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Abstract
While the COVID19 outbreak is making an impact at a global scale, the collective response to the pandemic
becomes the key to analyzing past situations, evaluating current measures, and formulating future predictions. In this

paper, we analyze the public reactions to the pandemic using search engine data and mobility data from Baidu

Search and Baidu Mapsrespecvel v, where we particularly pay attenti
early signals from the collective response to COMID . First, we correlate the numb

to daily search queries of a large number of keywords ¢gfirddynamic Time Warping (DTW) and Detrended
CrossCorrelation Analysis (DCCA), where the keywords top in the most critical days are believed the most relevant

to the pandemic. We then categorize the wsafthksearch, | i st s
such as Wuhan, Mainland China, the USA, and the whole world. Through the analysis on search, we succeed in
identifying COVID-19 related collective response would not be earlier than the end of 2019 in Mainland China.

Finaly , we cengbmethwati on again using human mobility dat:
mobility traces, including the resime population densities inside key hospitals and {citgr travels departing
from/arriving i n Wuhan cantfchamges ha€ He@ witnesse?l befofe Decéhiber,201§.n i y
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1. Introduction

As reported by the World Health Organization (WHO), a global pandemic, CQ9|Mas rapidly spread all over

the world since December, 2018.g., within China [1], the United States [2], European countries [3], etc. The
COVID-19 pandemic is considered as the greatest challenge for humankind since World War 1l [4]. The outbreak of
COVID-19 has been closely monitored by governments, researeinersligital tracing applications,[6]. As early

as January 2, 2020 research [ 7] has conyrmed Huanan se
with most (27 of 44) of the patients from Mainland China, the starting point of the colleetipense to the

COVID-19 pandemic however remains unclear [8].

To analyze the collective response to COMID® digital information turns out t
[6]. For example, mobile phone applications (Appaih beeasily used toa@dn d u c t contact tracing
upon case conyrmation [6]. Wi th data collected from th
for COVID-19related studies [41], e.g., Baidu Migration [12]. Further, search engines, e.g.,uBdid], have

been used to understand social responses to the pandemic from the keywords of massive search queries while
making users welinformed during the outbreak of COVAIDO. In addition, mobility data from Baidu Maps also
demonstrates the collectivesponse from the perspective of mobility [15], where we can compare the massive

mobility traces under the pandemic with the regular patterns in past years, so as to sketch how populations move as a
response to COVIEL9. In summary, please refer todies [1627] for analyzing the collective response to COVID

19 with digital information.

In this work, we focus on the analysis of the collective response in the early stage of the pandemic using both search
data and mobil ity dahesearchSmexdatayfrora Baidy searclw éndex ang modilityt traces

from Baidu Maps, where we intend to explore the potential abnormal changes of collective behaviors in the second

half of 2019. To achieve the goal, with the search index data, we sortaenleywords based on the correlation

bet ween the search volume of the keywbd ubingdwodnethotlse n u mb e
i.e., Dynamic Time Warping (DTW) [2&89] and Detrended Crog3orrelation Analysis method (DCCA) [30].

Then, weperform the correlation analysis from 2014 to 2020 between any two of the four regions, i.e., Wuhan,
Mainland China, the United States (US), and the whole world, using DCCA. From the correlation, we try to identify
abnormal changes and analyze the cooedimg search volume and keywords, where we have not found any
abnormal change before December, 2019 compared to previous years. With mobility data from Baidu Maps, we
analyze the trend of population mobility from 2018 to 2020. We normalize the populatiopow and out pow
June, 2018 to March, 2020, and we analyze the inpow an
to identify the starting point of the collective respo
before ad after the outbreak of COVHR9. Our analysis using search data and mobility data reveals that the

collective response to the COVAD® pandemic started from December, 2019 in Mainland China.
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Compared with the existing work [181, 32], we aim at tracindack the starting point of COVID19 and

observing the collective response in such a critical moment througtséines analysis on search data and mobility

data analysis with massive mobility trachstermsof determiningthe startingmomentof COVID-19, [9-11] infer

the possible origin dates of COWVAD® using dynamical systems and the numbers of cases y r metidne. o v e r
Compared to these studiesyr work revisits the early stage of the pandeifinam the perspectiveof collective

responseusing seach data and mobility data collected from masgiuenbers ofmobile users in a participatory

fashion. To uncover the latent factors of epidemiological dynamic<,6f2 6 ] yt parameterized mc
numbers of cases c thayjinterretdhe madels thraugh rthe physical dnd epidemiological

meaning of every parameter. Compared to these studies, our work does not make any assumptions on the
epidemiological dynamigswhile providing a modelfree analysis on the search and mobility datstdad, we

simply track the collective response through ranking the frequent search keywords and detecting the changes in
popul ation inpow/ outpow Dbdrivewfashion. Finally, nhés sverk imcorporatessdjrecti n a
evidence through mutmodal data fusion, while existing studies [33] rely on inferences and predictions based on

indirect measurements. For example, [33] estimated and compared the volumes of visits to hospitals in Wuhan in

2018 and 2019 using remote sensing data from gaglthen claimed abnormalities detected. We directly sample

the volumes of visits to hospitals in Wuhan from 2018 to 2020 through tracking the massive mobility traces
collected from Baidu Maps, andeconyr m t hat there was no abnormality
December, 2019 in Wuhan.

2. Search Index Analysis

Using search index data, we analyze correlations between the frequent search keywords, related to respiratory
diseases, perdayanckth t r ends of conyrmed cases using DTW-and DCC
term search data from March, 2014 to March, 2020, in four regions, i.e., Wuhan (Baidu Search Index), Mainland
China (Baidu Search Index), the US (Google Trends) and thd {@®oogle Trends), whenge observe the spike of

search trends with keywords related to respiratory diseases during the outbreak. Afterwards, we present the analysis

on the second wave of the COVI® pandemic from March, 2020 to July, 2020, in Beijingpere we observe

consistent patterns appeared in the collective respons:

2.1 Correlation analysis based on DTW and DCCA

We collected three dat as et sl9relatdédekeywords; the sbeohdadataset indudest ai ns
the search index (20142020) from Baidu search index for Wuhan and Mainland China, and Google Trends for the

US and the whole world; the third dataset conl®i sts of
statistics [34].

As both search index dat a an d-serigs @atapie.mdach datacittm assoaiated me d
with a time stamp, we use DTW and DCCA as analytical tools. DTW is introduced to adjust the time stamps and to

match sequences that are simitart out of phase [35]. DCCA is based on detrended covariance to investigate

Archives of Clinical and Biomedical Research Vol. 5No. 37 June 2021 [ISSN 2572-9292]. 315



Arch Clin Biomed Res 2021; 5 (3):13-343 DOI: 10.26502/acbr.501 7067

powerlaw crosscorrelations between different simultaneously recorded-tseees [30]. Both DTW and DCCA

can analyze the timseries data. For every keyword, we estimate thestadion using DTW and DCCA between

the everyday search index of the keyword andntlmberso f conyr med cases per day duri

we believe thetop keywords with highest correlations refer to the most relevant evidence and the cosrelation

esti mated by DTW and DCCA conyrm each other. We rank 1

China, the US, and the world, separately, where the col
T ACovid, o fiepidemic situationomwoiimasked dpnBTWDPNi a, 0
1T ACovid, o0 fAepidemic situafiniucci,ed ci mas kd,00 (fbsatseerdi loinz abG!

I n addition, we9 ynel dthiave COWmDt oms [)33gdnd sfucohamgahsd i d2i Oat

included within the top keywords

To analyze the early stage of the COVID epidemic, we study the correlation of the search index of the high

ranked keywords between any two of the four regions (Wuhan, China, the US, and the world), using DCCA for each

year between 2014 and 2020. We tékena s k, 0 as an e x a manked jn allatise fofirmemienk.0 i s h
From the analysis, we can see that there is no signiy«
December, 2019. The correlation patterns between Wuhan and Chinagtavekn the US and the world, are
consistently signiycant. By the end of 2019, the sear c|
world spiked faster than those in Wuhan or China. It is since the end of 2019, or more particota|2080, that

the COVID19r el ated search volumes have increased signiy ce
Wuhan and China. The search index of the keywords also reveals that the early stage of the collective response to

the COVID-19 pandend began from the end of 2019, i.e., December of 2019.

From Figure la, we can see that the correlations among the four regionsonsistently positive and did not

change much between 2014 and 2019, except in 2015, where positive correlations suggashtbaizing trends

of search keywordglobally. However, the correlations between Wuhan and the world, Wuhan and the US, the
world and China, and the US and China have signiycant|l
overall trends of search index dramatically increadeding the same time, compared with other years. It
demonstrates thexistenceof massive events (i.e., COVAD9) which change the common trends of search at global

scale. Interestingly, prior to COVHD9, we found a short term in 2015 with negative correlationsdstwVuhan

and the world, Wuhan and the US, the world and China, and the US and China. In that year, an outbreak of Middle

East Respiratory Syinome (MERS) was found in Korea 3 6 ] and inpuenced several As
patterns repeat in the stamyso of 2020.
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(a) The correlation oearch index from 2014 to 2020.
(b) Search index in four regions from 2014 to 2020.

Figurel: Analysis of search index from 2014 to 2020.

From search volumes shown i n Fi gWuhan odQhina befere Novechbet, hat t |
2019 were still relatively lower than those in the US or the world, based on a likelihood ratio test (see details in
Supplementary Materials). This result indicates that there was no speciatetesl epidemic in Wuharr €hina

before November, 2019. I n addi ti onincreased franth Becemiyen 2019 hat t
basednthe likelihood ratio test method, and reachegdsak in January, 2020 in Wuhan and China.
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2.2 Search Data Analysis of th&econd Wave in Beijing

After great efforts were put into inhibiting the spread of COMMD the pandemic was mostly under control in
China after May, 2020. However, darketlinuBeigng Wak folnd, whiche yr st
led to a second wave of pandemic in Beijing. This second wave of epidemic persisted for more than a mbnth, and

was contained around the end of July. With previous experience in tackling CQ¥VIfbis second wave waset

with a swift response, not only in news reportage but also in measure implementation. We investigate how the
public reacted to this resurgence of COVIB throughout this entire period by searching frequencies of keywords,

andwef i nd t h a tseiB@nmsistenhwgtidtke pevaous national scenario.

From the analysis, we can see that the general public in Beijing exhibited a high level of attention to the overall

event as the search volume of af empaijdo&miftepa 0k, &k efysvaorr el st, h
ifever, 0 surges significantly following the outbreak o
Figure 2 is an exampl e. However, a few wor dsstreesgs.,,0 fis
which are mostly related to critically ill patients, did not show a noticeable change in search, which is in accordance

with the fact that although the outbreak aroused conce
fromresut ng i n a huge number of signi ycantbhdclintdthelpreyioast i ent s .

levels as normalizeith earlier months, since the epidemic was fully under control afte4July.
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Figure 2: Search index of "nucleic acid" Beijing from March 1st, 2020 to July 20th, 2020.

3. Mobility Traces Analysis
I n this section, we try to ynd abnor mal popul ation mot

starting point of the collective response to COMID. We exploitthe mobility data from Baidu Maps, which
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consists of the inpow and outpow to/from Wuhan, and t hi
June, 2018 to March, 2020.

3.11 n p o woud rpdanalysis

Figures 3 and 4 shawdt bat pomwul aat ivunh ainnposwanni ng from
extracted from the mobility traces from Baidu Maps. Each point of data represiitinpn pow r ef er s t o t h
of people who entered into the cedaghooautihaw cptexzi pyai nta
number of people who |l eft the city on that date. We s ¢
demonstrate a sharper focus on time scale comparison. In addition, all abablet of the mobility dat were

standardized to shed light on a more structured inference on an equal baseline across different times. For a few dates

with missing data, we utilizéhe data from a previous dateestimation
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Figure3: The popul ation indOGAN0) ntDh&WNuihmmowWw2®fL82019 is bet we
31st. The inpow of 2018 is between June 1st and Decemb
Calendar . The inpow of 2020 i s bet weh&emisdignedavithbttatrof 2 2 nd ,
2019 using the Lunar Calendar.
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3.1.1 Analysis ofinpaws shown in Figure 3, we -rglated respdnsetto thehe c ol
pandemicoccurredaround January 24th (Spring Festival), 2020, basetith&k el i hood rati o test m
data shown in Figure 3, we align inpow traces from Jan
1st, 2019. We obtain data starting from June?2018st , 201
started from the second half of the figure. As we can
high level of superposition, especially similar pattern trends in corresponding time spots for peaks and troughs. The
peaks that hammed around June 9th, September 15th, and October 6th were mainly due to Chinese national
holidays, including the Dragon Boat Festival, the Midit umn Fest i val , and National Da
for family gatherings, travel, or other leisure pugmsThe 2018 lindisplays a stable trend bounded around 0 and 1
throughout the second half of the year, while the I ine
holiday, compared to previous parts of the year. Yet, the overall tsestddady, withous i gcant stumbling. The

line representing inpow of 2020 contains the inpows f
Figure 3, we align the yearly traces according to the Lunar Calendar for better comparison. We cdnsskbot
happened around Spring Festival due to the national h o

decline in inpow appr oaXdsithe gandemicsbegeandthaChida anreouhced ttaset e o f

restrictions. Fromdt he popul ation inpow traces, we conclude that f
FestivalinWuhat o mpared to previous yeardés data, which i mplies
3.1.2 Analysis ofout pAsv: shown in Figure 4, with the analysis of

mobility related response to the pandemic has happened around Spring Festival, based the likelihood ratio test
method. In Figure 4, twbnes of 2018 and 2019 exhibit a higavel of superposition, with peaks around national

holidays similato scenariosni npow di agr iforsthe lattepastof20i9ytheo u t p foom October to

December maintain a paralleling trend, indicatimigaberrant leaving or public pani€he increasing slopes the

out pow aink0l1%ana2020aas Wuhama city with abundantigrantworkers. Yet, we can see some

abnormal hump# the outpow at January 11th, 2020, wheceu t psowvw vi ousl y aboveleelhe previ
probaby suggesting an onset of COVAI® and more people leaving the cityavoidit. It is after Spring Festival

that we witnessinautsijgnowcaapp de adoleapgrgximating tinaplyidgahatd i z e d

the startof the collectiveresponseo the pandemic is likely to have happened around Spring Festival.
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Figure 5: Population data of hospitals in Wuhan 289
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Finally, the combination of the anal ysi s mabilityrelatddow and
response to the pandenaccuredthree days before Spring Festival, ianuary 21st, 2020. For speculating a point
asastartofthe ol | ecti ve response to the pandemic, we need to
inpow. If people were aware of abnormal events, people within the city would want to leave and people outside of
theci ty would not want to enter. Yet , we do not note an
out pow during ttthee yearonidn had 9 .ofWe ynd an abnor mal peak
and a higher increase in outpow than the pwtinthous yeal
data, we also see a hightyf yci ent governmeht omeasasr ot mpli efmewt and ou
travel restrictions (from/to Wuhamyereannounced on January 23rd, 2020, hitting an unprecedented level of almost

-2, and this low level persisted afterwards.

3.1.3 Analysis of population in the hospitals of Wuhan: Figure 5 shows the normalized total population in 26
hospitals of Wuhan, i nc | witd then Wuhan iUrivergity aof Sditace pnd Texhnologyf y | i a't
mentioned in [33], which have accepted COWID patients. Each point of data represehéspopulation index at

that speciyc category of |l ocations on each date spanni
Maps. All absolute values of the mobility data were normalized to shed light on a more structured inference on time

sale comparison. For days that we miss, we use data from a previous dstienation Especially for 2018, where

we may observe from the exceptionally parallel and latidercurve, we are missing some parts of data.

As well, the analysis of thpopulation in the hospitals of Wuhan suggests that the collective response did not start
before the end of 2019. By concentrating on the ygure
suspected that COVH29 infections had begun at the seddralf of the year [33], so we mainly focus on the latter

part of this timeline. The two lines of 2018 and 2019 were matched in similar trends. Generally, we see a nearly
parallel shape from June to mBeptember. It is after mieptember that we see aabrible climbing trend of

population visiting hospitals, and the higher level persists as a plateau shapbeuatiti of theyear. Despite

considerable missing parts of 2018 data, we can still see a jump betwegaanm@verage level and eoft year

average population level as population visiting hospitals may rise due to seasonal; regsopsople are more

contagious and vulnerable to diseases when temperatures fall. Yet, we can see that the gap between the peak levels
happening in the end of 201and the peak levels happening in the end of 2018 remains almost unchanged, as in
early periods in the year. Thus, the trend did not sho
greatly reduces the strength of any suspicion that thectivke response to the pandemic might have begun in fall of

2019 [33], as the number of people visiting hospitals did not withess any aberrant rise in trends compared to the

previous year.

4. Conclusion
A search index is an important indicator for monitoring the outbreak of a pandemic. In this work, we analyzed the

correlation of search index correspondingto COM®r el at ed keywords. We yrst ranke
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the correlation of the search indexnd t he number of c elndy.r mWeal fcawmred toHatCC
Afcough, 6 and Adiarrhead are within the 28 highly ranke
we analyzed the correlation between any two regions among the four régfohan, Mainland China, the US, and

the world). We found that the correlatiomsd the search index did not change much (because of COS)Ibefore

December, 2019, in Wuhan or in Mainland China. We thus argue that the collective activities st@r¢dember,

2019 in Mainland China.

Furthermore, we analyzed the mobility data of Wuhan an
cl ai m. By comparing the trends in the second half of Z
from the previous year, indicating that the start of the collective response to the pandemic occurred after December,

2019. Additionally, the increasing outpow and decreasi

the data of Baidu migran in Wuhan in the second half of 2019, further supporting the claim.
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Appendix
In this section, we present the details on data normalization, correlation analysis of other keywords, and some other
details.

1. Data Normalization

To visualize the search index data of keywords in dif
normalized data. In Figures 1, S1, S2, S3, S4, S5, S6, S7, S8, S9, S10, S11, S14 and S15, we visualized the search
index data of different keywds in four regions, i.e., Wuhan, China, the US, and the world. Given the search index

of a keyword in a region from January, 2014 to June, 2020, we normalized the data-ssorg &tandardization.

Given the overall volumes of the search volumeinaregid r om January, 2014 to June, 2
mean value and the standardwigr i on val ue of the search index as O and
search index in each region as

DatalndexValue—p

Normalize(DatalndexValue) = -

In this way, the search index of each keyworthm study is normalized to almostthea me s cal e, whi ch yt
same ygure. Similarly, data normalization was also aj

population in the hospitals ®/uhan fromJune, 2018 to March, 2020.
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2. ChangePoint Analysis

Changepoint analysis for time series is an increasingly important part of statistics. A epaimjés an instance in
time where the statistical properties before and after this time point differ. Chaimdedetection is the task of
ynding changes in the underlying model of a signal or time series. Cipaigtedetection concerns both detecting

whether or not a change has occurred and identifying the times of any such changes.

We use a Likelihood Ratio Test for the Chaipgént analysisGiven a timeseries data

2|0.~N(6,, 1).
the means,— are piecewise constant through time. In the paper, we infer the number and position of the points at
which the mean changes. To detect a single chauiet, we can use the (ledjkelihood ratio test statistic:

LR = max,{£(z1..) + £(2¢+1y+) — £(Z1a)}.
Whered ( A) is a cost f u n c t -ofditnof thehsubsidgnal tm & specaific enadel. giieeo(lgogn e s s
likelihood of the model with a change will provide an improvement over the model with no change and additional
parameter s al walThus, we infera ohargme oti hnet Vi tf LR > o for some (sui
called the penalty. When we infer a chaipgént, its position is estimated as
T = arg?ax{{?(zl:,.) + U Banyr) = €(z10)}

3. Ranking Results

In this section, we present the detailed ranking results using DTVD@@A. Table S1 represents the ranking of

the top 28 keywords in Wuhan using DTW and DCCA. From the table, we can see that the common highly (top 10)
ranked keywords ar e ACOVI D, o AEpi demi c situation, 0 f
il ntfieocnd based on DTW and DCCA. |In addition, fAMasko is
the ranking of the top 28 keywords in China using DTW and DCCA. The common highly ranked keywords are
ACOVI D, 0 ANucl eic aci dono O0fi Raunndn yf Hyopsoex, edomifaSot ebraisleidz aotni DT W
AiMasko is also highly ranked using DTW (8th) and DCCA |

Table S3 demonstrates the ranking of the top 28 keywords in the US using DTW and DCCA. The common highly
ranked keywor dda sak ,.edo AfC®tVd Di, 10i Ziati on, 06 ABody temperatur
DCCA. AMasko is al so highl yDCCAa(bs. &able 84sdenmogstraltes thehranking ¥ ( 2 n d
the top 28 keywords all over the world, using DTW and DCCA. The comhighly ranked keywords are

ACOVI D, o i Mask, 0O ASterilization, 0o ABody temperatur e, (

=11

Respiratory failureo based on DTW and DCCA. AMasko is
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Rankings Keywords (based on DTW) Keywords (based on DCCA)
1 COVID COVID

2 Epidemic situation Epidemic situation
3 Nucleic acid Nucleic acid

4 Mask NCP

5 Pneumonia Hypoxemia

6 Sterilization Sterilization

7 Asthenia Infection

8 Sorethroat Contagion

9 Infection Pneumonia

10 NCOV I npammati on
11 Medical case Medical case

12 Tachypnea Runny nose

13 Hypoxemia IAsthenia

14 Respiratory distress Sorethroat

15 Body temperature Body temperature
16 Fever Respiratory distress
17 NCP Mask

18 I npammati on Dehydration

19 Diarrhea Dyspnea

20 Contagion Tachypnea

21 Dry cough Diarrhea

22 SARS NCOV

23 Dyspnea Respiratory failure
24 Dehydration Fever

25 Runny nose Dry cough

26 Respiratory failure Cough

27 Stuffy nose Stuffy nose

28 Cough SARS

TableS1:Keywor d
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Rankings Keywords (based on DTW) Keywords (based on DCCA)
1 COVID COVID

2 Nucleic acid Epidemic situation
3 Epidemic situation Nucleic acid

4 Runny nose l npammati on
5 Medical case Hypoxemia

6 Sterilization Runny nose

7 Hypoxemia NCP

3 Mask Sterilization

9 Body temperature Contagion

10 Pneumonia Infection

11 Respiratory distress Body temperature
12 I npammati on Mask

13 Infection Dehydration

14 Asthenia Medicalcase

15 Sorethroat Pneumonia

16 Tachypnea Sorethroat

17 Fever Respiratory distress
18 NCOV Dyspnea

19 NCP IAsthenia

20 Contagion Diarrhea

21 Dry cough Tachypnea

22 SARS Fever

23 Diarrhea Respiratory failure
24 Dehydration NCOV

25 Dyspnea Stuffy nose

26 Respiratory failure Cough

27 Stuffy nose Dry cough

28 Cough SARS

TableS22.Keyword ranking in China. ANCPO represents fl

4Correlation Analysis of fAiCougho and ADiarrheabo
In this section, we present the correlatom al ysi s on fAMask, 0 ACough, & and #fADi e

are considered as key symptoms for COMI®in [33].
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41Correlatonanal ysi s of fAMask?©o
The search volumes of

DOI: 10.26502/acbr.501 7067

fimasko in four regions

e shown

Rankings Keywords (based on DTW) Keywords (based on DCCA)
1 COVID Mask

2 Mask COVID

3 Sterilization Sterilization

4 Body temperature Body temperature

5 SARS Food refusal

6 NCOV Respiratory failure

7 Epidemic situation Respiratory distress
8 Food refusal Hypoxemia

9 Dry cough Epidemic situation
10 Fever Nucleic acid

11 Respiratory distress IAsthenia

12 Infection Dry cough

13 I npammati on Dehydration

14 Dyspnea Dyspnea

15 Sorethroat Hypoxemia

16 Diarrhea SARS

17 Runny nose Medical case

18 Hypoxemia Diarrhea

19 Pneumonia NCP

20 Cough Il npammati on
21 Contagion Fever

22 Dehydration Sorethroat

23 Stuffy nose Stuffy nose

24 Asthenia Runny nose

25 Tachypnea Pneumonia

26 Nucleic acid Cough

27 Medical case NCOV

28 NCP Contagion

Table S3: Keyword ranking ind S .
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42Correlatonanal ysi s of fACougho

Similar

between 2014 and 2019. In 2015, the correlations bedess significant, which may also have been caused by the
out break of Middle East

to Amask, 0 as

Respiratory

DOI: 10.26502/acbr.501 7067

shown in Figure S3,

Rankings Keywords (based on DTW) Keywords (based on DCCA)
1 COVID COVID

2 Mask Mask

3 Sterilization Sterilization

4 Body temperature Body temperature

5 SARS Food refusal

6 Food refusal Respiratory distress
7 Epidemic situation Respiratory failure
8 NCOV Hypoxemia

9 Respiratory distress Epidemic situation
10 Respiratory failure Dyspnea

11 Dyspnea Dry cough

12 Il npammati on Medical case

13 Contagion Dehydration

14 Sorethroat Nucleic acid

15 Fever Tachypnea

16 Pneumonia Sorethroat

17 Runny nose Il npammati on
18 Hypoxemia Asthenia

19 Infection Fever

20 Diarrhea Runny nose

21 Tachypnea SARS

22 Asthenia Diarrhea

23 Medical case Stuffy nose

24 Cough Contagion

25 Stuffy nose NCP

26 Nucleic acid Pneumonia

27 NCP Cough

28 Dehydration NCOV

TableS4:Keywor d
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However, the correlations have changed to be negative in 2020. In addition, the search index also significantly
increased in 2020 in Wuhan and China, which indicates the collective response to the T84didemic in 2020.

To analyze the ebr stage of the outbreak of COVHDO, we zoom in on 2019 and 2020. Figure S4 shows that the

search volumes increased much faster inad&World than inWuhanandChina from August, 2019 to December,

2019. This result indicates that there was no evidence to support the outbreak efretaigt epidemic in Wuhan

or China before December, 2019, compared with the US and the whole world. In addition, Figure Shatihes

search volumes of fAcougho increased from November, 201
China. The volumes spiked significantly in Wuhan and China in December, 2019 compared with the US and the
world. This is due to the fact thaarly confirmed cases were found in December, 2019 [3], [37].
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1 2 3 4 5 6 7 B 9 10 1 1

(d) The US & théworld. (e) China & theWorld (f) China & the US

Figure S22Compari son of the search volume of fimasko bet

normalized data.

= World-Wuhan -- World-US World-China == Wuhan-US Wuhan-China - - US-China
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(a) The correlation of search index from 2014 to 2020 (b) Searchindexin four regiondrom 2014to 2020.

Figure S3:Anal ysi s of search index of fACougho fronm

(a) Wuhan & the US (b) Wuhan & China (c) Wuhan & the world
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