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Abstract 

Background  It is difficult to detect the outbreak of emergency infectious disease based on the exiting surveillance 
system. Here we investigate the utility of the Baidu Search Index, an indicator of how large of a keyword is in Baidu’s 
search volume, in the early warning and predicting the epidemic trend of COVID-19.

Methods  The daily number of cases and the Baidu Search Index of 8 keywords (weighted by population) 
from December 1, 2019 to March 15, 2020 were collected and analyzed with times series and Spearman correlation 
with different time lag. To predict the daily number of COVID-19 cases using the Baidu Search Index, Zero-inflated 
negative binomial regression was used in phase 1 and negative binomial regression model was used in phase 2 
and phase 3 based on the characteristic of independent variable.

Results  The Baidu Search Index of all keywords in Wuhan was significantly higher than Hubei (excluded Wuhan) 
and China (excluded Hubei). Before the causative pathogen was identified, the search volume of “Influenza” 
and “Pneumonia” in Wuhan increased with the number of new onset cases, their correlation coefficient was 0.69 
and 0.59, respectively. After the pathogen was public but before COVID-19 was classified as a notifiable disease, 
the search volume of “SARS”, “Pneumonia”, “Coronavirus” in all study areas increased with the number of new onset 
cases with the correlation coefficient was 0.69 ~ 0.89, while “Influenza” changed to negative correlated (rs: -0.56 ~ -0.64). 
After COVID-19 was closely monitored, the Baidu Search Index of “COVID-19”, “Pneumonia”, “Coronavirus”, “SARS” 
and “Mask” could predict the epidemic trend with 15 days, 5 days and 6 days lead time, respectively in Wuhan, Hubei 
(excluded Wuhan) and China (excluded Hubei). The predicted number of cases would increase 1.84 and 4.81 folds, 
respectively than the actual number of cases in Wuhan and Hubei (excluded Wuhan) from 21 January to 9 February.

Conclusion  The Baidu Search Index could be used in the early warning and predicting the epidemic trend of COVID-
19, but the search keywords changed in different period. Considering the time lag from onset to diagnosis, especially 
in the areas with medical resources shortage, internet search data can be a highly effective supplement of the existing 
surveillance system.
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Introduction
Coronavirus disease 2019 (COVID-19) was a novel 
acute infectious disease reported in Wuhan, China in 
early December 2019. It spread quickly to all parts of 
the country in the next one month as the large popu-
lation movement with the Chinese New Year com-
ing. As of March 15, 2020, a total of 80,860 confirmed 
cases and 3,213 deaths have been reported in mainland 
China [1, 2]. COVID-19, as an emerging infectious 
disease, it was hard to detect based on the traditional 
surveillance systems [3]. The time lag for detecting the 
outbreak in the early stage was far from optimal for 
policymakers making decisions [2], especially for this 
fast and widely spread infectious disease.

Internet search engine data can play important role 
in predicting the diseases outbreak. It has been widely 
suggested as a supplement method to improve infec-
tious disease surveillance [4, 5] and had successfully 
used in outbreak detection [6–8]. In China, Baidu is a 
leading internet search engine that offers similar fea-
tures and services as Google, more than 90% of inter-
net users prioritize using Baidu as a search tool to 
retrieve information of interest [9]. Baidu Index is a 
data analysis platform based on Baidu’s massive Inter-
net users’ behavior data, which can provide the Baidu 
Search Index to tell users how large a keyword is in 
Baidu’s search volume over a period of time (includ-
ing overall trends, PC trends, and mobile trends) by 
calculating the weighted sum of the search frequency 
of each keyword in Baidu web search [9]. After the 
epidemic of COVID-19, several studies have focused 
on the prediction of COVID-19 in China using Baidu 
search data [10–12]. However, previous studies mainly 
focus on the period after COVID-19 was classified as a 
notifiable disease and the surveillance system was built 
in China. The search terms were limited to “COVID-
19 (新冠肺炎) or (新型冠状病毒肺炎)” and “corona-
virus (冠状病毒)”. Whether the internet search data 
can be used in early warning of COVID-19 before the 
pathogen was confirmed and the disease was named 
hasn’t been evaluated. Moreover, as the epidemic situ-
ation in Wuhan, Hubei (excluded Wuhan) and China 
(excluded Hubei) were different, the search behavior 
and the search terms may different, especially before 
and after the causative pathogen was confirmed. The 
objectives of this study were to investigate the predic-
tive utility of Baidu Search Index in the early warning 
of COVID-19 and predicting the epidemic trends in 
Wuhan, Hubei (excluded Wuhan) and China (excluded 
Hubei). The effectiveness of comprehensive control 
measures was also be evaluated.

Methods
Data source
The study period was from December 1, 2019 to March 
15, 2020. The daily number of new onset cases in Wuhan, 
Hubei and China before COVID-19 was notifiable in 
China (before January 20, 2020) was obtained from the 
publications [2, 13, 14] by using GetData Graph Digi-
tizer software to capture and simulate the epidemic curve 
of COVID-19. The daily number of confirmed cases 
after January 20 (including the clinical diagnosis cases 
between February 12 to 14, 2020 in Wuhan and Hubei 
as the Fifth Edition of COVID-19 Diagnosis and Treat-
ment Scheme in China changed the reporting criteria) 
was obtained from China National Health Commission 
(http://​www.​nhc.​gov.​cn/​xcs/​yqtb/​list_​gzbd.​shtml) and 
Hubei Health Commission (http://​wjw.​hubei.​gov.​cn/​
bmdt/​ztzl/​fkxxg​zbdgr​fyyq/​xxfb/). The daily search query 
data of the Baidu Search Index for individual keywords 
was achieved from the Baidu Index Platform (https://​
index.​baidu.​com/​v2/​index.​html#/). The keywords mainly 
focus on some diseases with similar symptoms or caused 
public concern, including 8 Chinese terms: “Pneumonia 
(肺炎)”, “SARS (非典) or (非典型肺炎)”, “Coronavirus (
冠状病毒) or (新型冠状病毒)”, “COVID-19 (新冠肺炎) 
or (新型冠状病毒肺炎) or (新冠)”, “MERS (中东呼吸综
合征)”, “Influenza (流感) or (流行性感冒)”, “Avian Influ-
enza (禽流感) or (人感染高致病性禽流感)” and “Mask 
(口罩) (including N95)”. As the COVID-19 epidemic 
waves in Wuhan, Hubei and China were different, for 
comparison, all data analysis were separated into Wuhan, 
Hubei (excluded Wuhan) and China (excluded Hubei), 
respectively. The Baidu Search Index per million popula-
tion was used to evaluate the people’s search behaviors. 
The population data of Wuhan and Hubei in year 2019 
were achieved from Hubei Statistical Yearbook (http://​
tjj.​hubei.​gov.​cn/​tjsj/​sjkscx/​tjnj/​qstjnj/) and for China was 
achieved from China Statistical Yearbook  (http://​www.​
stats.​gov.​cn/​tjsj/​ndsj/).

Statistical analysis
As the search keywords might change with more 
knowledge about COVID-19, the data analysis was 
classified into 3 phases according to the key events 
that may affect people’s search behaviors. Phase 1 was 
from December 1 (7  days before the first case onset) 
to December 31, 2019 (Wuhan Municipal Health 
Commission issued an internal alert and the National 
Health Commission sent the rapid response team 
to Wuhan) [2], which caused the public’s great con-
cerned. Phase 2 was from January 1 to 20, 2020. Dur-
ing this period, the Huanan seafood market in Wuhan 
was closed on January 1 [2] and the causative pathogen 

http://www.nhc.gov.cn/xcs/yqtb/list_gzbd.shtml
http://wjw.hubei.gov.cn/bmdt/ztzl/fkxxgzbdgrfyyq/xxfb/
http://wjw.hubei.gov.cn/bmdt/ztzl/fkxxgzbdgrfyyq/xxfb/
https://index.baidu.com/v2/index.html#/
https://index.baidu.com/v2/index.html#/
http://tjj.hubei.gov.cn/tjsj/sjkscx/tjnj/qstjnj/
http://tjj.hubei.gov.cn/tjsj/sjkscx/tjnj/qstjnj/
http://www.stats.gov.cn/tjsj/ndsj/
http://www.stats.gov.cn/tjsj/ndsj/
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was detected on January 7 [15]. The first announce-
ment of human-to-human transmission was made on 
January 20, 2020 and COVID-19 was classified as a 
notifiable disease in China on the same day. Phase 3 
was from January 21 to March 15, 2020, COVID-19 
was closely monitored and strong intervention meas-
ures were taken in this period, and it being well con-
trolled in China after mid-March.

The daily number of cases (by symptom onset date in 
the first two phases and by laboratory confirmed date 
in phase 3) and Baidu Search Index (per million popu-
lation) was plot to explore the search keywords that can 
be used in the early warning of COVID-19. Their cor-
relation coefficient was also explored with the results 
were shown without time lag in the first two phases 
while in different time lag in phase3 by considering the 
time lag from onset to laboratory confirmed. Kruskal–
Wallis Rank Sum Test was used to compare the Baidu 
Search Index volume (per million population) in dif-
ferent areas and phases. In phase 1, as it was common 
for the daily number of cases to be zero, zero-inflated 
negative binomial regression model was used to predict 
the epidemic trend of COVID-19 [16]. The dependent 
variable was the number of cases. And the daily num-
ber of cases in China (excluded Hubei) used the data 
in Hubei to instead as it was all zero. In phase 2 and 
phase 3, negative binomial regression model was used 
to predict the epidemic trend of COVID-19 due to the 
data were over-dispersion [16, 17]. As the search key-
words were moderately or highly correlated (Supple-
ment Fig. 1), 8 search keywords were put in the factor 
analysis to obtain the a fewer number of uncorrelated 
factor scores to be used as independent variables in the 
negative binomial regression model. The accuracy of 
factor analysis was evaluated with Kaiser–Meyer–Olkin 
(KMO) index more than 0.8 and the number of factors 
were judged by eigenvalues more than 1 [17]. The best 
model fit was based on smallest Akaike Information 
Criterion (AIC) value [18]. The predicted number and 
the actual number of COVID-19 were plotted for visu-
alization and comparison. To evaluate the effectiveness 
of the comprehensive intervention measures, we com-
pared the accumulative predicted number and actual 
number of COVID-19 from 21 January to 9 February, 
a longest incubation period (14 days) after the Chinese 
government launched Public Health Events Level-I 
Emergency Response on January 23–25, 2020 [2]. Data 
analyses were performed using R 4.0.2 (R Founda-
tion for Statistical Computing: Vienna, Austria) with 
“psych”, “pscl”, “MASS” and “ggplot2” packages. The sta-
tistical significance level was set as 0.05. Data collection 
and analysis of this study were from public data and 

were thus considered exempt from institutional review 
board approval.

Results
The time series of the number of cases and the Baidu 
Search Index (per million population)
In phase 1, the first case was onset on December 8, 2019 
in Wuhan and there were only few sporadic cases before 
16 December, 2019. The number of new onset cases in 
Wuhan increased gradually with around 2–13 cases per 
day on the second half of December. The Baidu Search 
Index of “Influenza” in Wuhan was also increased since 
December 8, 2019 and it was obviously higher than other 
keywords (Fig.  1A). The median (interquartile) search 
volume of “Influenza” in phase 1 was 72.15 (42.81, 87.98) 
per million population in Wuhan. While it was 2.89 (2.28, 
4.49) per million population in Hubei (excluded Wuhan) 
and 6.74 (3.61, 8.04) per million population in China 
(excluded Hubei), where with only 2 cases and 0 case 
reported, respectively. An anomalous peak of the search 
volume of “SARS” and “Pneumonia” occurred on Decem-
ber 31, 2019 when Wuhan Municipal Health Commission 
issue an alert of “Urgent Notice on treating pneumonia 
of unknown cause” and the rapid response team of China 
CDC was sent for investigation. The search peak was 
as high as 8485.02 and 1008.21 per million population, 
respectively in Wuhan, while were only 313.39 and 28.51 
per million population, respectively in Hubei (excluded 
Wuhan), 242.44 and 20.11 per million population, 
respectively in China (excluded Hubei) (Table 1, Fig. 1).

In phase 2, the number of cases in Wuhan increased 
rapidly with an average number of new onset cases was 
192 per day (range from 47 to 802 cases). The search 
volume of “SARS” in Wuhan kept in relative high level. 
The search volume of “pneumonia” and “coronavirus” in 
Wuhan increasing gradually after the casual pathogen 
of COVID-19 was public on 8 January, 2020. In Hubei 
(excluded Wuhan) and China (excluded Hubei), the num-
ber of cases increased after January 1, 2020, the aver-
age daily number of new onset cases was 87 in Hubei 
(excluded Wuhan) and 47 in China (excluded Hubei). The 
search volume of “pneumonia” and “coronavirus” were 
also increased compare to phase 1 but were much lower 
than in Wuhan (P-value < 0.001).

In phase 3, the number of confirmed cases in Wuhan 
and Hubei (excluded Wuhan) increased substantially 
with the epidemic peak occurred on 1–19 Febru-
ary in Wuhan and on 28 January-15 February in Hubei 
(excluded Wuhan). The number of confirmed cases in 
China (excluded Hubei) was also increased but with a 
smaller peak lasted from 28 January to 8 February, 2020. 
The Baidu Search Index of “COVID-19”, “Pneumonia”, 
“Coronavirus”, “SARS” and “Mask” were also substantially 
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Fig. 1  The time series of the number of COVID-19 cases and the Baidu Search Index in Wuhan, Hubei (excluded Wuhan) and China (excluded 
Hubei); the COVID-19 cases by onset date before 20 January, 2020 and by laboratory confirmed date after 20 January, 2020; the Baidu Search Index 
(per million populations) from December 1,2019 to March 15, 2020
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increased in all the study areas, with the search peaks 
occurred on 21–29, January in Wuhan and on 23–28, 
January both in Hubei (excluded Wuhan) and in China 
(excluded Hubei). The search peaks occurred 5–21 days 
ahead of the epidemic peak of cases. The Baidu Search 
Index was in declining trend with the decreased of cases 
after 1 March, 2020.

The correlation between the number of cases 
and the Baidu Search Index (per million population)
In phase 1, there were significant associations between 
the search volume of “Influenza”, “Pneumonia” and the 
daily number of new onset cases in Wuhan, with the 
correlation coefficients were 0.69 and 0.59, respectively, 
while no association was found in Hubei (excluded 
Wuhan) (P > 0.05). In phase 2, the association between 
the search volume of “Coronavirus”, “COVID-19” and 
the daily number of new onset cases in all study areas 
were in moderate to high correlated (rs: 0.69 ~ 0.89, 
P < 0.05), while “Influenza” changed to negative corre-
lated (rs: -0.56 ~ -0.64, P < 0.05). In phase 3, a high cor-
relation (rs > 0.7, P < 0.05) between the search volume 
of “Influenza”, “Pneumonia”, “Coronavirus”, “SARS”, 
“COVID-19” and the number of reported cases can be 
observed in 4–16 days time lag in Wuhan, 0–10 days lag 
time in Hubei (excluded Wuhan, except “Influenza”) and 
0–7 days time lag in China (excluded Hubei) (Table 2).

The prediction of COVID‑19 using zero‑inflated negative 
binomial regression model and negative binomial 
regression model
The factor analysis results showed that only one factor 
was identified in each study area in phase 2 and phase 3 
(Supplement Table  1). The zero-inflated negative bino-
mial regression model with 8 keywords as independent 
variable in phase 1, and the negative binomial regression 
model with the factor score as independent variable in 
phase 2 and phase 3 were conducted. As showed in Fig. 2, 
the cumulative number of predicted cases and actual 
cases in Wuhan (phrase 1: 103 vs. 115; phrase 2: 3932 vs. 
3883), Hubei (excluded Wuhan) (phrase 1: 2 vs. 2; phrase 
2: 1,762 vs. 1,742), and China (excluded Hubei) (phrase 1: 
111 vs. 117; phrase 2: 909 vs. 905) in phase 1 and phrase 
2 were highly consistent. In phase 3, the best model was 
showed in 15 days time lag in Wuhan, 5 days time lag in 
Hubei (excluded Wuhan) and 6  days time lag in China 
(excluded Hubei) (Table  3). The cumulative number of 
predicted cases and actual cases in phase 3 were 72,235 
and 50,601, respectively in Wuhan, and 78,246 and 
18,252, respectively in Hubei (excluded Wuhan), 13,055 
and 13,062, respectively in China (excluded Hubei). The 
predicted peak occurred 5 days ahead the actual peak in 
Wuhan, and an abnormally high peak was observed in 

Hubei (excluded Wuhan) (Fig. 2, Supplement Fig. 2). For 
better comparison, we conducted the negative binomial 
regression model again only using the data from 21 Janu-
ary to 9 February, 2020. The predicted number of cases 
would be 2.84 (47,204 vs. 16,645) and 5.81 (74,372 vs. 
12,803) folds of the actual number, respectively in Wuhan 
and Hubei (excluded Wuhan), while the predicted num-
ber of cases was slightly decrease in China (excluded 
Hubei) (8,524 vs. 10,538).

Discussion
This study demonstrated that the Baidu Search Index 
could be used in the early warning and predicting the 
COVID-19 epidemic with different keywords in different 
period. The Baidu Search Index of “Influenza” and “Pneu-
monia” could be used in the early warning of COVID-19 
in Wuhan on December 2019. After the National Health 
Commission sent the rapid response team to Wuhan 
but before COVID-19 was notifiable in China, the con-
tinuously high search volume of “SARS”, “Pneumonia” 
and “Coronavirus” in Wuhan and the increased concern 
of these search keywords in Hubei (excluded Wuhan) 
and China (excluded Hubei) indicated that these three 
keywords could be used in predicting the severity of 
COVID-19 in Wuhan and the further spread in China. 
After COVID-19 was closely monitor in China in phase 
3, the Baidu Search Index of “COVID-19”, “SARS”, “Pneu-
monia”, “Coronavirus” and “Mask” could be used in pre-
dicting the epidemic trends with 15  days, 5  days and 
6 days lead time, respectively in Wuhan, Hubei (excluded 
Wuhan) and China (excluded Hubei).

With the popularity of internet, more and more people 
tend to search for health-related knowledge and informa-
tion when getting sick. In this study, we found that the 
search volume of “Influenza”, “Pneumonia” in phase 1 in 
Wuhan and the search volume of “SARS”, “Pneumonia”, 
“Coronavirus” in phase 2 in all study areas increased with 
the number of new onset cases. There were high cor-
related and consistent distribution between the search 
volume and the number of cases by symptom onset 
date. This implicated that public paid great concerned to 
this emergency infectious disease and searched for help 
from internet immediately once they develop the dis-
ease symptoms. This could be further approved as the 
search volume in Wuhan, the most severe epidemic area, 
was significantly higher than Hubei (excluded Wuhan) 
and China (excluded Hubei). As there is always time lag 
between onset to diagnosis, the Baidu search data could 
play important role in the early warning of COVID-19.

Previous studies about the early warning of COVID-
19 only focused on the whole China and the period after 
COVID-19 was notifiable and with inconsistent find-
ings. A study reported that the internet search data had 
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Table 2  The Spearman correlation coefficient of the Baidu Search Index of different keywords and the daily number of cases

Influenza Pneumonia SARS Coronavirus COVID-19 MERS Avian Influenza Mask

Phase 1 (no lag)a

  Wuhan 0.68* 0.59* 0.01 0.45* - 0.19 0.39△ 0.41△

  Hubei (excluded Wuhan) 0.31 0.31 0.31 0.31 - 0.20 0.31 0.29

Phase 2 (no lag)

  Wuhan -0.56△ -0.06 -0.22 0.69* 0.85* 0.37 -0.28 0.20

  Hubei (excluded Wuhan) -0.61* 0.06 -0.06 0.69* 0.76* 0.47△ -0.33 0.45

  China (excluded Hubei) -0.64* -0.25 -0.17 0.82* 0.89* 0.60* -0.07 0.27

Phase 3 

  Wuhan

  Lag 0 day 0.44* 0.39* 0.43* 0.43* 0.50* 0.28△ 0.58* 0.34△

  Lag 1 day 0.45* 0.40* 0.43* 0.43* 0.55* 0.31△ 0.59* 0.35△

  Lag 2 days 0.51* 0.48* 0.45* 0.49* 0.62* 0.29△ 0.64* 0.36△

  Lag 3 days 0.58* 0.56* 0.49* 0.54* 0.69* 0.36△ 0.67* 0.43*

  Lag 4 days 0.64* 0.64* 0.56* 0.61* 0.75* 0.44* 0.69* 0.49*

  Lag 5 days 0.69* 0.69* 0.62* 0.68* 0.79* 0.48* 0.70* 0.54*

  Lag 6 days 0.75* 0.72* 0.69* 0.73* 0.80* 0.53* 0.77* 0.60*

  Lag 7 days 0.78* 0.75* 0.74* 0.79* 0.80* 0.56* 0.77* 0.66*

  Lag 8 days 0.80* 0.76* 0.78* 0.80* 0.81* 0.58* 0.77* 0.70*

  Lag 9 days 0.79* 0.78* 0.82* 0.80* 0.81* 0.57* 0.73* 0.67*

  Lag 10 days 0.77* 0.79* 0.86* 0.82* 0.81* 0.60* 0.74* 0.71*

  Lag 11 days 0.76* 0.79* 0.85* 0.82* 0.78* 0.57* 0.74* 0.71*

  Lag 12 days 0.73* 0.77* 0.85* 0.80* 0.74* 0.54* 0.70* 0.72*

  Lag 13 days 0.68* 0.74* 0.83* 0.76* 0.67* 0.53* 0.65* 0.71*

  Lag 14 days 0.62* 0.70* 0.80* 0.73* 0.60* 0.51* 0.59* 0.70*

  Lag 15 days 0.57* 0.65* 0.78* 0.69* 0.56* 0.48* 0.52* 0.67*

  Lag 16 days 0.48* 0.57* 0.71* 0.63* 0.51* 0.45* 0.41* 0.63*

  Lag 17 days 0.40* 0.47* 0.63* 0.57* 0.44* 0.41* 0.31△ 0.56*

  Lag 18 days 0.35△ 0.41* 0.59* 0.56* 0.39* 0.45* 0.23 0.49*

  Lag 19 days 0.27 0.33△ 0.47* 0.45* 0.33△ 0.36△ 0.13 0.42*

  Lag 20 days 0.22 0.24 0.37△ 0.40* 0.28△ 0.36△ 0.07 0.34△

Hubei (excluded Wuhan)

  Lag 0 day 0.33△ 0.76* 0.67* 0.73* 0.84* 0.56* 0.82* 0.50*

  Lag 1 day 0.36△ 0.81* 0.71* 0.77* 0.87* 0.65* 0.85* 0.52*

  Lag 2 days 0.36△ 0.84* 0.78* 0.84* 0.88* 0.68* 0.85* 0.63*

  Lag 3 days 0.35△ 0.85* 0.84* 0.87* 0.87* 0.69* 0.83* 0.68*

  Lag 4 days 0.36△ 0.84* 0.86* 0.87* 0.85* 0.70* 0.79* 0.71*

  Lag 5 days 0.34△ 0.83* 0.87* 0.87* 0.83* 0.67* 0.73* 0.73*

  Lag 6 days 0.31△ 0.81* 0.85* 0.85* 0.81* 0.64* 0.69* 0.70*

  Lag 7 days 0.25 0.78* 0.83* 0.82* 0.75* 0.60* 0.66* 0.72*

  Lag 8 days 0.19 0.73* 0.82* 0.78* 0.68* 0.58* 0.61* 0.70*

  Lag 9 days 0.13 0.68* 0.77* 0.74* 0.62* 0.54* 0.56* 0.68*

  Lag 10 days 0.06 0.60* 0.72* 0.68* 0.55* 0.48* 0.48* 0.63*

  Lag 11 days 0 0.54* 0.66* 0.61* 0.45* 0.41* 0.43* 0.59*

  Lag 12 days -0.08 0.45* 0.58* 0.53* 0.35△ 0.32△ 0.31△ 0.52*

China (excluded Hubei)

  Lag 0 day 0.79* 0.84* 0.80* 0.82* 0.87* 0.58* 0.82* 0.77*

  Lag 1 day 0.80* 0.87* 0.83* 0.85* 0.87* 0.61* 0.83* 0.80*

  Lag 2 days 0.83* 0.87* 0.85* 0.85* 0.86* 0.63* 0.81* 0.80*

  Lag 3 days 0.84* 0.86* 0.85* 0.84* 0.81* 0.62* 0.76* 0.79*
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10–14 days lead time in the prediction of COVID-19 [11], 
while other studies showed 18  days [19] and 0–4  days 
lead time [10]. However, the epidemic situation in differ-
ent areas were different and the public concerned were 
closed related to severity of epidemic, population den-
sity, economic level, etc. [10]. In this study, we analyzed 
the data in Wuhan, Hubei (excluded Wuhan) and China 
(excluded Hubei) separately according to the epidemic 
situation and weight the search behavior by population. 
We found that the Baidu Search Index of “COVID-19”, 
“SARS”, “Pneumonia”, “Coronavirus” and “Mask” was 
increase ahead of the number of reported cases, which 
showed 15 days, 5 days and 6 days lead time, respectively 
in Wuhan, Hubei (excluded Wuhan) and China (excluded 
Hubei) in phase 3. The long lead time in Wuhan may 
due to the severe shortage of medical resources. Lots 
of cases could not receive timely diagnosis and treat-
ment and have to self-quarantine at home [13]. The lead 
time in Wuhan was consistent with the average interval 
of 12 days from symptom onset to laboratory confirma-
tion [20]. But in Hubei (excluded Wuhan) and in China 
(excluded Hubei), the medical resource was relative suf-
ficient, the lead time in these areas were shorter and con-
sistent with the 3–7 days interval from onset to diagnosis 
[21].

To better control the wide spread of COVID-19, the 
Chinese government launched Public Health Events 
Level-I Emergency Response on January 23–25, 2020 [2]. 
A series of comprehensive intervention measures includ-
ing lockdown of Wuhan [21, 22], travel restrictions [21], 
cases isolation and contact tracing [21, 23], etc. were 
implements in China. The epidemic being well control 
at the end of February. A study in Jilin Province used the 
Susceptible-Exposed-Infectious-Asymptomatic-Recov-
ered/ Removed model to evaluate the effectiveness of 
local interventions implemented on February 1, 2020 and 
found the incidence of cases reduce 99.99% [24]. Shengjie 

Lai et al. [25] built a travel network-based stochastic sus-
ceptible-exposed-infectious-removed model to simulate 
the COVID-19 spread in mainland China. And found 
that if without non-pharmaceutical interventions, as 
of February 29, the number of COVID-19 cases would 
increase 51 folds in Wuhan, 92 folds in other cities of 
Hubei, and 125 folds in other provinces. Our study used 
Baidu Search Index to predicted the epidemic trend from 
21 January to 9 February and showed that the number of 
cases would be 2.84 and 5.81 folds of the actual number, 
respectively in Wuhan and Hubei (excluded Wuhan), 
while it was slightly decrease in China (excluded Hubei). 
This may due to we only focused on the first 14 days after 
COVID-19 was notifiable, and the number of cases used 
in prediction in Wuhan might underestimated as a lot of 
cases being delayed diagnosis before February 18 with 
the serious shortage of medical resources [10]. The dif-
ferent between Wuhan, Hubei (excluded Wuhan), and 
China (excluded Hubei) may due to COVID-19 was 
notifiable more than 40 days after the first case onset in 
Wuhan, the disease already widely spread among the city. 
But it still timely prevented the large population move-
ment out from Wuhan before Chinese New Year [25] and 
prevented the further spread to Hubei (excluded Wuhan) 
and China (excluded Hubei).

The limitations of this study were that we simulated 
the epidemic curve of COVID-19 before January 20, 
2020 by using software to capture the daily onset data 
from the publications. The exact daily number of cases 
by onset date used in the analysis may deviate from the 
real situation. However, it would not change the epi-
demic trend for visualization in time series analysis. 
Another limitation is that the search volume of some 
keywords had anomalous peak such as “SARS” and 
“Pneumonia”, which might affected the stability of the 
model. Moreover, we only focus on the largest search 
engine Baidu in China, other search engine such as 

Table 2  (continued)

Influenza Pneumonia SARS Coronavirus COVID-19 MERS Avian Influenza Mask

  Lag 4 days 0.83* 0.83* 0.84* 0.83* 0.77* 0.62* 0.71* 0.77*

  Lag 5 days 0.81* 0.79* 0.82* 0.79* 0.72* 0.63* 0.66* 0.75*

  Lag 6 days 0.78* 0.75* 0.79* 0.75* 0.66* 0.63* 0.60* 0.71*

  Lag 7 days 0.72* 0.69* 0.73* 0.69* 0.57* 0.59* 0.53* 0.66*

  Lag 8 days 0.65* 0. 61* 0.68* 0.63* 0.47* 0.55* 0.47* 0.60*

  Lag 9 days 0.58* 0.53* 0.61* 0.56* 0.39* 0.48* 0.38* 0.52*

  Lag 10 days 0.50* 0.44* 0.53* 0.48* 0.30△ 0.41* 0.29△ 0.42*

  Lag 11 days 0.40* 0.34** 0.43* 0.38* 0.21 0.29△ 0.18 0.31△

  Lag 12 days 0.28△ 0.24 0.33* 0.28△ 0.10 0.19 0.08 0.22

Phase 1 by symptom onset date without time lag, phase 2 by symptom onset date without time lag, phase 3 by diagnosis date with different time lag; △P-value < 0.05; 
*P-value < 0.001; a No case in China (excluded Hubei) as the number of COVID-19 on December 2019 was 0
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Fig. 2  The predicted and actual number of COVID-19 cases from December 1,2019 to March 15, 2020. Note: A) Wuhan, B) Hubei (excluded Wuhan), 
C) China (excluded Hubei)
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Weibo, 360, Yahoo and Sogou should also be consid-
ered. And the Baidu Search Index is not reflective of 
the magnitude of cases. Lastly, we only considered the 
Baidu Search Index in the regression model, the popu-
lation movement and impact of policy should also be 
considered.

Conclusion
The Baidu Search Index could be used in the early warn-
ing and predicting the epidemic trend of COVID-19, but 
the search keywords may change over time with more 
knowledge about COVID-19. The keywords selection 
should consider the public’s concern in different period. 
Considering the time lag from onset to diagnosis, espe-
cially in the areas with medical resources shortage, inter-
net search data can be a highly effective supplement of 
the existing surveillance system.
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