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Since the outbreak of Coronavirus Disease 2019 (COVID-19), the Chinese

government has taken a number of measures to e�ectively control the

pandemic. By the end of 2021, China achieved a full vaccination rate

higher than 85%. The Chinese Plan provides an important model for the

global fight against COVID-19. Internet search reflects the public’s attention

toward and potential demand for a particular thing. Research on the

spatiotemporal characteristics of online attention to vaccines can determine

the spatiotemporal distribution of vaccine demand in China and provides

a basis for global public health policy making. This study analyzes the

spatiotemporal characteristics of online attention to vaccines and their

influencing factors in 31 provinces/municipalities in mainland China with

Baidu Index as the data source by using geographic concentration index,

coe�cient of variation, GeoDetector, and other methods. The following

findings are presented. First, online attention to vaccines showed an overall

upward trend in China since 2011, especially after 2016. Significant seasonal

di�erences and an unbalanced monthly distribution were observed. Second,

there was an obvious geographical imbalance in online attention to vaccines

among the provinces/municipalities, generally exhibiting a spatial pattern

of “high in the east and low in the west.” Low aggregation and obvious

spatial dispersion among the provinces/municipalities were also observed.

The geographic distribution of hot and cold spots of online attention to

vaccines has clear boundaries. The hot spots are mainly distributed in the

central-eastern provinces and the cold spots are in the western provinces.
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Third, the spatiotemporal di�erences in online attention to vaccines are the

combined result of socioeconomic level, socio-demographic characteristics,

and disease control level.
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Introduction

In the long history of human beings, vaccines have

been a powerful weapon to fight against infectious diseases.

Many infectious diseases have been controlled or eliminated

by vaccination. Vaccination is one of the most effective

and cost-effective measures to prevent infectious diseases in

humans at present. Through widespread vaccination, smallpox

was eradicated globally in 1979, as declared by World

Health Organization (WHO). The incidences of polio, plague,

measles, rabies, pertussis, tetanus, viral hepatitis B, etc. have

also been dramatically reduced by vaccination. Since the

outbreak of Coronavirus Disease 2019 (COVID-19), the Chinese

government has taken a number of measures to effectively

control the pandemic (1, 2). By the end of 2021, China

achieved a full vaccination rate of higher than 85%. The Chinese

Plan provides an important model for the global fight against

COVID-19. Dr. Bruce Aylward, team leader of the WHO-China

joint mission on COVID-19, stated that China was taking a

rigorous and innovative approach to standard public health

measures (3). By using a large-scale science-driven flexible

mechanism, China has prevented the spread of COVID-19 and

changed its course. Dr. Aylward also suggested China was the

only country to have the most experience and achievements in

the fight against COVID-19, and that other countries should

learn from China’s rapid response mechanism (4).

With the rapid development of mobile networks, Internet

search data are widely used in epidemiological research with

the ultimate goal of informing public health and policy (5,

6). Internet search data not only enable Internet users to

obtain the required disease prevention information in a short

period of time but also assist the government and medical

institutions inmarket forecasting. The general public has formed

the habit of searching the Internet for information about the

COVID-19 pandemic, prevention methods, drug purchases,

and the effect of vaccines (7–9). Accordingly, there has been

an increasing public search for and interest in vaccines, from

routine ones, such as HPV (10–18), HIV (19–22), and polio

(23–28), to those that are promoted during pandemics, such as

SARS (29–32), H1N1 (33–40), and COVID-19 (41–52). How to

determine public concerns about vaccines is becoming the focus

of research in government andmedical system decision-making.

A literature review revealed that research on online attention

to vaccines (OAV) mainly investigated different vaccine types

(10–52), correlation with vaccination rates (10, 23), impact on

vaccination (44, 53), and vaccination demand prediction and

trend analysis (54–57) based on internet search data in terms

of different disciplines and perspectives. The concept of the

online attention has been widely used in the research of public

health events, such as vaccines, but it is mostly based on a single

platform and English cultural background.

However, the above studies are mostly based on Google

search data, which are primarily relevant to English-speaking

countries. Additional research is required to determine whether

their conclusions are applicable to other cultures, backgrounds,

and search engines. Due to the inaccessibility of Google Search,

Baidu is the primary search engine used in China. In 2019,

Baidu ranked first in China with a penetration rate of 90.9%

(58). Hence, Baidu search data better reflect the public need

for vaccines in China than other search engines. Baidu Index

shows the changes in the search volume of a particular keyword

over time, and directly and objectively reflects the interests and

needs of Chinese internet users. Baidu has become one of the

most important online platforms for statistical analysis in China

(59). As of March 2021, Baidu ranked first in the three major

search engine markets (all-platform, PC, and mobile) in China

(it had a 70.18% share of the Chinese search engine market in

March 2021). Therefore, Baidu Index is reliable. Infodemiology

studies based on the Baidu Index platform mainly involve the

application in COVID-19 prediction and monitoring (60, 61)

but have not investigated OAV. In terms of research content, few

studies have analyzed the spatial characteristics of OAV and their

causes. Therefore, exploring the spatial characteristics of OAV,

the influencing factors, and their effects using Baidu Index data

will enable the identification of problems from a new perspective

and help to understand and manage public health behaviors in

the long term. Internet searches using keywords like vaccines

reveal the attention of internet users to vaccines, reflect local

awareness and needs for vaccines, and provide a basis for global

public health policy making.

Accordingly, this study aims to analyze OAV in 31

provinces/municipalities in China (excluding Hong Kong,

Macau, and Taiwan) with Baidu Index as the data source

and using measures, such as geographic concentration index

and coefficient of variation. Moreover, factors affecting OAV

in each province/municipality in 2011, 2017, and 2020 were

investigated using indicators, such as GDP per capita and

urbanization rate.
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Data and methods

Data

Just like Google Trends, Baidu Index follows certain rules for

calculation and retrieval (62). Data collected from Baidu Index

is standardized. It allows researchers to select data from different

geographic regions, across gender and other characteristics,

during a defined sampling time frame.

To examine the Chinese people’s attention to vaccines, data

for this study are from Baidu Index (https://index.baidu.com/).

Searches using the keyword “vaccine” on https://www.aizhan.

com/ and https://www.chinaz.com/ revealed that search terms

with the highest search volumes were “vaccine,” “COVID-19

vaccine,” “HPV vaccine,” “9-valent vaccine,” and “vaccination.”

At the same time, we took into account that Baidu Index

included mobile data in its calculation in 2011, therefore, using

these terms as the keywords, the internet search index for

the vaccine from January 1, 2011 to December 31, 2021 was

calculated to reflect the degree of online attention of interested

people/potentially interested people and its changes.

However, keyword data are time sensitive. For example, data

on “The COVID-19 vaccine” were not available until February

24, 2020. Therefore, the data sampling period for the empirical

part of this study is between February 24, 2020 and December

31, 2021. The same approach was adopted for the data sampling

period of the remaining vaccine keywords.

The Baidu Index data revealed a significant trend: Chinese

people were more concerned about vaccination status in China.

Global vaccination status had no significant impact on searches

in China. For example, Baidu Index did not increase significantly

on September 21, 2020, when the WHO announced the global

COVID-19 vaccine program, COVAX. At that time, vaccination

had achieved great success in China, which was significantly

different from the situation in other countries.

In terms of research data on influencing factors, GDP size,

GDP per capita, urbanization rate, age structure, education,

year-end permanent population, sex ratio, infectious disease

incidence, and infectious disease mortality were selected as

the influencing factors. Data on infectious disease incidence,

infectious disease mortality, and sex ratio were from the China

Health Statistical Yearbook; data on sex ratio were from 2010,

2016, and 2020 census; and data on the remaining influencing

factors were from the China Statistical Yearbook.

Methods

The spatiotemporal differences in OAV in China since

2011 were assessed using five measures, including coefficient

of variation (CV), Herfindahl index (H), primacy index (P),

geographic concentration index (G), and seasonal concentration

index (S). Influencing factors were analyzed using GeoDetector.

Coefficient of variation (CV) is the ratio of the standard

deviation to the mean and shows the degree of variability among

the sample measures.

CV =

√

∑n
i=1 (xi − x)

n
/x

whereCV is the degree of variability in OAV among regions. The

larger the CV, the more significant the spatial variability in OAV.

Herfindahl index (H) is a comprehensive measure of

concentration, reflecting the degree of agglomeration of the

regional economic scale. Its value ranges from 0 to 1.

The closer it is to 0, the lower the degree of regional

economic agglomeration.

H =

n
∑

i=1

P2i

where Pi is the ratio of the index of a particular location to

the total number. The closer H is to 1, the higher the regional

agglomeration of OAV.

Primacy index (P) is a relevant measure in economies

of scale and agglomeration and is measured by the ratio of

the economic scale of the first-ranked region to that of the

second-ranked region, reflecting the degree of agglomeration of

regional economies.

P = P1/P2

where P1 and P2 are the OAV in the regions with the first

and second largest scales, respectively. It aims to analyze the

concentration of OAV. The larger the P, the more concentrated

and uneven the OAV is.

The geographic concentration index (G) is a measure of the

geographical concentration of economic activity. It reflects the

regional concentration or dispersion of OAV. The closer the G is

to 100, the more concentrated the OAV is in a particular region;

otherwise, the more dispersed it is.

G = 100

√

6n
i=1

(

Pj/P
)2

where Pj is the OAV in region j, and P is the total OAV.

Seasonal concentration index (S) reflects the temporal

concentration of OAV.

S =

√

√

√

√

12
∑

i=1

(xi − 8.33)2 /12

where xi is the ratio of the monthly to annual total OAV.

The larger the S, the more uneven the distribution throughout

the year, and the greater the temporal variability in OAV, and

vice versa.
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Global spatial autocorrelation (Moran’s I) is used to test the

spatial distribution of OAV among provinces/municipalities in

China. It is calculated as follows:

I =

∑n
i

∑n
j 6=iWij

S2
∑n

i

∑n
j 6=iWij

where S2 = 1
n

∑n
i (xi − x)2, xi is the attribute value at i, x is the

arithmetic mean of xi, andWij is the spatial weight matrix.

For hot and cold spot analysis (Getis-Ord Gi), according to

Getis and Ord (63), the Gi statistic for each area unit i is:

Gi =

∑

j wij
∑

j xj

where wij is the spatial weight value (the spatial weight matrix

using the same determinationmethod and specific form as above

in Moran’s I), and xj is the observed value of unit j.

GeoDetector is a spatial analysis model used to assess the

relationship between a geographical attribute and its explanatory

factors (64). It is widely used to investigate the influencing

factors of natural and socioeconomic phenomena. GeoDetector

requires only a few preconditions and has obvious advantages

when dealing with mixed-type data. The factor detector in

GeoDetector was used to assess the explanatory power of each

influencing factor and its changes in the evolution of OAV. The

factor detector is expressed as follows:

q = 1−

∑L
h=1 σ 2

h
Nh

Nσ 2

where q is the detection capability of an influencing factor for

OAV; h= 1... L is the classification of each factor of the variable;

L is the number of secondary provinces/municipalities; σ 2 is

the variance of OAV in primary provinces/municipalities; σ 2
h
is

the variance of OAV in secondary provinces/municipalities;N is

the number of primary provinces/municipalities, and Nh is the

number of secondary provinces/municipalities. The value range

of q is [0, 1]. The larger the q, the greater the influence of this

factor on OAV in each province/municipality.

Spatiotemporal evolution of OAV

Temporal evolution of OAV

As shown in Figure 1, the total OAV in China increased

dramatically from only 890,000 in 2011 to 38,487,600 in 2021,

exhibiting a general upward trend. Since 2013, a series of vaccine

scandals, such as illegal vaccines in Shandong, and falsification of

rabies vaccine production records, had drawn public attention

to vaccines. Such attention began to increase significantly in

2016 when the HPV vaccine for cervical cancer prevention

was approved in China. There had been a dramatic increase in

OAV since 2019 due to the COVID-19 pandemic. Moreover,

OAV in the eastern region increased from 379,700 in 2011 to

18,317,000 in 2021, always higher than the national level and

those in the central and western regions. OAV in the central

region was slightly higher than that in the western region. It

generally exhibited a decreasing trend from the eastern to central

to western regions.

The ratios of OAV of each month to the monthly average

were calculated in Table 1. Except for a few years, the ratios

for March, May, July, August, and December were all >1. In

particular, the ratio for July was 1.20, and that for August was

1.15. These 5 months can be considered the peak season for

vaccine searches. The ratios for January and February were

between 0.7 and 0.9, and these 2 months are thus defined as

the off-season for vaccine searches. The ratios for April, June,

September, October, and November were between 0.9 and 1,

and these 5 months are regarded as the shoulder season for

vaccine searches. The seasonal concentration index of OAV was

>4 from 2011 to 2021, with an average of 5.73, indicating uneven

monthly distribution and obvious seasonal differences in OAV

in China. The monthly data were aggregated into quarterly data

according to the conventional definition of seasons to analyze

the quarterly distribution of OAV. In the 2011–2021 period, the

indices of OAV in spring, summer, autumn, and winter were

1966.06, 2706.84, 2664.12, and 2339.34, respectively. Summer

and autumn are the seasons with higher OAV. Between 2015 and

2019, the average Herfindahl index of national OAV was <0.1,

which once again demonstrates the unevenmonthly distribution

and significant seasonal differences in OAV. In addition, it is

worth noting that the month-on-month growth rates in 2020 are

larger than those in 2019 due to the COVID-19 pandemic.

Spatial di�erences in OAV

As shown in Table 2, there were obvious geographical

imbalances in OAV in China. The highest OAV was measured

in Guangdong, Jiangsu, Zhejiang, Beijing, Shandong, and

Shanghai in the eastern region, and Henan in the central

region. In 2011, the top 10 provinces/municipalities in terms

of OAV were Beijing, Shandong, Guangdong, Zhejiang, Henan,

Shanghai, Jiangsu, Hebei, Hubei, and Shaanxi, accounting

for 47.33% of the national total. In 2016, the top 10

provinces/municipalities were Guangdong, Beijing, Zhejiang,

Jiangsu, Shanghai, Sichuan, Shandong, Henan, Hubei, and

Fujian, accounting for 53.74% of the national total. In 2021,

the top 10 provinces/municipalities were Guangdong, Jiangsu,

Shandong, Zhejiang, Beijing, Henan, Sichuan, Hebei, Shanghai,

and Anhui, accounting for 54.21% of the national total. The

proportion of the top 10 provinces/municipalities in 2021 was

greater than those in 2011 and 2016, indicating increasing

regional differences in OAV in China.

To describe the regional differences in OAV among the 31

provinces/municipalities in mainland China, a comprehensive
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FIGURE 1

Changes in OAV from 2011 to 2019 (unit: 10,000).

TABLE 1 OAV in each month in China between 2011 and 2019 (unit: 10,000).

Month 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

January 6.1276 4.9510 5.9715 16.4322 20.0434 24.9498 25.8065 44.9147 86.4358 105.1819 288.0900

February 6.5009 7.0802 4.9862 15.5325 16.2985 19.6666 29.1536 35.7974 76.8815 91.2497 192.8527

March 8.9300 8.1371 6.4715 18.4995 22.0646 73.2747 36.4584 56.2070 105.0223 145.2502 360.8367

April 8.4635 7.5255 6.9264 17.2114 21.9430 32.5817 34.1198 51.9747 96.6469 220.1395 364.6814

May 8.7205 7.7090 6.4421 18.1131 23.3494 23.2284 36.5213 82.6084 91.4421 210.4564 463.0280

June 6.9701 6.6224 10.2082 18.4731 22.3731 18.0805 37.1406 68.8988 70.5800 184.2741 429.3844

July 7.1055 6.6405 17.8827 18.9855 23.3171 27.6589 41.0535 195.5302 83.7499 186.6123 396.2210

August 7.5100 6.6981 16.0618 20.8088 25.0268 22.4641 61.3631 83.2805 112.8623 208.6294 361.8486

September 7.2869 6.0434 16.9765 19.7048 23.2770 20.3736 43.4552 72.6461 86.0873 194.4381 242.5200

October 7.5118 6.3923 15.8647 20.7279 23.1627 21.4055 40.2597 73.2803 62.5353 192.8964 245.6573

November 7.4786 6.1858 15.5996 19.9718 22.0601 22.2290 41.8450 81.6458 57.2416 197.4531 272.7819

December 7.0885 5.8339 22.2645 18.0137 24.9450 27.7352 43.5862 79.5985 68.6763 313.1543 274.2530

Seasonal concentration index 4.0275 4.2014 10.4125 3.9040 4.0846 6.3835 4.9364 7.7947 4.8419 6.8597 5.5764

Herfindahl index 0.0843 0.0847 0.1015 0.0839 0.0842 0.1052 0.0872 0.1043 0.0865 0.0904 0.0884

analysis was conducted using the coefficient of variation,

Herfindahl index, geographic concentration index, and primacy

index (Table 3).

Large spatial differences with unstable fluctuations were

found in OAV in the 2011–2021 period. The coefficient of

variation in the 10-year period was approximately 0.54 on

average and increased ear by year. The Herfindahl index

was close to 0 and showed small fluctuations, indicating

low agglomeration and obvious spatial dispersion of OAV

among the various provinces/municipalities. The primacy

index remained <2 and fluctuated slowly, and the geographic

concentration index was also small, indicating moderate

agglomeration and normal spatial structure of OAV among the

various provinces/municipalities.

Moreover, there were spatial differences in OAV among

the eastern, central, and western regions in the 2011–2021

period. The coefficient of variation maintained a fluctuating

growth year by year, with the lowest degree of difference

among the three regions in 2011. The Herfindahl index

was approximately 0.36 and generally increased year by

year, indicating a spatial concentration trend of OAV.

The primacy index remained <2 and increased year by

year, indicating that there was an increasing difference

in OAV between the first and second-ranked regions.

The average geographical concentration index was 60.37,

and the gap was widening. It suggests that OAV was

increasingly concentrated in a particular region from 2011

to 2021.
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TABLE 2 OAV in each province/municipality between 2011 and 2021 (unit: 10,000).

Province/municipality 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 Total

Anhui 3.02 2.70 4.56 7.47 8.80 10.14 14.36 29.13 35.28 83.81 143.82 350.59

Beijing 4.77 4.61 8.98 13.24 14.86 20.57 27.47 65.34 57.21 132.97 201.91 561.52

Fujian 3.37 3.10 6.02 9.04 10.32 12.52 16.59 29.78 32.68 71.50 125.18 326.82

Gansu 1.93 1.74 2.43 3.69 4.67 5.33 7.80 13.41 15.94 35.76 64.85 161.74

Guangdong 4.67 4.21 9.91 15.45 19.18 28.58 40.15 85.65 83.41 184.65 347.54 838.68

Guangxi 2.71 2.11 3.99 5.70 7.49 7.99 10.66 19.23 22.97 49.95 95.54 233.82

Guizhou 1.59 1.14 2.38 3.38 5.45 6.43 9.33 15.76 19.17 41.19 74.09 184.15

Hainan 1.11 0.81 1.39 2.26 3.64 4.38 6.54 12.77 13.49 25.91 42.70 117.58

Hebei 3.98 3.62 5.90 8.83 10.32 11.80 15.13 31.64 33.47 91.95 163.17 388.90

Henan 4.26 3.81 6.35 9.90 11.49 13.95 17.51 35.19 42.46 102.14 192.82 449.82

Heilongjiang 2.86 2.52 3.75 5.63 7.20 7.70 10.42 18.20 20.50 52.00 85.27 221.64

Hubei 3.55 3.16 5.93 8.87 10.73 13.20 17.87 32.44 37.00 82.96 132.39 355.22

Hunan 3.37 2.81 5.45 8.68 10.10 11.39 17.11 30.23 33.48 71.00 136.32 336.69

Jilin 2.56 2.33 3.42 4.93 6.41 7.50 10.03 17.56 20.29 45.89 76.71 202.29

Jiangsu 4.04 3.65 7.77 12.14 14.34 18.91 31.01 62.87 65.93 136.45 255.40 625.01

Jiangxi 2.50 2.45 3.84 6.37 7.69 8.61 12.81 22.78 26.76 59.12 102.73 261.52

Liaoning 3.46 2.88 4.93 7.86 8.92 10.20 14.28 26.89 29.01 71.05 121.78 308.89

Inner Mongolia 1.82 1.57 2.64 3.91 5.39 5.94 8.36 14.89 17.60 41.70 71.05 179.10

Ningxia 0.64 0.43 0.75 1.08 1.52 2.12 3.90 6.54 8.16 19.07 31.74 77.85

Qinghai 0.37 0.33 0.57 0.76 0.97 1.70 3.22 6.06 7.63 16.60 28.09 67.93

Shandong 4.70 4.12 7.71 11.54 12.69 16.11 19.82 45.10 49.35 127.13 228.85 539.00

Shanxi 3.15 2.85 4.40 6.84 7.61 8.74 11.01 20.47 24.29 58.76 107.86 262.21

Shaanxi 3.55 3.15 5.24 7.91 9.15 10.76 14.22 25.49 31.53 66.95 121.42 304.69

Shanghai 4.13 3.75 7.37 11.05 13.11 17.73 26.88 55.39 48.93 103.70 160.37 461.51

Sichuan 3.21 3.09 6.12 9.05 11.45 16.63 20.85 40.42 45.51 105.97 163.86 434.55

Tianjin 2.72 2.50 4.41 6.73 7.66 8.38 10.77 20.89 22.61 49.68 77.88 218.54

Tibet 0.20 0.15 0.19 0.28 0.34 0.64 1.62 3.63 4.82 11.76 19.47 44.35

Xinjiang 1.88 1.39 2.03 3.24 4.32 5.22 6.94 11.86 14.19 37.71 55.97 148.32

Yunnan 2.20 2.03 3.52 5.65 6.91 7.72 11.33 18.77 21.44 49.97 95.79 230.68

Zhejiang 4.47 4.25 8.41 12.62 14.28 19.02 30.01 63.53 67.41 132.16 228.71 595.63

Chongqing 2.21 2.06 3.84 6.15 8.13 9.89 14.55 25.52 28.39 58.28 95.51 259.66

Furthermore, Table 4 was prepared to measure OAV within

the eastern, central, and western regions in mainland China. The

comparison revealed obvious spatial differences in OAV within

eastern, central, and western China in the 2011–2021 period.

The coefficient of variation generally showed a decreasing trend

from the western to eastern to central regions. It indicates

that the spatial difference in OAV was relatively large in the

western region and relatively small in the central region and

that internet users in all provinces/municipalities in the eastern

region generally paid close attention to vaccines. From 2011

to 2021, the Herfindahl index in all three regions was >0.1

and fluctuated only slightly. It suggests that OAV was dispersed

within each region, without excessive aggregation in one or a

few provinces/municipalities. Geographic concentration indices

in the three regions fluctuated slightly between 32 and 34 in the

2011–2021 period, indicating a low agglomeration and spatial

dispersion of OAV in each region. In the 10-year period, the

primacy indices of OAV in all three regions were >1 and

remained stable. It suggests that there were small differences

between the first and second-ranked provinces/municipalities,

indicating a low agglomeration and balanced spatial structure of

OAV within each region.

Global Moran’s I was used to preliminarily examine

the spatial agglomeration characteristics of OAV, and very

significant results (Moran’s I = 0.119711, Z-score = 2.858161,

p = 0.004261) were obtained, indicating a strong spatial

autocorrelation for OAV. It fully demonstrates the spatial

characteristics of high and low-value agglomeration of OAV

in China.

The distribution of hot and cold spots of OAV in China

was determined by using the Gi statistic to detect local hot

spots. The Gi statistic was divided into four levels from high
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TABLE 3 Di�erences in OAV among provinces/municipalities and among the three regions in China from 2011 to 2021.

Year Differences among Differences among

provinces/municipalities three regions

CV P G H CV P G H

2011 0.4339 1.0156 19.5774 0.0383 0.2165 1.3221 59.0732 0.3490

2012 0.4618 1.0829 19.7854 0.0391 0.2399 1.3576 59.3726 0.3525

2013 0.5283 1.1037 20.3115 0.0413 0.3010 1.5916 60.2934 0.3635

2014 0.5268 1.1666 20.2974 0.0412 0.2973 1.5464 60.2321 0.3628

2015 0.4935 1.2909 20.0271 0.0401 0.2632 1.5248 59.7016 0.3564

2016 0.5688 1.3896 20.6636 0.0427 0.3120 1.7281 60.4794 0.3658

2017 0.5790 1.2948 20.7532 0.0431 0.3236 1.7891 60.6819 0.3682

2018 0.6585 1.3108 21.5041 0.0462 0.4008 2.0309 62.1995 0.3869

2019 0.5803 1.2373 20.7651 0.0431 0.3215 1.7634 60.6450 0.3678

2020 0.5615 1.3533 20.5985 0.0424 0.3073 1.6851 60.3994 0.3648

2021 0.5836 1.3608 20.7952 0.0432 0.3080 1.6656 60.4112 0.3650

to low by Jenks’s natural breaks (Figure 2). The results show

that hot and cold spots are distributed in east and west

China, respectively, and have clear boundaries. The hotspots

are mainly distributed in the central-eastern coastal provinces,

of which the Yangtze River Delta provinces are the core hot

spot area. The remaining central-eastern region is the sub-

hot spot area. The average OAV was 3,060,700 in this region.

The eastern coastal region is developed in the traditional

sense, where China’s three major urban agglomerations are

located. On the one hand, this region has a large number

of permanent residents and a dense population, and on the

other hand, it has a high level of education, thus resulting in

high demand and awareness of vaccines. The cold spots are

distributed in the western region, including Xinjiang, Tibet,

and Qinghai. The average OAV was 868,700. Specifically, Tibet

and Qinghai are the core cold spot area, and Xinjiang is

the sub-cold spot area. The western region, especially the

northwest region, is relatively insensitive to vaccines due to

its deep inland location and low population density. On the

whole, the spatial distribution of OAV can be preliminarily

attributed to the socioeconomic conditions and population

size based on the differences in the distribution of hot and

cold spots between east and west China. In other words,

socioeconomic conditions and population size promote OAV to

a certain extent.

Influencing factors of OAV

Selection of influencing factors of OAV

Considering comprehensiveness and data availability, and

due to the fact that the influencing factor indicators in

2021 have not yet been published, provincial/municipal

OAV in 2011, 2017, and 2020 was used as the explained

variable. In particular, 2017 was also selected to detect the

changes in influencing factors after the approval of the

HPV vaccine for cervical cancer prevention. The correlation

coefficients between OAV and its influencing factors were

calculated using 13 explanatory variables, such as GDP,

per capita GDP, urbanization rate, and infectious disease

incidence. Before employing the GeoDetector, the independent

variables were stratified by natural breaks using ArcGIS. Each

influencing factor was divided into five classes. Consistent

classification criteria were applied at different stages. Finally,

the GeoDetector was used to measure the influence of

each influencing factor on OAV. The results are shown in

Table 5.

Result analysis of influencing factors of
OAV

The GeoDetector results show that only 6–7 of the

13 factors have an influence on the spatial distribution of

OAV, indicating that the distribution of OAV is affected

by various factors, such as the economic strength and level

of disease control of the provinces/municipalities. The

explanatory power of each influencing factor is between

40 and 90%. They can be divided into primary and

secondary influencing factors according to the explanatory

power. The primary influencing factors include infectious

disease incidence and GDP size. Secondary influencing

factors include the number of people aged 15–64, the

number of people aged 65 and above, the number of

people in junior college or higher education, and the

year-end population.
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Level of disease control

The incidence of infectious diseases has the most significant

influence on the spatial distribution of OAV. q values were

at least as high as 0.86, indicating that the incidence of

infectious diseases has a great influence on OAV in each

province/municipality. Infectious diseases pose a great threat to

public health. Vaccination is the most cost-effective and effective

public health intervention for the prevention and control of

infectious diseases. For families, it is also an effective means

to reduce the incidence of diseases and consequent medical

expenses. The incidence of infectious diseases (1/100,000) in

China decreased from 2139.69 in 1955 to 190.36 in 2020 as a

result of vaccination. The mortality (1/100,000) also decreased

from 18.43 in 1955 to 1.87 in 2020. The influence of infectious

disease incidence on OAV in 2017 (0.8634) decreased compared

with 2011 but increased again in 2020, whichmight be due to the

outbreak of COVID-19.

Socioeconomic level

The influence of GDP size on OAV is self-evident.

The greater the GDP size, the more developed the urban

infrastructure and services, and the higher the level of

informatization. The regression results revealed that except

for 2017, the q-values were all >0.8. The more developed a

region is, the better the public understanding of vaccines, and

the better the health services and facilities, leading to higher

public attention to vaccines. The influence of GDP size on

OAV increased significantly in 2020 as compared to 2011 to

2017, which may be related to the fact that most COVID-19

cases occurred in relatively developed regions. GDP per capita

reflects the local per capita income level to a certain extent. This

influencing factor was only significant in regression analysis for

2017, which may be related to the approval of the HPV vaccine

for cervical cancer prevention. The total HPV vaccination costs

ranged from more than one thousand yuan to even tens of

thousands of yuan which included extra costs incurred due to

its scarcity. This is a high cost and thus people with higher

incomes are more likely to consider vaccination. In recent years,

many provinces/municipalities have provided free vaccination

for females of the appropriate age, thus making this influencing

factor insignificant. The influence of the urbanization rate

was not significant in regression analysis, and the q-value

decreased year by year. This result is closely related to the

improvement of rural infrastructure and the popularization of

the Internet in the process of rural revitalization in China

in recent years. According to the 48th Statistical Report on

the Development of Internet in China, as of June 2021, the

Internet penetration rate in China’s urban and rural areas

was 78.3 and 59.2%, respectively, and the gap in Internet

penetration between urban and rural areas is narrowing year

by year.
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FIGURE 2

Distribution of hot and cold spots of OAV in China.

TABLE 5 Correlation coe�cient between OAV and its influencing factors.

Influencing factor Correlation Driving effect

2011 2017 2020

Socioeconomic level GDP size 0.8391*** 0.7590*** 0.8753*** ↑

GDP per capita 0.3738 0.5431** 0.4199 ↑

Urbanization rate 0.3809 0.3661 0.2572 ↓

Socio-demographic characteristics Age structure 0–14 years 0.3524 0.3980 0.4323 ↑

15–64 years 0.6188*** 0.5181** 0.6427*** ↑

65 years or older 0.6285*** 0.4874** 0.5876*** ↓

Education Junior college or above 0.7786*** 0.4819** 0.6409*** ↑

High school 0.3658 0.2601 0.4093 ↑

Junior high school 0.3134 0.2799 0.4206 ↑

Year-end population 0.6085*** 0.5242** 0.6404*** ↑

Sex ratio 0.1258 0.0733 0.0826 ↓

Level of disease control Infectious disease incidence 0.9007*** 0.8634*** 0.9087*** ↑

Infectious disease mortality 0.0671 0.0456 0.0694 ↑

** , ***Significance at the 5, and 1% levels, respectively.

↑The upward arrow represents the correlation between vaccine network attention and a certain influencing factor, which is numerically larger in 2020 than in 2011 or 2017.

↓The downward arrow represents the correlation between vaccine network attention and a certain influencing factor, which is numerically smaller in 2020 than in 2011 or 2017.

Socio-demographic characteristics

In terms of age structure, the influence of children aged 0–

14 was not significant. This may be related to China’s childhood

immunization program, which implements free and mandatory

vaccination for children at this age stage. The influences on

people aged 15–64 and those aged 65 and above were not

significant. One possible reason is that these groups already have

some understanding of vaccines. Another possible reason is that

according to the 48th Statistical Report on the Development of

Internet in China, more than 80% of Chinese internet users are
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over the age of 20. Hence, these groups also constitute the main

body of internet users. A significant influence was observed for

people with the junior college or higher education, indicating

that OAV in each province/municipality in China was indeed

affected by local education levels. The regression results from

GeoDetector for the year-end population were also significant,

indicating that the population size of provinces/municipalities

also influenced OAV and that this influence increased year

by year.

Conclusions and implications

Conclusions

This study investigated the characteristics and spatial

evolution of OAV in 31 provinces/municipalities in China since

2011 by spatial data analysis and analyzed the influencing factors

by GeoDetector. The following conclusions are drawn:

First, the overall OAV in China showed a rising trend from

2011 to 2021, especially after 2016 due to the HPV vaccines

for cervical cancer prevention and the COVID-19 vaccines. The

peak season for OAV is May, December, March, August, and

July. The monthly distribution of OAV in China was uneven,

with obvious seasonal differences.

Second, in the 2011–2021 period, there were significant

differences in OAV among provinces/municipalities in China,

exhibiting a spatial pattern of “high in the east and low in the

west.” The highest OAV was measured in Guangdong, Jiangsu,

Zhejiang, Beijing, Shandong, and Shanghai in the eastern region,

and Henan in the central region. There were large spatial

differences with unstable fluctuations, low agglomeration, and

obvious dispersion of OAV among provinces/municipalities

in the 2011–2021 period. There was an increasing spatial

concentration trend of OAV among the eastern, central, and

western regions, and an increasing difference between the first

and second-ranked regions in the 2011–2021 period.

Third, there were differences in OAV within the eastern,

central, and western regions. From the perspective of inter-

regional differences, the coefficient of variation generally showed

a decreasing trend from the western to eastern to central

regions. The Herfindahl index in all three regions was >0.1 and

fluctuated only slightly, suggesting that there was no excessive

aggregation of OAV in one or a few provinces/municipalities.

The primacy indices of OAV in all three regions were >1 and

remained stable. The geographic concentration index fluctuated

between 32 and 34. It suggests that there were small differences

between the first and second-ranked provinces/municipalities,

indicating a dispersion, low agglomeration, and balanced spatial

structure of OAV within each region.

Fourth, OAV in China showed the spatial characteristics

of high and low-value agglomeration. The hotspots are mainly

distributed in the central-eastern coastal provinces, of which

the Yangtze River Delta provinces are the core hot spot area.

The remaining central-eastern region is the sub-hot spot area.

The cold spots are distributed in the western region. The spatial

distribution of OAV can be preliminarily attributed to the

socioeconomic conditions and population size. In other words,

socioeconomic conditions and population size promote OAV to

a certain extent.

Fifth and lastly, the GeoDetector analysis shows that

socioeconomic level, socio-demographic characteristics, and

disease control level are the main factors influencing the

spatiotemporal differences in OAV. Specifically, the primary

influencing factors include infectious disease incidence andGDP

size. Secondary influencing factors include the number of people

aged 15–64, the number of people aged 65 and above, the

number of people in junior college or higher education, and the

year-end population.

Implications and suggestions

The results of this study provide some implications

for policy-makers.

First, vaccine awareness is generally low in remote areas,

such as western China. Local governments need to improve

the public’s knowledge of infectious diseases and the benefits of

vaccination to increase the vaccination rate in appropriate age

groups. In particular, given that the COVID-19 pandemic has

not ended, much still remains to be done to promote COVID-

19 vaccination. Although remote areas are sparsely populated,

there is still a great risk of COVID-19 exposure from other areas.

Vaccination is the most effective measure to control the COVID-

19 pandemic at present. There is an urgent need to raise public

awareness on vaccination for the prevention of COVID-19.

Second, some vaccines, such as HPV vaccines, may have

high costs. Wherever possible, local governments should try

their best to offer convenient medical insurance at a low price,

and reduce the cost of vaccination by measures such as medical

insurance funds or partner assistance to reduce the incidence of

infectious diseases.

Third and last, there are differences between young and

middle-aged people and the elderly in the ways and convenience

of receiving information. Hence, different measures should be

implemented for different age groups for publicity of vaccines

and infectious diseases. For example, offline publicity can be

given to the elderly through senior activity centers.

Despite its contribution, this study has some limitations. On

the one hand, the Baidu engine is not the only search tool used

by Chinese internet users. In recent years, with the rise of large

online platforms, such as 360 and Sogou, other search engines

have also been used. Therefore, the data used for this study are

not comprehensive enough. On the other hand, the influencing

factors included in this study are still limited. There may be

other influencing factors that need to be addressed. Further
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research is also required to better understand the mechanism of

the influencing factors.
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