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Abstract

Background: The sudden outbreak of COVID-19 has placed an unprecedented pressure on China's public health system. It is
imperative to strengthen the capacity of early surveillance and early warning to build a sound public health system. Therefore, it
is necessary to improve the multi-channel monitoring and early warning mechanism to improve the ability of real-time analysis
and judgment.

Objective: To explore the correlation of COVID-19 spread with Baidu search data in Beijing, so as to evaluate the possibility of
monitoring the epidemic situation of COVID-19 with Baidu search data.

Methods: This study compared the daily case counts of COVID-19 outbreak from January 20 to March 1, 2020 with Baidu
search data for the same period in Beijing. After keyword selection, filtering and composition, the most correlated lag of the
COVID-19 Baidu Search Index (CBSI) was used for comparison and linear regression model development.

Results: Our findings showed a positive relationship of CBSI and the confirmed cases of COVID-19 (?=0.711, P < .001). The
strongest correlation between COVID-19 confirmed cases and indices, CBSI, was at alag of -11 days. The regression coefficient
?1 of the established regression model was equal to 1.042 (P<.001), R2 was equal to 0.7, which indicated that Baidu search data
could reflect 70% of the variation in COVID-19 cases.

Conclusions: COVID-19 Baidu Search index may be a good monitoring indicator for early detection of COVID-19 outbreaks.
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Abstract[] Background: The sudden outbreak of COVID-19 has placed an unprecedented pressure
on China's public health system. It is imperative to strengthen the capacity of early surveillance and
early warning to build a sound public health system. Therefore, it is necessary to improve the multi-
channel monitoring and early warning mechanism to improve the ability of real-time analysis and
judgment.

Objective To explore the correlation of COVID-19 spread with Baidu search data in Beijing, so as to
evaluate the possibility of monitoring the epidemic situation of COVID-19 with Baidu search data.
Methods This study compared the daily case counts of COVID-19 outbreak from January 20 to
March 1, 2020 with Baidu search data for the same period in Beijing. After keyword selection,
filtering and composition, the most correlated lag of the COVID-19 Baidu Search Index (CBSI) was
used for comparison and linear regression model development.

Results Our findings showed a positive relationship of CBSI and the confirmed cases of COVID-19
(p=0.711, P < .001). The strongest correlation between COVID-19 confirmed cases and indices,
CBSI, was at a lag of -11 days. The regression coefficient 1 of the established regression model was
equal to 1.042 (P<.001), R* was equal to 0.7, which indicated that Baidu search data could reflect
70% of the variation in COVID-19 cases.

Conclusion COVID-19 Baidu Search index may be a good monitoring indicator for early detection

of COVID-19 outbreaks.
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Introduction

Since the beginning of the new millennium, communicable diseases have emerged continuously.
The severe acute respiratory syndrome (SARS) in 2002 and the Middle East respiratory syndrome
(MERS) in 2012 were all spread around the world ™. In 2019, the novel coronavirus (SARS-CoV-2)
which caused the Novel Coronavirus Disease 2019 (COVID-19), is considered to be the third highly
pathogenic coronavirus after MERS-CoV and SARS-CoV in the 21st century™ . The continuous and
regular emergence of coronavirus has posed a major threat to human health and economy.

However, we still have many unknowns about SARS-CoV-2, such as its intermediate host, its
animal-to-human transmission mode and so on'. Therefore, it is very important to develop a
monitoring system to monitor or track the spread of COVID-19 so as to make a correct report and an
instant reaction. Traditional surveillance systems, which are based on passive or sentinel surveillance
in outpatient clinics or hospitals, are limited by insufficient reporting, delayed diagnosis and
inadequate laboratory services, which may resulting in getting inaccurate number of the cases™®. The
development of real-time and accurate surveillance of communicable diseases remains a real
challenge for the world.

Digital surveillance systems based on Internet search data can provide important information
about the emergence and spread of diseases'”’ and can be used to complement traditional health care-
based surveillance systems'®. For example, some studies use Google flu trends to accurately track
influenza outbreaks in real time'®'”, The occurrence of a number of infectious diseases, including
influenza, gonorrhea and erythema limb pain, has been linked to the Baidu searching Index (BSI)
11121 BSI is the data that Baidu's searching volume provided to the public in the form of a weighted
index. Baidu is the world's largest Chinese search engine with the highest domestic market share!™,

and its search data is highly representative in China. However, to our knowledge, previous studies
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had focused on the possibility of monitoring infectious diseases by using searching data from
previous several years.There were few studies on the feasibility of using short-term and timely data
to monitor the spread of communicable diseases. Therefore, this study used BSI to obtain timely
searching data about COVID-19, then explored the relationship between COVID-19 searching
behavior and COVID-19, so as to evaluate the feasibility of using search data to monitor the
epidemic situation of COVID-19.

At the same time, this study also explored the relationship between temperature changes and
COVID-19 to determine whether temperature can be used in conjunction with searching data to
monitor COVID-19 epidemic situation.

Methods

Data Sources

Outbreak data. COVID-19 is diagnosed based on epidemiological history, clinical
manifestations and etiological evidence*.In this study, the daily autochthonous case counts of
COVID-19 from January 20 to March 1, 2020 in Beijing were collected from Beijing Municipal
Health Commission.

Baidu search data Baidu is the most popular Internet search engine in China. Baidu search
index (BSI)'™ contains the search volume of a large number of keywords entered by Baidu users
since June 2006. User’s privacy is also maintained because only term frequency data is available.
Daily search data can be provided at the municipal, provincial, and national levels. This study
collected Baidu search data of COVID-19-related keywords in Beijing for a total of 42 days from
January 20, 2020 to March 1, 2020 from BSI.

Temperature data According to previous studies, low temperature is conducive to the
transmission of some Virus "%, Therefore, this study collected the low temperature data from January
20, 2020 to March 1, 2020 in Beijing to directly explore the relationship between low temperature

and COVID-19 cases. The temperature data were obtained from a free weather inquiry website in

https://preprints.jmir.org/preprint/29578 [unpublished, non-peer-reviewed preprint]
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Chinese, the Weather Post report "',
Keywords selection and filtering
Keywords selection is a crucial issue in monitoring disease development based on Internet
search data, which directly affects the ability and accuracy of monitoring. However, there are no

(18] Previous studies generally chose the

clear guidelines or criteria for the selection of keywords
name, clinical symptoms or diagnosis of the disease as its primary keywords**°\. This study used the
name of COVID-19 in Chinese and Baidu keyword search website® to obtain COVID-19-related
keywords in order to minimize the omission of major terms. The relevant keywords in the site are
recommended by different sites: Baidu, portals, blogs, and online reports using semantic correlation
analysis, etc. After inputting the core terms, we obtained 70 related keywords with search
volume(Supplementary Table 1). However, more keywords do not necessarily result in better
results'”?, because some of the recommended keywords are not closely related to the epidemic
situation of COVID-19 in Beijing, which may reduce the monitoring capacity of the surveillance
system. Therefore, we collected Beijing's search data from Baidu and filtered the keywords
according to the following two steps:

1) We deleted keywords that were not related to the COVID-19 epidemic in Beijing, and 41
keywords left (Supplementary Table 2).

2) The Spearman rank correlation coefficient (pi ) between the BSI of each keyword and the
daily new cases of COVID-19 during the study period was then calculated. Keywords with
correlation coefficients less than 0.4 and those whose correlations were not statistically significant (P
> .05) were excluded. Finally, there remained 25 keywords (Supplementary Table 2)

COVID-19 composite Baidu search index (CBSI) calculation
The last 25 keywords left were used to calculate the COVID-19 composite Baidu search index

(CBSI). The weight of each keyword was determined by the correlation coefficient (pi). The

calculation formula of CBSI is as follows:

https://preprints.jmir.org/preprint/29578 [unpublished, non-peer-reviewed preprint]
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weighti= np;l
2 pi
=1 (1)
CBSI= Z weight i X keywordi
=1 )

Where n is the number of keywords, keyword; and weight; represent the Baidu search index of
the i™ keyword and the weight of the i keyword, respectively.

Statistical analysis

Spearman rank correlation analysis was used to evaluate the correlation between CBSI, low
temperature and the daily confirmed COVID-19 cases in Beijing during the study period. Time-series
cross-correlation analysis was applied to evaluate and quantify the time-lag linear correlation
between two time series data. In the present study, the time-series cross-correlation analysis was
carried out between BSI and daily confirmed cases in Beijing. Then the time lag with the largest

correlation coefficient was selected to establish a linear regression model as follows:

Daily new =, + 8, *CBSI, + ¢ 3)

Where Daily new represents COVID-19 case counts, CBSI, denotes the lag CBSI with the
largest correlation, f, as the regression coefficient. The model estimates the case count 1 days later,
based on the Baidu search data for the current day

All analyses were conducted by R software version 4.0.0, and P< .05 indicated a statistically
significant difference.

Results

General description

Based on the filtering analysis, 29 out of the 70 keywords were not closely related to the
epidemic situation of COVID-19 in Beijing, 16 keywords were excluded because the correlation with

the case data was not statistically significant or the correlation coefficient was less than 0.4, and at

https://preprints.jmir.org/preprint/29578 [unpublished, non-peer-reviewed preprint]
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last 25 keywords were left (Supplementary Table 2). Among all the remaining keywords, 52% were
about symptoms of COVID-19.

The overall trend of daily confirmed COVID-19 cases, CBSI and low temperature in Beijing
from January 20, 2020 to March 1, 2020 were shown in figure 1 and figure 2. The peak of CBSI
appeared on January 21, and the daily confirmed cases reached the peak after 11 days.The overall
trend of the two figures was similar (Figure 1). Figure 2 showed us the opposite trend between low

temperature and newly confirmed cases.
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Figure 1. CBSI and Daily COVID-19 case counts during the study period.
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Figure 2. Low temperature and Daily COVID-19 case counts during the study period.

Spearman rank correlation results

The low temperature data, CBSI and the daily COVID-19 case counts in Beijing from January
20 to March 1, 2020 were shown in scatter plot matrix and fitted to the regression line (Figure 3).
The relationship between low temperature, CBSI and COVID-19 was analyzed through Spearman
correlation analysis. The picture and the results of analysis showed that the low temperature was
statistically negatively correlated with the daily confirmed COVID-19 cases (p =-0.61 P < .001, see
Table 1), and the CBSI value was positively correlated with the daily confirmed COVID-19 cases (p

=0. 711, P <.001, see Table 1).
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Figue 3. Scatterplot matrix among CBSI, low temperature and Daily COVID-19 case counts

Table 1. The results of Spearman correlation analysis between low temperature, CBSI and

Daily COVID-19 case counts are presented

subject p P-value
low temperature -0.61 2.98x10°
CBSI 0.711 4.701x107

https://preprints.jmir.org/preprint/29578 [unpublished, non-peer-reviewed preprint]
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Time-series cross correlation analysis
Time-series cross correlation analysis demonstrated that daily COVID-19 occurrence to be
positively correlated with daily CBSI at the negative time lags of 2—13 days (Figure 4). That is,
search data for CBSI 2-13 days in advance was positively correlated with the current number of
COVID-19 cases. The strongest correlation between CBSI and daily COVID-19 case counts was
found at negative lag of 11 days. We then graphed the curves of daily COVID-19 case counts and
CBSI at negative lag 11 over the outbreak period (Figure 5). It was clear that the search data

accurately capture the changes in the daily case count.

cross-correlation
02z
|

-0.2

Lag

Figure 4. Time series cross-correlation between CBSI and Daily COVID-19 case counts.

Confidence intervals (95%) are indicated by the dashed lines (X axis: lag value, Y axis:CCF value).
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Figure 5. CBSI and Daily COVID-19 case counts at lag -11days

The linear regression model

A linear regression model was established to predict the daily new cases with CBSI. The values
of CBSI at negative 11-day lag and COVID-19 case counts was taken and then transformed into
logarithms. The model was fitted with independent variable of logarithm of CBSI and dependent
variable of logarithm of COVID-19 case counts according to equation (3). The coefficient (5 1) for
the linear regression model was 1.042 (P < .001). The R* was 0.7, suggesting that the search Index
could explain 70% of the variation in daily case counts. The scatter fitting regression diagram was

shown in figure 6.
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Figure 6. Linear regression fitting diagram of logarithm of CBSI at negative 11-day lag and
logarithm of COVID-19 case counts

Discussion

Main Results

This paper mainly studied the correlation between the number of daily confirmed COVID-19
cases and the composite Baidu search index of COVID-19(CBSI) related keywords from January 20,
2020 to March 1, 2020 in Beijing, to evaluate the feasibility of using search data to monitor the
development of the epidemic. A preliminary study had also been made on the correlation between
low temperature and the number of COVID-19 cases to assist in epidemic surveillance. The results
showed that there was a high negative correlation between low temperature and the daily confirmed
COVID-19 cases, while a high positive correlation between CBSI and the daily COVID-19 case
counts. The positive correlation between CBSI search data 2-13 days in advance and the current
number of daily COVID-19 cases was statistically significant, among which the CBSI 11 days earlier
had the strongest correlation with the current number of daily COVID-19 cases. After taking the
logarithm of the former two, a linear regression model was established, and the regression coefficient

B 1 was equal to 1.042 and R* was equal to 0.7.
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Temperature is an essential factor in people's living environment and plays a significant role in
the development and control of epidemic in public health!'**?¥, A specific temperature may be most
suitable for the reproduction of the virus, and the lower temperature contributes to its spread. Chin et
al. ' showed that SARS-CoV-2 survived for a long time at 4 °C, but its resistance was 5 minutes at
70 °C, and confirmed that SARS-CoV-2 was more resistant than other viruses on smooth surfaces,
such as steel and plastic. DavidN.Prata et al®®. studied the relationship between temperature in the
capitals of Brazilian states and COVID-19 infection, and found a negative linear relationship.

The results of this study indicated that temperature played an important role in the outbreak of
COVID-19 in Beijing. The lower the temperature is, the higher the number of daily confirmed cases.
The reason for this may be that the virus survives longer at low temperatures and is more likely to
spread through large droplets or contact. This result was consistent with previous studies on SARS.
In particular, the analysis of SARS data and climate in four Chinese cities revealed that temperature
was a powerful indicator of the spread of SARS-CoV, and low temperature increased the risk of daily
incidence '), Similar results have also been obtained from the study by AurelioTobias et al. on the
relationship between COVID-19 and temperature in Barcelona, Spain™. This could provide a clue
for understanding the temperature-transmission relationship of COVID-19. So the predicted weather
conditions, together with other monitoring results, can be used to estimate the propagation of
COVID-19.

In recent years, the Internet-based monitoring system, as an effective and innovative method to
improve the prevention and control of infectious diseases, has been increasingly explored. For
example, online digital disease surveillance tools based on Google trends and Google observations

929301 However, investigations on Baidu search data

have been mined and reported by some studies'
are not numerous. The current research attempted to explore the possibility and application of Baidu

search data for timely and sensitive monitoring of the COVID-19 epidemic in Beijing. Our results

clearly showed that there was a positive correlation between the occurrence of COVID-19 and Baidu

https://preprints.jmir.org/preprint/29578 [unpublished, non-peer-reviewed preprint]
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search data, which provided the possibility to use search query monitoring data to further supervise
the occurrence of COVID-19.

The results of cross-correlation can indicate the extent to which Internet-based data can give
early warning of disease outbreaks. Our findings indicated that the CBSI of COVID-19 related
search term can be present and be increasing 2-13 days before the epidemic occurs. The peak
emerged at the 11 day earlier. To some extent, this result is consistent with that of Cuilian Li’s
research which found that the peak of the online search data about COVID-19 was 10-14 days ahead
of the daily incidences peak in China®. Generally, because a confirmatory laboratory test takes two
or three days at first, the real lag time could be two or three days. If the negative results was false due
to improper sampling site, low viral load and virus mutation were taken into account'®”, then the
diagnosis lag might be longer. Thus, search engine data may reflect the actual disease outbreaks
earlier than conventional monitoring, as many people use internet searches to obtain health

(33351 If people experienced symptoms similar to COVID-19,

information before consulting a doctor
such as fever, cough, or fatigue, or suspected that they were close contacts, people usually wanted to
determine whether they may be COVID-19, so they as well as their relatives often used online
search engines, such as Baidu, for information retrieval®®. In this study, 52% of the remaining
keywords were about symptoms, which to some extent confirmed the above view. Given the
uncertain conditions associated with emerging diseases, such earlier information for infectious
diseases surveillance will help make decisions related to disease prevention and treatment. This kind
of digital monitoring system has a more obvious effect on the communicable diseases little known
by population. Through the submitted operation of the public, a good disease surveillance effect can
be achieved. In addition, there are many advantages of using search engines for digital surveillance:
the data can be acquired earlier, more easily, and at a lower cost than by traditional surveillance

techniques'®**. Therefore, in order to improve the performance of disease surveillance, it is

essential to combine digital monitoring systems on the basis of traditional monitoring systems.

https://preprints.jmir.org/preprint/29578 [unpublished, non-peer-reviewed preprint]
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The linear regression model based on the data with logarithm of CBSI and COVID-19 showed
that R*> was 0.7, indicating that Baidu search data could reflect 70% of the variation in the number of
COVID-19 cases 11 days later. That is to say, the change in the number of COVID-19 cases was
relevant to the increased behavior of searching for keywords about the disease on the Internet 11
days before. This suggests that COVID-19 composite Baidu search index may be a good monitoring
index for early detection of COVID-19 epidemic.

Limitations

This study has certain limitations. First, Baidu will not release search data for keywords when
there is not enough search volume, which may lead to underestimation of relevance. Second,
although the selected keywords capture the trend of epidemic data well, due to the diversity of online
search habits, there may be some omissions. Third, many factors affect individual search behavior,
for example, different Internet access levels may affect the accuracy of BSI®. Previous research
reports have also shown that media biases can adversely affect Internet-based surveillance
systems*4%,

Conclusions and Recommendations

In summary, the search data of COVID-19 obtained by Baidu search index may be a good
monitoring indicator for early detection of an outbreak of COVID-19, especially when combined
with temperature change monitoring.

So far, most research on Internet-based surveillance systems is a retrospective analysis of
performance, and few studies have explored how to transform Internet-based surveillance systems
into public health responses. Therefore, the key to future research is to integrate the digital
surveillance system into the traditional surveillance system. So, how to choose keywords more
scientifically, how to incorporate influencing factors into models to improve the accuracy and
sensitivity of surveillance, and how to conduct public health responses based on surveillance data

and so on are all problems to be solved. Moreover, global surveillance is also a future research

https://preprints.jmir.org/preprint/29578 [unpublished, non-peer-reviewed preprint]
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Supplementary Table 1. Initial keywords and Baidu recommended keywords are presented
Initial keywords Baidu recommended keywords

1 00000000 1 000000000 37 00000000000

(Novel coronavirus pneumonia) (Symptoms of novel coronavirus (Early symptoms of novel coronavirus

2000000 pneumonia) pneumonia)

(COVID-19) 2 (0000000 38 00000000000

30000 (Novel coronavirus pneumonia) (How to prevent and treat COVID-19)

(NCP) 3 l0000ooo 39 000000000

(News of COVID-19)

4 000000000

(Latest news of COVID-19)

5 000000000

(The symptoms of COVID-19)

6 JUOOOOOOOOOOOO

(What are the symptoms of COVID-19)
7 000000000000

(Latest news on the novel coronavirus
pneumonia)

8 0000000
(COVID-19 self-test)

9 J000000000
(Novel Coronavirus
outbreak)

10 0000000000
(Initial symptoms of COVID-19)
11000000

(COVID-19)

12 (00000000000

(Can a dry cough be COVID-19)

13 0000000
(COVID-19 viruses)

Pneumonia

(Symptoms of COVID-19 virus)

40 J000O0OCOOCO

(Handwritten report on prevention of COVID-
19)

41 0000000000

(How long is the incubation period for
COVID-19)

42 000000000

(Early stage of novel coronavirus pneumonia)
43 0000000000

(Incubation symptoms of COVID-19)
440000000

(Fujian COVID-19)

45 (0000000000

(Handwritten report on fighting COVID-19)
46 1000000000

(The incubation period for novel coronavirus
pneumonia)

47 J0000000000

(The characteristics of COVID-19)

48 [I00000000O00OOCE0O0O

(What symptoms are novel Coronavirus
infected pneumonia)

1410000000000 49 (00000000000

(What is COVID-19) (The symptoms of novel coronavirus
15 000000000 pneumonia are infectious)

(COVID-19 Manuscript) 50 00000000

16 00000000000 (The incubation period for COVID-19)
(Temperature of fever in COVID-19) 51 0000000000

17 000000000000 (Symptoms of novel coronavirus pneumonia)
(COVID-19 fever intensity) 52 0000000

18 J0000000OOO (The performance of COVID-19)

(COVID-19 Manuscript Picture) 53 000000000000

19 J000000O0oOO (Pneumonia symptoms of novel coronavirus
(COVID-19 epidemic progress) infection)

20 00000000000 54 J000000000CO

(Early symptoms of COVID-19) (Symptoms of pneumonia infected by novel
21 00000000 coronavirus)

(Wuhu COVID-19) 55 J00000OOO0N0O0O0O0GO

22 D0O0000OGO (What are the symptoms of COVID-19)
(Real-time dynamics of CIVID-19) 56 00000000000

23 0000000000 (What is the transmission of new coronary
(Novel Coronavirus Pneumonia pneumonia?)

Manuscript) S7#10000000000#

24 N000000O0OOEO (# Novel Coronavirus infected pneumonia #)
(COVID-19 epidemic situation 58 (JJOU00000O0

combing) (Diagnosis of novel coronavirus pneumonia)
256 00000000000 59 (0000000000

(Latest situation in noval coronary (COVID-19’s incubation period)

pneumonia) 60 J000000000C00000

26 000000000 (Medical staff were infected with COVID-19)
(Yancheng COVID-19) 61 J0000000000O000000G

27 l000000O0O0OOO (COVID-19 is included in the management of
(Latest news of COVID-19) legal infectious diseases)

28 (0000000000 62 [HOOO000000000000
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(Pneumonia  infected by  Novel
Coronavirus)

2940000000000

(#How to prevent and treat COVID-
19#)

30 00000000

(COVID-19 symptoms)

31 000000000

(Novel coronavirus-infected
pneumonia)

32 00000000000

(Real-time  status of COVID-19
epidemic)

33 000000000

(Latest situation of COVID-19)

34 1000000000

(How is COVID-19 diagnosed)

35 (0000000000

(Content of COVID-19 handwritten
report)

36 J00000000O000

(Covid-19 mamuscript of Elementary

(Ministry of Foreign Affairs responds to
COVID-19 epidemic)

63 (000000000

(Real-time rumor refutation of COVID-19)
64 (00000O0000OOO0

(U.S. confirmed second case of COVID-19)
65 (0000000000000

(France confirms two cases of COVID-19)

66 (000

(NCP)

67 00000000000

(What are the symptoms of novel coronavirus
pneumonia)

68 00000

(The symptoms of COVID - 19)

69 0000000000

(Is cough COVID-19?)

70 0000000000

(Could the cough be COVID-19)

school students)

Supplementary Table 2. Preliminary screening keywords and remaining keywords are presented

Preliminary screening keyword Remaining keywords

1 000000000 10000000

(Symptoms of novel coronavirus pneumonia) (Novel coronavirus pneumonia)
20000000 2 [O0000OO0000O0

( Novel coronavirus pneumonia) (What are the symptoms of COVID-19)
30000000000 3000000

(The symptoms of COVID-19) (COVID-19)

4 J00000NOOOOOOG 410000000000

(What are the symptoms of COVID-19)
500000000

(COVID-19 self-test)

6 J000000000

(Initial symptoms of COVID-19)

7 000000

(COVID-19)

8 0000000000

(Can a dry cough be COVID-19)

9 0000000000

(What is COVID-19)

10 Q0000000000

(How many degrees does COVID-19 fever have)
11 000000000000

( Covid-19 fever intensity)

12 (00000000000

(Early symptoms of COVID-19)

13 (0000000000

(Pneumonia infected by Novel Coronavirus)
1440000000000

(#How to prevent and treat COVID-19#)

15 00000000

(COVID-19 symptoms)

16 000000000

(Novel coronavirus-infected pneumonia)

17 000000000

(How is COVID-19 diagnosed)

18 (00000000000

(Early symptoms of novel coronavirus pneumonia)

19 JO000o0oooao

(Pneumonia infected by Novel Coronavirus)
s#00000000000#

(# How to prevent and treat COVID-19#)

6 0000000

(COVID - 19 symptoms)

7 0000000000

(Novel coronavirus-infected pneumonia)

8 000000000

(How is COVID-19 diagnosed)

9 J0000000000O

(Early symptoms of novel coronavirus pneumonia)
10 000000000000

(How to prevent and treat COVID-19)

11 (000000000

(Symptoms of COVID-19 virus)

12 00000000000

(How long is the incubation period for COVID-19)
13 J0000000000

(Incubation symptoms of COVID-19)

14 (0000000000

(The characteristics of COVID - 19)

15 JHO00000OO000O0O0

(What symptoms are novel Coronavirus infected
pneumonia)

16 (00000000000

(The symptoms of novel coronavirus pneumonia are
infectious)

17 000000000

(The incubation period for COVID-19)

18 JHON0000O0
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(How to prevent and treat COVID-19) (Symptoms of novel coronavirus pneumonia)

20 000000000 19 00000000

(Symptoms of COVID-19 virus) (The performance of COVID - 19)

21 0000000000 20 (000000000000

(How long is the incubation period for COVID-19) (Pneumonia symptoms of novel coronavirus infection)

22 000000000 21 (00000000000

(Early stage of novel coronavirus pneumonia) (Symptoms of pneumonia infected by novel
23 0000000000 coronavirus)

(Incubation symptoms of COVID-19) 22 JI00OOOODOOOOOGa

24 D0000O0OOO (What are the symptoms of COVID-19)
(The incubation period for novel coronavirus 23#0000000000#

pneumonia) (#Novel Coronavirus infected pneumonia#)
25 (0000000000 241000000000

(The characteristics of COVID-19) (Diagnosis of novel coronavirus pneumonia)
26 [H000OD0O00000O0O00 25 0000000000

(What symptoms are novel Coronavirus infected (COVID-19’s incubation period)
pneumonia)

27 (00000000000

(The symptoms of novel coronavirus pneumonia are

infectious)

28 (J0000000

(The incubation period for COVID-19)

29 J000000000

(Symptoms of novel coronavirus pneumonia)

30 (0000000

(The performance of COVID-19)

31 000000000000

(Pneumonia symptoms of novel coronavirus infection)

32 (00000000000

(Symptoms of pneumonia infected by novel

coronavirus)

33 JU00ODOOOOOOOO0O

(What are the symptoms of COVID-19)

34#]1000000000#

(# Novel Coronavirus infected pneumonia #)
35 000000000

(Diagnosis of novel coronavirus pneumonia)
36 0000000000

(COVID-19’s incubation period)

370000

(NCP)

38 (00000000000

f(What are the symptoms of novel coronavirus
pneumonia))

39 (00000

(The symptoms of COVID - 19)

40 (0000000000

(Is cough COVID-19?)

41 (0000000000
(Is coughing a COVID-19)
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Abbreviations

COVID-19: coronavirus disease

CBSI: COVID-19 composite Baidu search index
MERS: Middle East respiratory syndrome
SARS: severe acute respiratory syndrome
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CBSl and Daily COVID-19 case counts during the study period.
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Low temperature and Daily COVID-19 case counts during the study period.
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Scatterplot matrix among CBSI, low temperature and Daily COVID-19 case counts.
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Time series cross-correlation between CBSI and Daily COVID-19 case counts.
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CBSl at lag -11days and Daily COVID-19 case counts.
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Linear regression fitting diagram of logarithm of CBSI at negative 11-day lag and logarithm of COV1D-19 case counts.
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