of the COVID-19 pandemic,
shortages of PPEs and essential supplies, or the lack of equitable
distribution, may have disproportionately affected disadvantaged
population groups potentially contributing to higher infection
rates and mortality (9, 10). In a public health emergency, enhan-
cing public awareness and preparedness, and doing so in a socially
and economically equitable manner, can be as important as miti-
gating the crisis itself (11, 12).

Here, we investigate the early spread of pandemic awareness in
China by data mining a unique record of 150 billion query and pur-
chase records for 94 million individuals from the largest
eCommerce platform, Alibaba. These data were collected right
at the crucial time period of the early COVID-19 outbreak (2019
December 1 to 2020 February 26), along with longitudinal records
of purchasing history of the included individuals in the past 10
years, providing detailed geo-located shipping/gifting information
from which 43.7 million families, 120.3 million schoolmates, and
25.8 million workmates relations were informed (13). By focusing
on PPE-related queries and orders, these data enable investiga-
tions into the collective querying and purchasing behavior at the
cryptic periods of the pandemic, leveraging changes in consumer
demand as a proxy of awareness (11, 14). We examine the dynam-
ic factors that are associated with the timing of the initial re-
sponse for a variety of vulnerable populations in terms of their
location, social relations, and demographics.

The eCommerce data recorded in this period provide a unique
opportunity to study the evolving pandemic awareness throughout
various socioeconomic demographics for the following reasons.
First, eCommerce is now the primary means of shopping for the
Chinese population.® Second, eCommerce data collection reflects
user behavior in its natural state. This nonintrusive approach offers
an unbiased view of an individual’s actual needs and preferences,
mitigating social conformity and observer effects typically associ-
ated with traditional self-reported data. Third, unlike social media
or search engine data, which often reflect only interactions and
textual expressions, eCommerce data capture a substantial, real-

time, and representative snapshot of actual purchasing behaviors,
geographic distribution, and consumption patterns. It can enable
comprehensive investigations into the associations between indi-
vidual demographics and purchasing behaviors, which can be fur-
ther enhanced by detecting longitudinal patterns. For instance, if
an individual purchased pregnancy products 7 years ago, diapers
6 years ago, and toys recently, it can be inferred that the individual
may have a child of age 7. This helps us analyze the connections be-
tween demographic factors, pandemic awareness, and public
health risks. This allows the estimation of rich information to un-
ravel associations between different demographic factors, pandem-
ic awareness, and a variety of public health risks. Fourth, purchase
records also contain gifting and shipping information, which ena-
bles multiview social ties estimation. For example, when two people
share the same home shipping address, we may infer a social or fa-
milial bond (13). Furthermore, when shipping addresses pertain to
the same company/school/dorm address, we can infer individuals’
classmate/workmate relations (13). This enables a detailed analysis
of social networks and their impact on pandemic awareness and
disaster planning. By leveraging these unique data characteristics,
eCommerce data facilitate innovative research that can track the
diffusion of pandemic awareness with high resolution across social,
temporal, demographic, and geographical dimensions, at truly soci-
etal scales (a majority of the Chinese population). These data also
allow for early detection of shifts in consumer behavior related to
health concerns, providing valuable signals for timely public health
interventions.

Data col.lection and awareness label
generation

We analyze how early awareness of COVID-19 spread through
the various sectors, locations, social networks, and demograph-
ics of the Chinese population by leveraging a data set of 46.5
billion queries (randomly sampled) issued by 800 million individ-
uals, covering 88 days from 2019 December 1 to 2020 February
26, a crucial period around the time WHO declared a public
health emergency, here referred to as the “cryptic transmission
period.” In addition, for the same population, we randomly
sampled 150 billion historical queries and purchase behaviors,
shipping and gifting addresses, etc. ranging from 2010 to 2019,
to estimate individuals’ demographic variables and their social
relationships, i.e. family, workmate, and schoolmate networks
(see Supplementary Material, 2.C).

Our reasons for selecting this time period and China as the fo-
cus of our research are as follows: First, China is the first country
to report a large-scale outbreak of COVID-19 (15), with the initial
confirmed cases reported in December 2019 in Wuhan, Hubei
Province (16, 17). As the first country to confront the pandemic,
China’s initial response provides invaluable insights into societal
awareness and reactions during the crucial early stages of a global
health crisis. Second, the chosen time period reflects distinctive
social behavior responses. During this period, public knowledge
of the virus was limited (17, 18), and guidance from the govern-
ment and healthcare institutions gradually became clearer (15).
Concurrently, the crucial resources were potentially being rapidly
and unequally consumed (10, 19). Investigating public awareness
during “cryptic transmission period,” characterized by incomplete
information and high uncertainty, will help effectively identify
vulnerable populations and understand how to enhance societal
resilience in future crises, mitigating the potentially severe conse-
quences of inequality. Third, China’s vast and complex social
structure, characterized by wealth disparities, high population
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density, and significant population mobility, presents unique
challenges. Studying how Chinese communities and individuals
became aware and responded in this complex environment can
provide valuable lessons for crisis management in similarly com-
plex social settings. In conclusion, China’s “cryptic transmission
period” during the COVID-19 pandemic offers a unique national
context that can provide invaluable insights for global public
health management and crisis response strategies.

We mark each individual i at time t as either “aware” (Ll = 1) or
“not aware” (Li = 0) following the definition of “pandemic aware-
ness” proposed in (11). L is determined on the basis of whether
they submitted any awareness-indicating query (q* € Q) three or
more times at time t. We define a set of awareness-indicating
queries Q that are deemed related to COVID-19 PPEs, i.e. “(n95 or
kn95 or kf94) & Face mask.” All queries in @ were found to discrim-
inate well between pandemic-related and nonpandemic-related
search activity; the queries were nearly never issued before the
start of the pandemic and experienced dramatic growth during
the early pandemic, with negligible noise and an average increase
(in search population) of 102,792% compared with the same peri-
od from 2018 to 2019. Once L! = 1, individual's awareness status
will not revert. Only individuals with active eCommerce behaviors
(who made at least a purchase every month in the past 5 years)
were employed for awareness modeling. Following these filtering
guidelines, we located 94,534,663 qualified individuals (11.8% of
all the 800 million individuals) for awareness analysis and model
generation. By 2020 February 26, the last day of our observation
period, all individuals’ awareness labels had changed to 1. This
study was reviewed by the IRB at Indiana University (Protocol
No. 10521) and was determined not to constitute human subjects
research, thus not requiring further review. The experiment and
secured data processing methods were also reviewed and ap-
proved by the Alibaba legal department. All data used in this study
have been anonymized and de-identified to prevent any possibil-
ity of identifying individuals.

To provide exhaustive awareness analysis, following WHO
guidance (20), we segment our COVID-19 cryptic transmission pe-
riod into five subphases, as shown in Table 1.

Societal spread of COVID-19 awareness

Figure 1a illustrates daily (dotted line) and cumulative (dash-dot-
ted line) growth of the number of individuals whose status
changed to “aware.” The trend exhibits rapid growth between
January 19 and 26 (after “National Health Commission of China
confirmed human-to-human transmission”), and experiences
two peaks on January 23 (“Wuhan lockdown”) and January 25
(“China activated first-level public health emergency”). Note that
since January 27, most PPEs (e.g. face masks) were out of stock in
China, implying that individuals who changed status to “aware”
afterwards might not have been able to obtain PPE.

Geography, education, and social
relation analysis

Figure 1b visualizes the geographic distribution of the aware popula-
tion and the awareness percentages of the populations of 366 major
cities in Mainland China over time. During the normal and beginning
phases (see Table 1), the epicenter Wuhan had the most aware indi-
viduals. The number of aware individuals in Shanghai (a leading me-
tropolis) increased significantly in the growth phase. At the peak and
post-peak phases, the awareness percentage also increased rapidly
in other major cities. Geographically, awareness was initially corre-
lated with the severity of the pandemic, but subsequently spread
across the entire country, while the population’s response seemed
to be most pronounced in large cities.

Figure 1c shows awareness levels across educational back-
grounds. In the beginning phase, the postgraduate group (master
or PhD) exhibited the highest awareness percentage which contin-
ued into the growth phase, revealing that educational background
could be an important variable driving early pandemic awareness
or preparedness. Highly educated demographics seem to have had
an advantage in picking up on news and rumors of the epidemic ef-
fectively, resulting in earlier and therefore more extensive access to
scarce resources when they were still available. Throughout the
peak and post-peak phases, individuals with postgraduate and
bachelor degrees share similar awareness patterns. Individuals
with lower educational levels exhibit the lowest awareness

Table 1. Five different phases (20) of the cryptic period of COVID-19 with specific real-world events

Phase Time period Definition News/Social events
Normal 2019 December 1 to 2019 All province-level awareness percentages < 0.001% 2019 December 8: A COVID-19 case was reported
December 30 in retrospective studies (17)
Beginning 2019 December 31 to First province-level awareness growth rate > 100% and 2019 December 31: Wuhan MHC released a
2020 January 18 national awareness percentage > 0.001% briefing (pneumonia outbreak)
2020 January 5: Wuhan MHC reported 59 cases of
viral pneumonia
2020 January 16: Strict exit screening measures
activated in Wuhan
Growth 2020 January 19 to 2020  Second province-level awareness growth rate >100% and 2020 January 20: China NHC confirmed
January 22 national awareness percentage >0.001% human-to-human transmission
Peak 2020 January 23 to 2020 ~ More than 95% provinces’ awareness growth rates > 10% 2020 January 23: Wuhan lockdown
January 26 and national awareness percentage > 0.1%
2020 January 24: Hubei activated first-level public
health emergency
2020 January 25: China activated first-level public
health emergency
Post-Peak 2020 January 27 to 2020 ~ More than 95% provinces’ awareness growth rates < 10% 2020 January 31: WHO declared the novel

February 26

and continuously drop for at least 3 days

coronavirus outbreak a PHEIC
2020 February 2: Wuhan launched quarantine
strategies
2020 February 11: WHO named COVID-19
officially
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Fig. 1. The patterns of awareness diffusion (five Phases). a) The diffusion of awareness and reaction. The Y-axis on the left represents the daily
growth in the aware population (dotted line), and the Y-axis on the right corresponds to the daily cumulative aware populations (dash-dotted line).
There are two peaks on the daily trends: 9,289,545 newly aware on 2020 January 23 (Wuhan lockdown) and 11,655,320 newly aware on 2020 January
25 (30 provincial-level regions activated first-level public health emergency). b) The geographic awareness distributions (366 cities) on four
representative days of different phases. The size of the circle indicates aware population, the color indicates the awareness percentage, the triangle
represents the epicenter, and the squares represent the city with most aware individuals. The initial awareness surged from the epicenter Wuhan
(in the beginning phase), and gradually spread across the whole country with the increasing in pandemic severity. c) The awareness percentage
trends of different education groups (for four representative days of different phases). In the beginning phase, the group with graduate degrees led a
higher aware percentage after Wuhan MHC released a pneumonia outbreak briefing (2019 December 31). The similar trends can be observed in
growth phase when China NHC confirmed human-to-human transmission (2020 January 20). During the peak phase (after Wuhan lockdown), the
aware percentages of graduate and bachelor groups were close and higher than the college or lower group. This trend continued during the
post-peak phase. d) Neighborhood awareness ratio (between aware individuals’ aware neighbor percentage and unaware individuals’ aware
neighbor percentage) following three types of social relations. In the beginning phase, all three social relations can diffuse pandemic information
efficiently (ratios >8), while family relation showed the highest diffusion efficiency (ratios € [63.9, 128.7]). After the growth phase, it is hard to
differentiate aware and unaware individuals’ neighbors (ratio converges to 1). The basemap used in Figure 1 is sourced from the National Platform
for Common Geospatial Information Service, China (Map Approval Number: GS (2024) 0650) and complies with Chinese laws and regulations. This
map is for illustrative purposes only, used to visualize research data without any political or territorial assertions.
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percentage across all phases (e.g. on average, the awareness per-
centage of the postgraduate group is 4.39 times that of the college
or lower group during the beginning phase). As a result, they are like-
ly to have responded more slowly to the emerging pandemic, and
may have been more vulnerable in terms of pandemic preparedness
and access to PPE.

In Fig. 1d, we explore changes in how awareness propagates
through different types of social relations, by defining a “social
neighborhood awareness ratio,” i.e. the ratio of the aware neigh-
bor percentage of aware individuals to that of unaware individu-
als across different phases (see Supplementary Material, 3.D for
the detailed math definition). In this context, the term “social
neighbors” refers to individuals who are directly connected to a
person through a particular social relationship. We infer familial,
work, and educational relations (represented by the family, work-
mate, and schoolmate networks, respectively) in this study. For
each social relation type, the neighborhood awareness ratio re-
veals the degree to which awareness diffuses through the specific
type of relation. From Fig. 1d, we observe that, in the beginning
phase, familial relations can be particularly influential for infor-
mation diffusion, and work relations can be more important
than educational relations. In the later stages, the potential im-
pact of all these relations may have declined rapidly due to the ag-
gressive speed with which the pandemic spread across society.

Changes in awareness across the different social relationship
types can be informative. Note that one cannot use these data
to infer causality, due to the (latent) homophily (21). We caution
against overinterpreting these differences, as each type of social
tie may be influenced by varying levels of homophily and other
confounding variables.

Gender, marital, and child-presence analysis

Figure 2 shows differences between early awareness changes ac-
cording to marital, gender, and child-presence status. The cut-out

1 1 1
1 ' '
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zooms in on details for 10 days after the NHC (National Health
Commission of China) confirmed human-to-human transmis-
sion. The Male-aware/Female-aware ratio trend line shows how
awareness changed over time according to gender. Notably, the
ratio does not change monotonically, indicating that certain
events can trigger differential effects in male and female popula-
tions. For instance, the two events when (i) “Wuhan MHC (Wuhan
Municipal Health Commission) released a briefing about the
pneumonia outbreak” (2019 December 31) and (ii) when “strict
exit screening measures were activated in Wuhan” (2020
January 16) corresponded to a drop in the Male-aware/
Female-aware ratio (from 1.05 to 0.6), whereas the event of “The
NHC confirmed human-to-human transmission” (2020 January
20) corresponded to a sharp increase in the ratio. This phenom-
enon suggests that women may be more sensitive or receptive
toindications of an emerging pandemic. This gender gap however
seems to be narrowing as the severity of the pandemic and public
awareness increases, echoing prior studies (22-24) which show
gender differences in risk perception and risk aversion.

NoChild-aware/HasChild-aware ratio trajectory shows thatin-
dividuals with children are much more likely to react to the emer-
ging pandemic than those without children. This is observed
throughout the entire data coverage (ratio < 1), with the ratio
reaching 0.48 before “The NHC confirmed human-to-human
transmission.” This ratio trend dropped 13% when “Wuhan MHC
released a briefing about the pneumonia outbreak” (2019
December 31), indicating that individuals with children have
greater awareness of an emerging pandemic during the beginning
phase of cryptic transmission period.

The trend of Married-aware/Unmarried-aware ratio reveals
that a higher percentage of individuals in the married group
would search PPEs, well before “Wuhan MHC released a briefing
on the pneumonia outbreak in the city” (peak on December 30,
with ratio=1.73). As pandemic concerns diffused through the
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Fig. 2. The awareness trends across different demographic groups with important news events. Each line represents cross-group awareness ratio
(R=Pg,/Pg,. Ris the cross-group awareness ratio, and Pg, is the percentage of aware people in the group G;). When the first official pandemic briefing
released (2019 December 31), females, with-children, and unmarried groups reacted more quickly (cross-group awareness ratio trend-lines dropped).
After strict screening tests were activated in Wuhan (2020 January 16), females, with-children, and unmarried groups showed stronger awareness
strengths (awareness ratio trend-lines dropped and kept declining). After the NHC confirmed human-to-human transmission (2020 January 20), male and
without-children groups began to show significant awareness strengths (awareness ratio trend-lines began to rise). It was not until the Wuhan lockdown
(2020 January 23) that the married group began to show a relatively stronger level of awareness compared with the unmarried group (married-aware/
unmarried-aware ratio trend-line began to rise). A base-10 log scale is applied for the Y-axis.
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entire population, the growth rate of awareness in the unmarried
group accelerated. However, it was not until “Wuhan lockdown”
(2020January 23) that the ratio began to rise again, indicating a re-
surgence in the relative awareness growth of the married group
compared with the unmarried group.

Occupation and purchasing power analysis

Occupation and purchasing power (indicating income) inferred
from eCommerce data reveal economic and social inequality dur-
ing pandemic early stages.

As shown in Fig. 3, the awareness percentage of hospital staff
leads other occupations during the normal and beginning phases
(0.16-0.45%). When “Wuhan MHC released a briefing on the pneu-
monia outbreak” (on 2019 December 31), hospital staff became
aware more rapidly compared with other communities. The
awareness percentage of the research and education group which
includes teachers, researchers, and students (2.67%) surpassed
that of hospital staff group (2.65%) on 2020 January 20,
when “China NHC confirmed human-to-human transmission.”
Throughout the growth phase (2020 January 19 to 2020 January
22), the research and education group (0.39-25%), hospital staff
(0.69-20.6%), white-collar employees (0.39-18.5%), and govern-
ment employees (0.3-18.02%) maintained a high awareness per-
centage, whereas the awareness of “agriculture, forestry, animal
husbandry, and fishery” group (0.16-10.9%), blue-collar workers
(0.18-12.19%), and individual operation and service staff (0.17-
13.74%) grew more slowly. The peak phase (2020 January 23 to
2020 January 26) shared a similar pattern on 2020 January 26, after
“all 30 provincial-level regions activated first-level public health
emergency.” The awareness percentage of research and education
(66.25%), hospital staff (58.53%), government employees (56.89%),
white-collar employees (56.13%), and individual operation and

100% 50%
30%

10%

10%

Aware p tage of Education
group leads after growth phase.

1% 5%

01/21 01/22 01/23

Aware percentage

0.1% Hospital staff aware first.

0.01%

service staff (52.38%) exceeded 50%, but the awareness percen-
tages of agriculture, forestry, animal husbandry and fishery
(44.03%) and blue-collar workers (48.38%) grew more slowly. It
was not until “WHO officially named COVID-19” on 2020
February 11 that the awareness percentages of all occupation
groups exceeded 95%. We also estimated individual purchasing
power as a proxy to their income levels, enabling a comparison
of awareness levels across income levels, which is crucial to gauge
socioeconomic inequities. For all occupations, high-income
groups seemed to have become aware of pandemic more quickly
than low-income ones. We visualize the purchasing power of
aware individuals on four representative days from each phase
in Fig. 3 which highlights the income gap between communities
that became aware earlier and later. Based on daily awareness
growth rates, we found that the highest purchasing power groups
(levels 6 and 7) maintained high growth across the beginning,
growth, and peak phases. In contrast, the lowest purchasing
power group (level 1) was slower to be aware, only becoming the
fastest-growing in the later stages (after 2020 January 25).
Among occupations, “hospital staff” and “education/research”
showed rapid awareness growth in the earlier phases; while
“workers” and “agriculture, forestry, animal husbandry, and fish-
ery” were slower to be aware, only becoming the fastest-growing
groups after 2020 January 27. When comparing the impact of oc-
cupation and purchasing power on awareness, occupational
groups generally showed higher daily maximum growth rates,
leading on 64 out of 88 days. This suggests that occupation may
have a stronger influence on awareness than purchasing power.
Detailed information on awareness percentages and daily aware-
ness growth rates is available in Supplementary Material, 2.D.
Overall, in the beginning stage of the pandemic, we found that
high-income, well-educated individuals, and females became
aware earlier than other groups, potentially affording them better

70% Agriculture, forestry, animal-husbandry,
and fishery group and worker group

suffer from delayed response.

01/29 01/30 01/31 02/01 02/02 02/03 02/04
T

12/02 12110 12118 12126 01/03

Occupation

. Agriculture forestry animal-husbandry and fishery
. Company employee

I Education/Research

. Government employee

. Hospital staff

. Individual operation/service staff

I worker

Purchasing power

2018-12-31
Beginning

0‘11’1_? 01/27 ‘ 02/04 02/12 02120 02/28
1

2020-01-20

2020-01-23
Growth Peak

2020-01-31
Post-Peak

Fig. 3. Awareness (percentage) patterns for different occupation groups (upper subplot); a base-10 log scale is applied for the Y-axis; the left cut-out
zooms in on details for 5 days around the Wuhan lockdown (2020 January 23); the right cut-out zooms in on details for 7 days around WHO declared the
new coronavirus outbreak (2020 January 31) in the post-peak phase. The hospital staff kept the highest awareness percentage (0.16-0.45%) in the whole
beginning phase. In the growth phase, the education/research group surpassed hospital staff and became the most aware group (0.39-25%), while
agriculture forestry animal-husbandry and fishery were the least group (0.16-10.09%). The peak phase showed a similar pattern; education/research was
the most aware group (37.24-66.25%) while agriculture forestry animal-husbandry and fishery were the least one (16.86-44.03%). The gaps of different
occupation groups shrank during the post-peak phase. The lower subplot visualizes four representative days of different phases, and the Y-axis is the
average purchasing power of the aware population from different occupation groups. Results show that high-income people respond to the emerging

pandemic more quickly than low-income people.
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opportunities to access and purchase scarce resources.
Meanwhile, social relationships, familial in particular, may have
played a key role in the diffusion of awareness.

Geographic socioeconomic, cultural, and
structural factor analysis

In terms of the geographic distribution of awareness dynamics
(Fig. 1b), we found that awareness is strongly related to the geo-
graphic location. This observation inspired us to further explore
the geographic factor(s) that shaped pandemic awareness, and
their dynamics. We first focus on three main geographical factors:
distance to the pandemic epicenter (Wuhan), confirmed COVID-19 case
numbers, and local Gross Domestic Product (GDP). We rank the geo-
graphic locations based on the mentioned three factors and com-
pare these to their ranking based on population awareness
percentages for each day in the time period under consideration.
See Supplementary Material, 4.C for detailed information.

We measured the statistical dependence between factor-based
geo-rankings and awareness percentage geo-rankings by calculat-
ing their Spearman rank-order correlation (25). Figure 4 visualizes
the trends of these three rank correlation coefficients. Overall, a
city’s awareness percentage and its distance to the epicenter are
negatively correlated, and a province’s confirmed COVID-19 cases
and GDP (province rankings) are positively correlated with aware-
ness. The degree of positive correlation between cases and aware-
ness began to increase on 2019 December 31 (0.31) and rose
rapidly from 2020 January 19 (0.38), 1 day after “the NHC organized
and sent a high-level expert team to Wuhan.” It peaked on 2020
January 24 (0.76), when “Hubei activated the first-level public
health emergency,” one day after the “Wuhan lockdown.”
Subsequently, the coefficient decreased from 0.76 to 0.26. The cor-
relation coefficient between GDP and awareness percentage

r2019-12-31

exhibited a similar trend, where the degree of positive correlation
started to grow notably on December 31 (0.64), reached peak on
2020 January 20 (0.76), and then fell back (0.76 to 0.34). In other
words, economic gaps matter in COVID-19 awareness, and people
from lower-income locations are less aware of the pandemic than
those from higher-income locations. This information gap can
lead to inequalities in pandemic preparedness.

Additionally, we examined the time-evolving correlations be-
tween a series of socio-cultural and structural factors and region-
al awareness distributions. These factors include cultural tightness
(26, 27), percentage of paddy rice (28), technology innovation index (29),
proportion of illiterate population (aged 15 and above), and percentage of
multiethnic households. We found significant positive and negative
correlations between these factors and awareness during the
cryptic transmission period, which became more pronounced as
the pandemic progressed: these correlations began to strengthen
notably during the beginning phase, peaked during the growth or
peak phase, and weakened in the subsequent stages. Specifically,
cultural tightness was positively correlated with awareness.
Higher illiteracy rates and a greater proportion of multiethnic
households were associated with lower awareness. In contrast,
higher paddy rice percentages and a higher technological innov-
ation index were positively correlated with awareness. See
Supplementary Material, 4.C for detailed information.

These findings can be explained by cultural dimensions theory
(30), tightness-looseness theory (27), and social capital theory (31).
These theories highlight how inequalities in social structure, cul-
tural diversity and resource distribution can lead to differences in
information dissemination and processing, behavioral responses,
and adaptability. Cultural dimensions theory suggests that cul-
tural tightness, characterized by strict norms, can facilitate
more effective information dissemination and quicker responses
during pandemics (32), helping to unify public health responses
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Fig. 4. The trends of geography-related Spearman’s rank correlation coefficients: distance to epicenter (Wuhan) vs. awareness percentage (for 366 major
cities); confirmed COVID-19 cases vs. awareness percentages, GDPs vs. awareness percentages, cultural tightness vs. awareness percentages, paddy rice
percentages vs. awareness percentages, technology innovation indexes vs. awareness percentages, illiterate population proportions vs. awareness
percentages, multiethnic household percentages vs. awareness percentages (31 provinces). Following the beginning phase, factors such as the distance
from the epicenter, the proportion of the illiterate population, and the percentage of multiethnic households exhibit a negative correlation with
awareness. In contrast, the number of confirmed COVID-19 cases, GDP, percentage of paddy rice, and technological innovation index show a positive

correlation with awareness.
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and reduce information gaps. The connection between rice farm-
ing and tight social norms (28) may explain why regions with
greater paddy rice cultivation exhibit higher awareness during se-
vere pandemic phases. Historically, the cooperative capabilities
developed through rice farming foster greater collective mobiliza-
tion and social cohesion in response to public health threats, con-
sistent with tightness-looseness theory. Social capital theory
emphasizes the negative impact of social inequality on pandemic
responses. High illiteracy rates often indicate an unequal distribu-
tion of educational resources (33), while language barriers and
cultural differences in multiethnic households can hinder infor-
mation dissemination (34). Enhanced technological capabilities
may improve risk perception (35) and scientific prevention behav-
iors (36), leading to more effective awareness. Overall, these in-
sights suggest that in collectivist cultures with unequal social
capital, pandemic awareness depends on the level of available so-
cial capital. Groups with higher social capital achieve greater
awareness, while those with lower social capital face disadvan-
tages. Cultural tightness, emphasizing strict norms and collective
action, can help mitigate these disparities by promoting consist-
ent and timely awareness. However, rising social inequalities
weaken overall awareness, especially for disadvantaged groups.

The impact of real-world events on population
awareness

Our results hint at factors that are associated with awareness and
may shape a population’s reaction to an emerging pandemic.
During the cryptic transmission period, several communities can
advance a faster awareness response to local and public events,
e.g. local news from the epicenter. When the pandemic news spread
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nationally, awareness spread to all communities. Local, national,
and international news can make different contributions to the dif-
fusion of awareness. In general, the impact of national events out-
performs local ones, e.g. “China NHC confirmed human-to-human
transmission” (2020 January 20) is the landmark of the growth phase,
while some local events alerted certain communities. Meanwhile,
different awareness hysteresis effects may result from various
events, e.g. after “Wuhan MHC released a briefing about the pneu-
monia outbreak,” the aware population increased by 10% within
1.5h, 50% after 58h, and 100% after 9 days. Contrastingly, after
“China NHC confirmed human-to-human transmission,” the aware
population increased by 10% just in 38's, 50% after 4 h and 34 min,
and 100% after 12 h and 26 min.

Modeling the dynamics of public awareness

Dynamic awareness modeling with regression

Our study focused on a descriptive analysis of the socioeconomic
factors that may affect an individual’s ability to make adequate
preparations for their health and protection. Can pandemic
awareness be meaningfully predicted from these factors? We in-
vestigate this matter by modeling individual pandemic awareness
with a logistic regression model (37) where the dependent variable
is an individual’s Boolean awareness label set {Li} (individual i’s
awareness label, “aware” or “not aware,” at time t). We employed
11 different independent variables to predict an individual’s
awareness status: Gender, Age, Occupation, Education, Distance to epi-
center, Purchasing power, Child presence, Marital status, and Family/
Schoolmate/Workmate awareness percentages (see Fig. 5). More de-
tailed feature descriptions can be found in Supplementary

1. Demographic Vriables

age Beginning

Gender: Man vs Woman
Marital Status: Married vs Unmarried
Residential Area: Hubei Province

Occupation: Hospital Staff
Relation: Family

Child Presence: Has Child vs No Child

Distance to Epicenter

Growth
Gender: Female
Education: Graduate
Residential Area: Hubei Province
Child Presence: Has Child
Purchasing Power: High
‘ . Relation: Family & Schoolmate

Education: College or Lower vs Bachelor
Education: Graduate vs Bachelor

Purchasing Power

Peak

Gender: Female

Age: [18-24]

Occupation: Education/Research
Education: Graduate
Residential Area: Hubei Province
Child Presence: Has Child
Purchasing Power: High

Family Relation Aware

Schoolmate Relation Aware
Workmate Relation Aware ‘

Post-peak
Education/Research vs Company Employee

Gender: Female

Age: >=50
Occupation:
Government Employee
& Education/Research

Government Employee vs Company Employee

Hospital Staff vs Company Employee
Individual Operation/Service Staff vs
Company Employee

Worker vs Company Employee

&~

Fig. 5. Logistic regression models (left), at different awareness percentage points, visualize the time-evolving trends of odds ratios of demographic and
social relation features. X-axis is aware percentages and Y-axis is the odds ratios of variables. The typical characteristics of an aware individual (right)

across the different phases.
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Material, Table S3. Since we can condition this awareness model
foreach timet, it allows us to characterize an individual’s evolving
awareness status over time.

For the experiment, we randomly sampled 100,000 individuals
(from 94,534,663 individuals) to train time-evolving logistic regres-
sion models. The remaining individuals are retained to estimate
the heterogeneous social networks required for some of the inde-
pendent variables (familial, educational, and professional relation-
ships). We fit a logistic regression model for each time t when the
overall aware percentage increased by 1% (from 1% to 95%) plus
the time points when important real-word events occur, yielding
106 models. Each logistic regression model estimates the log-odds
of an individual becoming aware of the pandemic, i.e. the outcome
that L{ = 1. The results are depicted in Fig. 5. For each timestamp,
only significant variables (P < 0.05) are presented, and Y-axis repre-
sents the odds ratio (see Supplementary Material, 5.B for the de-
tailed regression models and results).

The following observations can be made from the outcomes of
these models. First, the geo-location, gender, child-presence, and
age are the significant characteristics of an individual in the re-
sponse to the emerging pandemic. Individuals close to the epicenter
are able to respond effectively (ORgistance < 1, P < 0.05). The odds of
being aware would significantly decrease for older individuals
(ORage <1, P<0.05) during the growth to post-peak phases.
Second, highly educated and wealthy individuals respond to the
emerging pandemic effectively. In the beginning phase (i.e. aware-
ness percentage = 0.06%), when PPEs and other resources were still
widely available, compared with the individuals with bachelor de-
gree, the low-educated individuals (college or lower) are at a disad-
vantage (OR=0.55, P<0.05) to become aware of the pandemic,
and this disadvantage for them continues throughout the whole ob-
servation period. Compared with the individuals with bachelor de-
gree, individuals with PhD or master degrees show advantages in
the response to the pandemic (OR > 1, P < 0.05) from the growth to
mid-peak phases. The individuals with high purchasing power are
able to respond effectively (OR > 1, P < 0.05) in the whole observa-
tion period. Third, compared to white-collar company employee,
hospital staff can be aware quickly (OR = 2.58, P < 0.05) in the begin-
ning phase; and the individuals with other occupations are at a dis-
advantage (OR < 1, P < 0.05) to become aware in the growth phase.
Fourth, the family and schoolmate relations may be the critical rela-
tions for the awareness diffusion, especially in the early stages. In
the beginning phase, family (ORgmiy = 1.48, P < 0.001) and school-
mate (ORgchoolmate = 1.56, P < 0.001) relations are both significant.

With respect to variables related to chronological “Typical Aware
Individual,” by leveraging significant features (P < 0.05), we character-
ize the typical individual for each phase who is aware of the emerging
pandemic. In the beginning phase, the aware individuals can be close
to the epicenter, work in a hospital, and have aware family member(s).
In the growth phase, aware individuals are more likely to be well-
educated, female, has-child, close to epicenter, and high income.
The aware family and schoolmate relations can be the vital factors
to enhance their awareness probability. In the peak phase, well-
educated, young (age € [18,24]), female individuals with “education/
research” occupation are more likely to be aware. In the post-peak
phase, a typical aware individual can be a senior (age > 50) female in-
dividual. The visualized typical aware individual can be found in Fig. 5.

Discussion and conclusion
Data and methodological strengths

Early time coverage: this study offers a comprehensive analysis of
the cryptic transmission period of COVID-19, from 2019 December

1102020 February 26, capturing the earliest public reactions to the
pandemic. Unlike previous research that primarily focuses on the
post-outbreak stage (38-40), this study provides valuable early
evidence for understanding the formation of awareness and the
dynamics of social behavior during the initial phase of the pan-
demic. Large-scale data analysis: utilizing data from 94 million
individuals and 150 billion query and purchase records from an
e-commerce platform, it employs a large-scale data analysis to re-
veal behavioral differences among various socioeconomic groups,
offering a deeper understanding of the dynamic shifts in social in-
equality during a public health crisis. The data scale in this study
far surpasses that of previous studies (41). Data authenticity and
reliability: by leveraging e-commerce behavior data in its natural
state, the study avoids self-report biases and observer effects.
Compared with studies that rely on surveys or self-report data
(39, 40, 42, 43), this approach can more accurately reflect actual
decision-making behaviors of individuals. Interdisciplinary and
innovative approach: it introduces an innovative interdisciplin-
ary approach by integrating demographic characteristics with
heterogeneous social networks and applying deep learning tech-
niques to large-scale behavioral data, offering a distinct perspec-
tive for analyzing social dynamics and advancing data-driven
methods in social science research.

Theoretical contributions

First, this study highlights the dynamic nature of the pandemic
awareness among different socioeconomic groups by analyzing
mask-related search behaviors rather than actual mask-wearing.
We demonstrate that the spread of pandemic awareness not only
evolves over time but also can be impacted by social inequalities.
This finding broadens previous research on COVID-19 inequalities
(34, 44-47) and pandemic awareness (11, 48), emphasizing that
public awareness is shaped by a combination of socioeconomic
background, social capital distribution, and the progression of
the pandemic. It enriches the theoretical understanding of how
awareness and vulnerabilities shift with changing conditions,
knowledge diffusion, and socioeconomic factors. Second, this
study finds that populations in regions with stricter social norms
and greater cultural tightness exhibit higher levels of awareness
during severe phases of a pandemic’s cryptic transmission period.
Previous research (40, 49) has shown a positive relationship be-
tween collectivism and pandemic compliance. Our research fur-
ther reveals a more nuanced relationship, showing that cultural
tightness and tight social norms may not only influence compli-
ance but also enhance awareness under conditions of uncer-
tainty, thereby fostering more effective collective mobilization
and social cohesion during public health threats. These findings
extend the application of cultural dimensions theory (30) and
tightness-looseness theory (27), highlighting the complex and dy-
namic influence of cultural factors on pandemic awareness.
Third, by examining the specific roles of family, schoolmate, and
workmate relations in the spread of awareness, this study pro-
vides refined insights into how relational dynamics function in
the context of a pandemic. Our findings indicate that during early
pandemic stages, family, and schoolmate relations were identi-
fied as significant channels for awareness diffusion. This finding
challenges the traditional emphasis on broader community or
institutional-level channels, suggesting that personal and direct
relationships may be more effective at certain stages of pandemic
response. This offers a more detailed understanding of how
awareness is distributed and diffused across different social net-
work structures.
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Practical implications

Utilizing E-commerce data for dynamic strategy adjustment:
this study suggests that analyzing behavior data on e-commerce
platforms during the early stages of a pandemic can provide real-
time insights into the spread of awareness. Public health strat-
egies should use this data to dynamically adjust their focus to in-
crease pandemic awareness and promote preventive behaviors.
Targeted interventions for subdivision of disadvantaged com-
munities: public health policies should prioritize interventions
tailored to disadvantaged communities, ensuring equitable ac-
cess to information and resources. Deliberate attention must be
given to subdivision of disadvantaged communities during each
stage of a pandemic’s emergence. By addressing socioeconomic
risk factors and improving information and resource access for
groups with lower social capital, policymakers can bridge aware-
ness gaps and reduce disparities in pandemic outcomes, enhan-
cing community resilience. Optimizing communication through
social networks: public health authorities should effectively util-
ize social networks for information dissemination in the early
stages of a pandemic and continuously adapt their strategies as
the situation evolves. Early interventions can prioritize leveraging
family and schoolmate networks to ensure rapid information dis-
semination to socially disadvantaged groups, thereby raising
awareness and promoting preventive behaviors more effectively.
As the pandemic evolves, these strategies can expand to broader
community engagement, ensuring that measures remain adap-
tive and responsive to changing conditions. Adapting public
health strategies to cultural contexts: the study’s findings indi-
cate that different cultures and social structures lead to varying
responses and dynamics of awareness spread during a pandemic.
Public health policies should adapt to these cultural differences
across various pandemic phases to enhance effectiveness. For in-
stance, in regions characterized by tight social norms, public
health authorities may need to bolster external validation and dis-
seminate information through trusted sources to mitigate poten-
tial delays in awareness. Additionally, leveraging cultural
tightness to enhance pandemic awareness and preparedness,
such as designing public health campaigns to reinforce existing
norms of compliance and collective action, may improve the
speed and consistency of responses.

Conclusion

Our analysis reveals how the information about COVID-19 out-
break unfolded in China, showing a conspicuous information
gap between different populations, in particular during the early
stages of the pandemic. This information gap, combined with sub-
sequent shortages of essential PPE and other supplies, could in-
duce inequities in the health outcomes of millions. Online
purchase patterns show that the most vulnerable demographics
are also the last to become aware of an emerging health crisis,
and therefore least favorably placed to take precautions to protect
themselves, their families, and their wider social network. This
study leverages a large eCommerce dataset to investigate individ-
ual search and purchase characteristics at the individual, familial,
institutional, and societal social level, observing the traces of
emerging awareness through a population and its (inequitable)
diffusion. This study not only expands the theoretical framework
concerning awareness diffusion and social inequality during pan-
demics but also offers practical recommendations for public
health policy. It emphasizes the importance of adopting flexible
and dynamic response strategies during public health crises and
provides valuable insights and practical guidance on

understanding the complex influence of cultural factors and so-
cial structures on pandemic responses.

Notes

#During this time, all 94 million individuals in our dataset were ob-
served to be fully aware of the pandemic. The WHO-China Joint
Mission on COVID-19 reported the main findings of the outbreak
on 2020 February 24, which was 2 days before the end of our obser-
vation period.

Phttps://www.statista.com/outlook/emo/ecommerce/china

“More detailed dataset information, privacy and ethical considera-
tions, and machine learning inference information are available
in the Supplementary Material.

dData from the normal phase can reflect background information.
For instance, during the normal phase, individuals with children
are more likely to search for masks compared with those without
children.
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