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Abstract 

This study primarily addresses the analytical problem of the mathematical mechanism underlying the associative 
impact between online searches and vaccine uptake, a relationship that has become increasingly relevant in the con-
text of public health management. As internet search behaviors reflect public interest and sentiment, understanding 
their impact on vaccination trends is crucial for real-time health decision-making. A Logistic model is constructed 
to observe the fundamental evolutionary patterns between online searches and vaccine uptake. To explore their 
mutual influence, an impact function is defined, and the common structural factors with the highest fitness are deter-
mined through data fitting. Subsequently, a dynamic detection model of the associative impact between online data 
and societal objects, based on the mathematical mechanism, is established. Using this model, dynamic predictions 
are conducted to verify its predictive capability at certain stages. Through research, a symbiotic effect between online 
searches and vaccine uptake is identified, revealing a nonlinear correlation between the two. The model demon-
strates the ability to predict vaccine uptake trends based on online search data, with certain prediction windows 
showing high accuracy. This research not only clarifies the mathematical mechanism underlying this relationship 
but also demonstrates the advantage of integrated analysis and prediction. It provides a new method for predicting 
online searches and vaccine uptake, offering theoretical and empirical support for public health and social science 
research.
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Introduction
In today’s societal systems, the entities that are intercon-
nected can be roughly divided into two categories: net-
work data and social objects. Network data refers to all 
digital information generated online that can be quanti-
tatively analyzed. Social objects, on the other hand, con-
stitute the tangible, foundational, and highly crystallized 

portion of social reality offline. They are the fundamental 
constituents of society, forming an integrated whole with 
specific quantities, qualities, modes of combination, and 
degrees of consolidation. Social objects possess tangible 
power to instigate change.

With the construction of an interactional world of vir-
tuality and reality, the interaction between network data 
and social entities has become more complex. Many 
studies have explored the correlation between the two, 
such as predicting trends in social entities using network 
data, uncovering influencing factors, and measuring the 
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degree of influence. Among these, the analysis of the 
mathematical mechanism behind their correlation is still 
worth exploring. Clarifying the mathematical mecha-
nisms, especially constructing continuous models evolv-
ing over time, will increase the interpretability of the 
correlation, endowing it with a philosophical foundation 
such as social evolution mechanisms, and thus achiev-
ing a combination of data-driven and theory-driven 
appro4.1aches. Particularly in enhancing interpretabil-
ity, correlation detection based on mathematical mecha-
nisms offers the advantage of integrated analysis and 
prediction.

In recent years, with the rapid development and wide-
spread adoption of Internet technology, there has been a 
multitude of ways in which the public accesses informa-
tion. Among these, internet search engines stand out as 
one of the primary channels through which the public 
obtains the latest news. They have increasingly played a 
vital role across various societal domains, particularly in 
the realm of public health. The outbreak of the COVID-
19 pandemic at the end of 2019, as an unprecedented 
global health crisis, swiftly spread worldwide, resulting 
in heightened public health awareness and an increased 
demand for information. Concurrently, vaccination 
emerges as the most economically effective method for 
preventing, mitigating, and controlling infectious dis-
eases [1], playing a pivotal role in disease control and 
prevention efforts. With the spread of the COVID-19 
pandemic, there arises an urgent need for COVID-19 
vaccination. Since the publication of the genetic sequence 
of the novel coronavirus in January 2020, by December 
2020, multiple COVID-19 vaccines had been approved 
for emergency use globally. Critical issues such as misin-
formation, vaccine hesitancy, and accessibility have cre-
ated significant barriers to achieving widespread vaccine 
uptake [2]. Misinformation has been a significant barrier 
to public health efforts [3], as incorrect or misleading 
information about vaccine safety and efficacy has influ-
enced public perceptions and behavior. Additionally, vac-
cine hesitancy remains a critical challenge, particularly in 
regions where distrust in medical institutions is preva-
lent, or where there are logistical challenges in vaccine 
distribution [4]. Addressing these challenges is essential 
for improving global vaccination rates and controlling 
the spread of infectious diseases. However, a narrow 
public health perspective may not provide comprehen-
sive solutions; instead, a broader approach that considers 
societal, behavioral, and informational factors is needed. 
Internet data, reflecting the complex nature of public 
attitudes, can offer valuable insights, as search engines 
have become a key source of information for the public 
regarding vaccination. During the vaccination process, 
the public’s search for vaccine-related information may 

impact their attitudes and behaviors towards vaccina-
tion. Concerning COVID-19 vaccines specifically, their 
development, research, production, and application are 
all influenced by internet data, which in turn affects the 
evolution of internet data.

In this study, we quantify the ubiquitous internet data 
as online searches, specifically utilizing Baidu search 
index to represent the changes and trends in internet 
data. Simultaneously, we represent social entities with 
vaccination rates, specifically quantifying this as the 
number of COVID-19 vaccine doses administered in 
China. The aim of this research is to explore the underly-
ing mechanisms and patterns of influence between inter-
net searches and vaccine administration. This will enable 
a deeper understanding of the interplay between internet 
data and social entities, uncovering potential associative 
effects between internet searches and vaccination behav-
iors. By analyzing these associative effects, we aim to pro-
vide insights into future trends and predictions, thereby 
offering new theoretical and empirical support for the 
fields of public health and social sciences.

Related work
Online: internet searches
When people have specific needs, they engage in search 
behavior by entering relevant keywords into search 
engines to obtain information. These search behaviors 
are recorded by search engines and presented in the 
form of internet search data. Ginsberg et  al. pioneered 
the use of internet search data for predicting epidemics, 
and their research demonstrated that models constructed 
using internet search data could forecast the outbreak of 
infectious diseases two weeks in advance [5]. Since then, 
internet search data have gradually become an important 
resource for scholars to study correlations and make pre-
dictions. Among them, Google Trends and Baidu Index 
are commonly used tools for internet search data, which 
have been widely applied in fields such as travel demand 
[6], disease monitoring [7], housing price changes [8], 
and policy implementation [9]. By analyzing trends and 
changes in internet search data using machine learning 
algorithms, researchers can effectively predict and evalu-
ate offline entities. During the pandemic, studies have 
also used internet search data to predict and monitor the 
dosage of COVID-19 vaccinations. Compared to tradi-
tional survey and measurement methods, internet search 
data can provide more timely and comprehensive results, 
and are more correlated with the results obtained from 
traditional vaccination research methods [10]. Therefore, 
internet search have broad prospects for application in 
the field of vaccination.

Researchers employ various methods for analyz-
ing internet search data. A review study by Nuti et  al. 
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indicated that among 70 studies conducted between 
2009 and 2013, 70% utilized time trend analysis (compar-
ing across time periods), 11% conducted cross-sectional 
analysis (comparing across different locations within a 
single time period), and 19% of the studies employed both 
methods simultaneously [11]. These three approaches 
have been applied in studies related to vaccination. For 
instance, Pullan and Dey observed the popularity of 
search terms related to COVID-19 vaccines in Google 
Trends, suggesting that internet searches can help moni-
tor public attitudes towards vaccines during rapidly 
changing global health crises such as the COVID-19 
pandemic [12]. Awijen et al. collected samples from 194 
countries worldwide, and their difference-in-differences 
investigation approach revealed that with the arrival of 
vaccines, trends in Google searches measuring fear and 
anxiety are increasing [13]. Moussa and Moussa found 
that utilizing Google Trends data, from 2004 to 2017, 
obtaining online vaccination information in sub-Saharan 
African countries influenced vaccination rates [14].

Researchers combine various methods to analyze inter-
net data, including correlation analysis [15], analysis of 
variance, t-tests, multiple linear regression, continuous 
density hidden Markov models, Box-Jenkins transfer 
function models, time series analysis, and Mann-Whit-
ney tests. In studies related to vaccination, the dou-
ble difference model is commonly used. This model is a 
widely used econometric method in policy analysis and 
engineering evaluation, mainly applied to evaluate the 
impact of an event or policy in mixed cross-sectional 
datasets. For example, Díaz et  al. used the “Difference-
in-Difference-in-Differences” approach to estimate the 
impact of vaccination progress on the welfare of differ-
ent socioeconomic groups, finding a positive correlation 
between mental health and the proportion of vaccinated 
individuals [16]. Recent studies have also developed AI-
driven tools to predict and control epidemic waves using 
social media data. For instance, the EMIT (Epidemic 
and Media Impact Tool) model developed by research-
ers analyzes social media health communications to 
detect and predict pandemics. This model demonstrated 
its ability to predict future pandemic waves with high 
accuracy by integrating social media data trends, show-
casing the potential of online data in informing public 
health interventions, including vaccination campaigns 
[17]. Additionally, mathematical models like those based 
on the extended SIR framework are being increasingly 
used in epidemiological studies, offering more precise 
predictions for airborne diseases, and could potentially 
complement internet search data models by simulating 
pandemic spread and the effect of interventions [18]. It 
can be seen that previous research methods have focused 
mainly on modeling and analyzing online data, with little 

attention given to the interaction between online data 
and offline entities.

Offline: vaccine administration
According to statistics from Our World in Data at the 
University of Oxford, as of March 2024, 70.6% of the 
global population has received at least one dose of the 
COVID-19 vaccine. In low-income countries, 32.7% 
of the population has received at least one dose of the 
COVID-19 vaccine. Globally, over 13.5 billion doses of 
COVID-19 vaccine have been administered, with the 
vaccination rate still increasing at a pace of 10,383 doses 
per day. The top three countries in terms of cumula-
tive vaccine doses administered are China (3.49 billion), 
India (2.21 billion), and the United States (670 mil-
lion). In terms of the proportion of vaccinated popula-
tion, approximately one-third of countries globally have 
achieved a vaccination rate of 75% or higher. Despite the 
increasing global COVID-19 vaccination rates, nearly 
one-third of the global population, particularly in low- 
and middle-income regions, has yet to be vaccinated. The 
African region has the lowest COVID-19 vaccination rate 
with at least one dose administered [19].

From the perspective of perceived risks of vaccina-
tion and how it affects individual interest in vaccination, 
extensive research has been conducted to understand 
the factors contributing to changes in overall vaccina-
tion rates. Studies have shown that factors such as direct 
and indirect costs of vaccination [20], implementation of 
vaccination campaigns [21], misinformation, and infor-
mation scarcity [22] can all impact vaccination uptake. 
Different studies indicate that for some individuals, 
the intention to vaccinate increases during pandemics, 
while for others, vaccine hesitancy increases. This is an 
area that requires further investigation to understand 
the differences between these reactions and how to best 
encourage vaccine acceptance. For example, from Janu-
ary 2020 to September 2020, COVID-19 vaccine accept-
ance rates in Europe decreased from 70% to less than 50% 
[23]. In 2020, those opposed to receiving new vaccines 
primarily fell into two categories: those who mistrusted 
the government and those who believed that expediting 
vaccine development was unsafe and unpredictable [24]. 
However, due to concerns about vaccine safety and effi-
cacy as well as general risk perception, acceptance rates 
decreased for both groups. In efforts to increase vaccina-
tion rates, methods such as correcting misinformation 
through social media [25], effectively utilizing govern-
ment initiatives [26], and enhancing healthcare workers’ 
training have been explored [27]. In the context of the 
internet’s increasing influence on offline society, promot-
ing dialogue, evoking emotions, and conducting propa-
ganda through online searches are noteworthy directions 
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for increasing vaccination rates. Additionally, in the 
internet era, people tend to prefer actively searching for 
information online and proactively getting vaccinated.

In general, this study has made new advances compared 
to existing research in several aspects: (1) Proposing a 
method for detecting nonlinear correlations between 
online data and offline entities. (2) Building a new math-
ematical model based on the Logistic model to explicitly 
describe and quantify the interaction between internet 
searches and vaccine administration. (3) Through pre-
dictive research, this study provides a new method for 
forecasting the number of COVID-19 vaccine doses 
administered. This not only provides theoretical support 
for adjusting public health policies related to COVID-19 
vaccine administration but also offers valuable insights 
for the administration of other vaccines.

Data modeling environment
Network data reflects social entities online and serves as 
a “barometer” of societal activities. Without social enti-
ties, network data would cease to exist. Following every 
instance of online public opinion, there lies an attribution 
to a social entity issue. However, research on the regula-
tory mechanisms governing the correlation between net-
work data and social entities within the social system is 
relatively scarce after sudden events occur. There are two 
reasons for this: firstly, it is often challenging to quan-
tify both network data and social entities simultaneously 
after a sudden event; secondly, the impact of some sud-
den events may be limited in time or space, rendering 
the quantified data less representative. So, how can we 
explore the regulatory mechanisms governing the cor-
relation between network data and social entities within 
the social system?

From the perspective of sudden events, since the World 
Health Organization declared the outbreak of novel cor-
onavirus pneumonia as an international public health 
emergency, the COVID-19 pandemic has persisted for 
nearly four years. Up to now, the novel coronavirus is still 
causing deaths and mutations. The COVID-19 pandemic, 
as a sudden public health emergency, has a long time 
span, a wide spatial scope, and is representative, making 
it suitable for studying the regulatory mechanisms gov-
erning the correlation between network data and social 
entities within the social system. Therefore, in the face 
of the big data environment triggered by the COVID-19 
pandemic, how can we select appropriate methods for 
quantifying network data and social entities?

Quantitative data
As the most severe global public health emergency in the 
past century, the COVID-19 pandemic has brought about 
significant changes in people’s lifestyles and survival 

status both online and offline. Online, social media has 
almost overnight become the primary means of com-
munication and social interaction for people worldwide, 
with the quantity of public opinion information show-
ing a high correlation with confirmed COVID-19 cases. 
The real-time dynamics of the pandemic have inundated 
media platforms, with daily updates on confirmed cases, 
infected regions, trajectory tracking, and incidents of 
mask hoarding constantly entering the public eye. Con-
cerns among the public have shifted from when the 
pandemic will end to whether there will be effective vac-
cines to alleviate mortality. This high level of attention 
can affect the strength of people’s awareness in adopting 
self-protection measures. Therefore, the public’s long-
term, widespread, and sustained attention to COVID-19 
vaccines online meets the requirements for detecting 
the regulatory mechanisms governing the correlation 
between network data and social entities.

Baidu Index is a data analysis platform based on the 
behavioral data of Baidu’s massive internet users (https://​
index.​baidu.​com/​v2/​index.​html#/). It relies on daily 
search data from the Baidu platform, with keywords as 
statistical objects, to sum up the search volumes of vari-
ous keywords on the Baidu platform weightedly. It is one 
of the most important statistical analysis platforms in the 
current era of the internet and data. Baidu Index consists 
of four attributes: Trend Research, Demand Map, Public 
Opinion Insight, and Audience Portrait. Due to differ-
ent search interfaces, it is divided into PC and APP ter-
minals. The development history of APP terminal search 
index is relatively short, recording statistical data only 
from 2011 to the present, while the PC terminal search 
index has a longer history, with relatively complete data 
from 2006 to the present. Among them, the Baidu Search 
Index is included in the Trend Research attribute. The 
search index is based on the search volume of netizens 
on Baidu, with keywords as statistical objects. It scien-
tifically analyzes and calculates the weighted sum of the 
search frequency of each keyword in Baidu’s web search. 
That is, the popularity of keywords searched by users in a 
unit of time can reflect the level of internet users’ atten-
tion to keyword searches and their continuous changes. 
In this study, we crawled Baidu search index data for the 
keyword “COVID-19 vaccine” from March 23, 2021, to 
December 23, 2022, as the quantified data for network 
data.

In the offline realm, the public faces an unprecedented 
“new normal” in epidemic prevention and control. Vari-
ous key groups such as medical workers, police officers, 
teachers, and students have had their work and lifestyle 
drastically altered. Since the release of the SARS-CoV-2 
genome sequence in January 2020, researchers world-
wide have been accelerating the development of vaccines 
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against COVID-19, resulting in the approval of multiple 
COVID-19 vaccines for emergency use by December 
2020. Despite ongoing global efforts, the pandemic per-
sists, with various mutated viruses emerging, suggesting 
that humanity may have to coexist with the COVID-
19 virus for an extended period. Vaccination, aimed at 
enhancing immunity, may become a long-term process. 
In response to the complex and severe impact of the 
COVID-19 pandemic, governments worldwide have pri-
oritized the development and administration of COVID-
19 vaccines as a key measure to curb the outbreak [28]. 
Given the continuous mutation of the virus, future vac-
cination efforts may be necessary to strengthen immunity 
against different strains, making vaccination an enduring 
process. Therefore, the COVID-19 vaccine administra-
tion exhibits characteristics of long-term, widespread, 
and sustained impact, meeting the requirements for 
detecting the relational impact patterns in social entities.

In the era of the pandemic, COVID-19 vaccination has 
continuously transitioned towards public participation, 
consolidation, and coverage. Starting from March 23, 
2021, the National Health Commission of China (http://​
www.​nhc.​gov.​cn) began publishing the COVID-19 vac-
cination situation in China and updating the cumulative 
vaccination data daily (http://​www.​nhc.​gov.​cn/​xcs/​xxg-
zbd/​gzbd_​index.​shtml). In view of this, in this study, we 
crawled daily COVID-19 vaccination data in China from 
March 23, 2021, to December 23, 2022, quantified as 
the number of vaccinations administered per day (unit: 
10,000 doses), as the quantitative data for social entities.

Data correlation analysis
After obtaining the initial data, analysis reveals two cor-
responding relationships in terms of time and data vol-
ume between Baidu search index data (SI) and China’s 
COVID-19 vaccine inoculation data (VI). Firstly, there 
is a variability relationship where each data point in the 
BI corresponds to the search index quantity for each day. 
This variability relationship slices time and analyzes the 
data generated at each time point, corresponding to an 
instantaneous relationship. Secondly, there is an evo-
lutionary relationship in the VI, where each data point 
corresponds to the cumulative number of vaccine inoc-
ulations up to that day. The evolutionary relationship 
accumulates time and analyzes all generated data, corre-
sponding to an accumulated relationship. When explor-
ing the rules of the association between network data 
and social entities in the social system, it is necessary to 
choose whether to use instantaneous data or cumulative 
data. Firstly, the data format needs to be standardized by 
segmenting VI into daily instantaneous data to obtain 
an instantaneous dataset; and SI is accumulated daily to 
obtain a cumulative dataset.

To investigate the rationality of data selection, we con-
ducted correlation analysis separately on instantaneous 
data and cumulative data to determine the correlation 
between BI and VI. We identified the dataset with the 
highest correlation coefficient to be used for subsequent 
modeling work.

Correlation analysis is divided into two types: global 
correlation analysis and dynamic correlation analysis.

The global correlation coefficient is used to measure 
the overall association between BI and VI over the entire 
study period from March 24, 2021, to December 23, 
2022, comprising 640 data points. We calculate the global 
correlation coefficient using the following formula:

Where rglobal represents the global correlation coeffi-
cient and cov(X, Y) represents the covariance between BI 
X and VI Y. σ X and σ Y respectively denote the standard 
deviations of the search index X and COVID-19 vaccina-
tion data Y. The linear correlation coefficient eliminates 
the influence of dimensions. Its values range from − 1 
to 1, where a value closer to 1 indicates a stronger lin-
ear correlation, while a value of 0 indicates no linear 
correlation.

The calculation results are as follows:

Where rglobal1 represents the global correlation coeffi-
cient between instantaneous data, and rglobal2 represents 
the global correlation coefficient between cumulative 
data. 0.5 < rglobal < 1 , indicating a strong positive cor-
relation. It is evident that both X and Y exhibit strong 
correlation in both instantaneous and cumulative data. 
rglobal2 > rglobal1 , indicating that the correlation in cumu-
lative data is stronger compared to instantaneous data.

The dynamic correlation coefficient is used to describe 
the dynamic changes in the correlation between X and 
Y from the beginning to the t-th day. By calculating the 
evolution correlation coefficient revolution(t) , we can 
observe the dynamic changes in the correlation between 
X and Y during the evolutionary process. Its calculation 
formula is as follows:

Where revolution(t) represents the dynamic correlation 
coefficient for the t-th day, cov(X1:t, Y1:t) denotes the 

rglobal = cor(X, Y) =
cov(X, Y)
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covariance between X and Y from the beginning of the 
event to the t-th day, and σ X1:t and σ Y1:t respectively 
represent the standard deviations of X and Y during that 
time period. Since the Pearson correlation coefficient 
requires at least two data points to analyze the correla-
tion, in the analysis of dynamic correlation coefficients, 
a total of 639 Pearson correlation coefficients were 
obtained. The dynamic trend of the correlation coeffi-
cient over time is shown in Fig. 1.

It can be observed that the dynamic correlation coef-
ficient revolution1 of instantaneous data fluctuates more 
significantly compared to the average dynamic correla-
tion coefficient avg(revolution1(t)) = 0.703846124 . The 
dynamic correlation coefficient revolution2 of cumula-
tive data exhibits smaller fluctuations, with the low-
est value revolution2(53) observed at 53 days, where 
revolution2(53) = 0.975521704 . The average dynamic cor-
relation coefficient avg(revolution2(t)) = 0.99172064 indi-
cates that the overall dynamic correlation coefficient of 
cumulative data remains at a very high level.

From the results of the overall and dynamic correla-
tion coefficients, it can be observed that the cumulative 
data of BI and VI exhibit higher correlation compared to 
the instantaneous data, indicating greater research value 
and significance. Furthermore, this also confirms the 
rationality of our data quantification and fundamental 
assumptions regarding network data and social entities, 
providing support for our subsequent establishment of 
basic models. In terms of the meaning of the data itself, 
cumulative data considers historical factors and past 
influences, while instantaneous data focuses more on the 
current state. We need to analyze historical evolutionary 
patterns and capture trends in data evolution over time. 

Therefore, we choose cumulative data as the final mod-
eling data, with a time range from March 24, 2021, to 
December 23, 2022, totaling 640 data points.

Model establishment
Hypothesis
The evolution pattern of information data generated by 
sudden events has been extensively studied, although the 
models applied and the delineation of stages may vary. 
Nevertheless, fundamentally, they all acknowledge that 
information data evolve along an “S-curve”. In 1985, the 
renowned American information resource management 
expert, Horton, introduced the concept of information 
lifecycle, suggesting that information resources follow 
natural laws of motion and possess their own lifecycle. 
According to the information lifecycle theory, the evo-
lution process of information data can be divided into 
stages. Currently, the academic community has different 
views on the division and naming of stages in the evolu-
tion of information lifecycle, which can range from three 
to six stages depending on different criteria. However, 
overall, different stage divisions follow the evolution-
ary pattern of information generation, development, 
and extinction. It has been observed that the evolution 
of Baidu search index and China’s COVID-19 vaccine 
administration also exhibits characteristics of an incuba-
tion period, a diffusion period, and a decline period.

Therefore, the logistic model proposed by the Bel-
gian mathematician P.F. Verhulst, initially used to study 
the growth of social populations, can be employed to 
simulate the evolution process of information data 
generated by sudden events in both online and offline 
domains. It is assumed that the quantified data of 

Fig. 1  Dynamic trend of Pearson correlation coefficient over time
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online and offline entities conform to an independently 
existing logistic model.

Specifically, it is assumed that the BI x1(t) , corre-
sponding to online data, is a monotonically increas-
ing function of time t with an initial value of x1(0) . The 
number of VI x2(t) , corresponding to social entities, is 
also a monotonically increasing function of time t with 
an initial value of x2(0) . Based on the above analysis, 
the foundational model for obtaining quantified data of 
online and offline entities (model 1) is constructed as 
follows:

Where r1 > 0 represents the inherent growth rate of 
the cumulative BI, and r2 > 0 represents the inherent 
growth rate of cumulative VI. Due to the existence of a 
lifecycle, both the cumulative BI and cumulative VI have 
upper limits. Here, K1 represents the upper limit of the 
cumulative BI, and K2 represents the upper limit of 
cumulative VI. Therefore, the remaining space for the 
cumulative BI is denoted as 

(

1− x1
K1

)

 , and the remaining 
space for cumulative VI is denoted as 

(

1− x2
K2

)

.
To verify the rationality and accuracy of the above 

assumptions, we conducted a fitting analysis on the full-
cycle data of the basic model. First, it is necessary to con-
vert the basic model into the corresponding difference 
equations. After the transformation, the parameter fitting 
problem of the differential equations is converted into a 
regression analysis problem of the difference equations. 
The specific system of equations is as follows:

Where ∆ x1(t) = x1(t)− x1(t − 1) , 
∆ x2(t) = x2(t)− x2(t − 1) , ∆ x1(t) and ∆ x2(t)respec-
tively represent the statistical quantities of BI and VI 
at time t , while x1(t) and x2(t) represent the cumula-
tive quantities of BI and VI at time t . During data pro-
cessing, it was found that, due to the need to calculate 
∆ x(t) , the data starts from the second item and has 
numerical values, resulting in a total of 640 data points. 
Observing the equations, it can be noted that the differ-
ence ∆ x1 (t) exhibits a bivariate linear relationship with 
x1 and x1 2 , and the same applies to ∆ x2(t).

Next, using bivariate linear regression analysis, a 
regression analysis is performed on each of the two 

(1)







dx1
dt

= r1x1

�

1− x1
K1

�

dx2
dt

= r2x2

�

1− x2
K2

�

(2)







∆ x1 (t) = r1x1

�

1− x1
K1

�

= r1x1 −
r1
K1
x1

2

∆ x2(t) = r2x2

�

1− x2
K2

�

= r2x2 −
r2
K2
x2

2

variables in this dataset separately, yielding regression 
coefficients r1 , − r1

K1
 , r2 , and − r2

K2
 . This allows us to deter-

mine the parameters r1 , K1 , r2 , and K2 of the aforemen-
tioned differential equations.

By observing the model 1, it is noted that in practical 
scenarios, the intrinsic growth rates r1 and r2 , as well 
as the quantity limits K1 and K2 , all need to be greater 
than 0. Hence, − r1

K1
< 0 and − r2

K2
< 0 . Therefore, this 

can be set as a structural test criterion.
In addition, to make the results more accurate and 

representative, we also introduced goodness-of-fit and 
significance tests. The goodness-of-fit test introduces 
the statistical measure R-squared, which is a measure 
of the goodness of fit of a linear regression model. Typi-
cally, the larger the R-squared, the better the regres-
sion model fits the observed data. We set a criterion for 
goodness-of-fit test to pass when R-squared is greater 
than 0.36. The significance test introduces the P-value. 
We set the criterion for passing the significance test to 
be when the P-value is less than 0.05.

After conducting linear regression analysis on BI and 
VI, the results were examined using the three aforemen-
tioned testing methods. Equation 1 represents the condi-
tion where dx1

dt = r1x1

(

1− x1
K1

)

 , and equation  2 

represents the condition where dx2dt = r2x2

(

1− x2
K2

)

 . The 
results are summarized in Table 1.

The results indicate that in Equation  1, both param-
eters pass the structural test for signs, with R2 > 0.36 
meeting the goodness of fit test. The P-values for both 
coefficients are less than 0.005, indicating strong sig-
nificance in the regression coefficients, satisfying the 
significance test. In Equation  2, both parameters pass 
the structural test for signs, with R2 > 0.36 meeting the 
goodness of fit test. The P-values for both coefficients 
are less than 0.005, indicating strong significance in the 
regression coefficients. Both equations pass the triple 
test, suggesting a high degree of fit between the data 
and the basic differential equations. Therefore, we can 
conclude that the above assumptions are reasonable, 
allowing us to proceed with the next data modeling 
task.

Data modeling
The preceding research has confirmed that there is 
a strong correlation between BI and VI, serving as 

Table 1  Results Verification

ri

(i = 1, 2)

ri

P − value

−
ri
Ki

−
ri
Ki

P− value

R
2

Equation 1 0.0130151.3E− 105 −9.35E− 10 2.34E− 92 0.581097

Equation 2 0.0141214.1E− 158 −4.12E− 08 1.6E− 143 0.709028
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quantified data for network data and social entities. Fol-
lowing the outbreak of the COVID-19 pandemic, the 
public’s attention to effective vaccines and the urgency of 
protecting the population have driven the development, 
production, and deployment of COVID-19 vaccines. The 
administration of COVID-19 vaccines, in turn, influences 
public attention. However, how do internet searches and 
vaccine administration interact with each other? What 
effects do they generate? What are the mechanisms 
behind these effects? Further exploration is still needed 
to address these questions.

In order to explore the underlying mechanisms of the 
association between online searches and vaccination, 
we further proceed with data modeling. We use func-
tion f1 to describe the impact of the cumulative VI on the 
growth rate of cumulative BI. Function f2 is employed to 
depict the influence of the cumulative BI on the growth 
rate of cumulative VI. Let f1 and f1 denote the influence 
functions, representing the coexistence of online search 
data and societal entities on the fundamental assump-
tions of the model. The detection model for the mecha-
nism of correlated influence (model 3) can be represented 
in the following form:

Firstly, we need to determine the structure of the 
two influence functions, f1 and f2 . As known from 
the aforementioned, in the basic Logistic model, 
dx
dt

= rx
(

1− x
K

)

= rx − r
K x

2 , and the rate of change dxdt  
is a binary linear function of x and x2 , where the high-
est order of variables is quadratic, and there is no con-
stant term. Therefore, we assume that when quantifying 
the correlation between online search data and societal 
entities, the highest order of a single variable is quad-
ratic. Thus, taking influence function f1(x1, x2) as an 
example, it can include at most six structural factors: 
x2 , x22 , x1x2 , x1x22 , x12x2 , x12x22 . These six structural 
factors can be combined to form terms containing i 
structural factors ( i = 1, 2, 3, 4, 5, 6) . There are a total 
of C1

6 + C2
6 + C3

6 + C4
6 + C5

6 + C6
6 = 63 possibilities for 

the factors in f1(x1, x2) . Additionally, the signs preced-
ing these six structural factors can be either positive or 
negative. Similarly, f2(x1, x2) can also include at most 
six structural factors: x1 , x12 , x1x2 , x1x22 , x12x2 , x12x22 , 
resulting in 63 possible structures.

At this point, the detection process for the associative 
impact pattern mechanism between network data and 
social entities has been established, aiming to filter out the 
common structural factors that meet the model require-
ments. The specific process is as follows:

(3)







dx1
dt

= r1x1

�

1− x1
K1

�

+ f1(x1, x2)

dx2
dt

= r2x2

�

1− x2
K2

�

+ f2(x1, x2)

(1) Construct the model formula and convert it into a 
set of difference equations. Transform model 3 into cor-
responding difference equations, forming two sets of dif-
ference equations collections S1 and S2 , each containing 63 
equations.

Where ∆ x1(t) = x1(t)− x1(t − 1) , 
∆ x2(t) = x2(t)− x2(t − 1) , ∆ x1(t) and ∆ x2(t) represent 
the corresponding BI and VI in time t (t = 1,2,3,…,640).

(2) Conduct regression analysis. We perform two types 
of regression analysis: static regression analysis based 
on global data and dynamic regression analysis based on 
evolving data. Static regression analysis refers to evaluat-
ing whether there is a strong correlation between BI and VI 
from March 24, 2021, to December 23, 2022, covering the 
entire period. Dynamic regression analysis involves starting 
with a subset of data and adding one data point at a time 
for regression analysis until the entire period is covered.

(3) We perform a triple regression test. The triple test 
includes structural, correlation, and significance tests. 
In the structural test, the first parameter of equation 
∆ x (n) = rx

(

1− x
K

)

+ f(x1, x2) = rx − r
K x

2
+ f(x1, x2) 

needs to be positive, and the second parameter needs to 
be negative, satisfying the structural assumptions of the 
model. In the correlation test, the change rates dx

dt
 and dy

dt
have a strong correlation with the influencing factors, with 
a criterion of passing the fit test when R-squared is greater 
than 0.36. In the significance test, the significance of the 
resulting parameters is measured, passing the significance 
test when the P-value is less than 0.05.

(4) Identify common structures and quantify the impact 
patterns. Among the 63 structural factors mentioned 
above, we select based on the highest dynamic test passing 
rate, obtaining the structure of the impact function with 
the greatest commonality. Here, we introduce the Passing 
Rate (PR) to describe the proportion of times a structural 
factor passes the triple regression test out of the total num-
ber of times that the structural factor needs to undergo 
dynamic regression analysis. The structural factor with the 
highest passing rate best reflects representative patterns of 
correlated impact.

In this context, Ntotal represents the number of times 
each structural equation needs to undergo dynamic 
regression analysis, which is 621 for the selected data. Ni 

(4)







∆ x1 (t) = r1x1

�

1− x1
K1

�

+ f1(x1, x2)

∆ x2(t) = r2x2

�

1− x2
K2

�

+ f2(x1, x2)

PR =
Ni

Ntotal
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represents the number of times a particular structural 
factor passes the triple regression test.

Data modeling for internet searches
We initiated the analysis from the first 20 data points 
(covering from March 24, 2021, to April 12, 2021), incre-
mentally adding one data point at a time until reaching 
the data points of December 23, 2022. Each structural 
equation (totaling 63) underwent 621 dynamic regression 
analyses, aiming to evaluate the stability of the detected 
associative impact pattern mechanisms during the evolu-
tionary process.

We divided the 63 structural factors into groups based 
on the number of terms, ranging from one to six terms 
(where one term contains C1

6 structural factors, two 
terms contain C2

6 structural factors, and so on, up to six 
terms containing C6

6 structural factors). After regression 
analysis, we obtained the values of the Passing Rate (PR) 
for each structural factor.

The PR results for the first equation’s one term are 
shown in Table 2.

From the table, it can be observed that when the num-
ber of structural factors is one, structural factors x1x22 and 
x21x2 have the highest number of passes in the threefold 
regression out of 621 dynamic regressions, with a passing 
rate as high as 90.82%.

Extracting the structural factors with the highest pass-
ing rate for each item (for example, when the number of 
structural factors is one, extracting x1x22 and x21x2 ), we 
obtain Table 3.

Overall, when the structural factors are x1x22 and x21x2 , 
the pass rate is the highest at 90.82%. That is, the impact 
function of VI on BI is f11(x1, x2) = a1x1x

2
2 , a1 > 0 , 

where a1 is the coefficient of structural factor x1x22 ; or 
f12(x1, x2) = a2x

2
1x2 , a2 > 0 , where a2 is the coefficient of 

structural factor x21x2.
Performing a global static regression analysis on the 

obtained differential equation ∆ x11 (t) = r11x1

(

1− x1
K11

)

+ a1x1x
2
2 =

r11x1 −
r11
K11

x1
2
+ a1x1x

2
2 yields the fitting results, as shown in 

Table 4.

After conducting full-cycle static regression analysis, 
the equation dx1

dt
= 0.024136x1 + (−2.9E− 09)x1

2
+ (1.44E− 13)x1x

2
2
 was 

obtained, and the fitting results passed the triple test, with 
all P-values significantly less than 0.005, indicating a strong 
significance of the regression coefficients.

Performing global static regression analysis on the 
obtained differential equation ∆ x12 (t) = r12x1

(

1− x1
K12

)

+ a2x
2
1x2 =

r12x1 −
r12
K12

x1
2
+ a2x

2
1x2 yields the fitting results, as shown in 

Table 5.
After the full-period static regression analysis, the 

equation dx1
dt

= 0.037413x1 + (−5.4E− 09)x1
2
+ (8.18E− 15)x21x2

 was 
obtained, and the fitting results passed the triple test, 
with P-values far below 0.005, indicating a very strong 
significance of the regression coefficients. Comparing 
Tables  4 and 5, when the structure factors are x1x22 and 
x21x2 , r1i(i = 1, 2) > 0 , − r1i

K1i
< 0 , satisfying the structural 

test. In terms of the goodness of fit test, R2
2 > R2

1 , indicat-
ing that the equation with the structure factor x21x2 has 

Table 2  PR results

Structure factor Passing count Passing rate Structure factor Passing count Passing rate

x2 58 0.093397746 −x2 310 0.499194847

x
2
2

374 0.602254428 −x
2
2

0 0

x1x2 351 0.565217391 −x1x2 0 0

x1x
2
2

564 0.90821256 −x1x
2
2

0 0

x
2
1x2

564 0.90821256 −x
2
1x2

0 0

x
2
1x

2
2

563 0.906602254 −x
2
1x

2
2

1 0.001610306

Table 3  Structural factors with the highest passing rate for each 
item

Structure factor Passing rate(%)

One Item x1x
2
2orx

2
1x2

90.82

Two Item −x22 + x21x2
85.99

Three Item −x22 + x1x
2
2 − x21x

2
2

59.58

Four Item −x2 + x1x2 − x1x
2
2 + x21x

2
2

12.72

Five Item −x22 + x1x2 + x1x
2
2 − x21x2 − x21x

2
2

47.02

Six Item −x2 − x22 + x1x2 − x1x
2
2 − x21x2−x21x

2
2

3.54

Table 4  Fitting results

Parameters Values P − value Whether it has 
passed the test

r11 0.024136 5.9E− 95 Passed

−
r11
K11

−2.9E− 09 1.25E− 60 Passed

a1 1.44E− 13 2.81E− 33 Passed

R21
0.663705 —— Passed
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a better fit. In terms of significance test, the P-values of 
parameters r12 , − r12

K12
 , and a2 are smaller compared to the 

P-values of parameters r11 , − r11
K11

 , and a1 , indicating that 
the equation with the structure factor x21x2 has better sig-
nificance. Therefore, the structure factor x21x2 is selected.

Data modeling for COVID‑19 vaccine administration
Similar to the data modeling of web searches, after con-
ducting regression analysis on ∆ x2(t) = r2x2

(

1− x2
K2

)

+ f2(x1, x2)
 , 

taking the number of structural factors as one item as an 
example, the PR results are shown in Table 6.

From the table, it can be seen that when the number of 
structural factors is one, the structural factor x22x1 has the 
highest passing rate, with a rate as high as 89.37% in 621 
dynamic regression tests.

Extracting the structural factor with the highest pass-
ing rate for each item (for example, when the number 
of structural factors is one, extracting x22x1 ), Table  7 is 
obtained.

Overall, when the structural factor is x22x1 , the passing 
rate is the highest at 89.37%. That is, the impact function 
of BI on VI is f2(x1, x2) = bx22x1 , b > 0, where b is the coef-
ficient of structural factor x22x1.

For the obtained difference equation ∆ x2(t) = r2x2

(

1− x2
K2

)

+bx22x
2
1 = r2x2 −

r2
K2

x2
2
+ bx22x1 , conducting a global static 

regression analysis yields the fitted results, as shown in 
Table 8.

Through the static regression analysis of the entire period, 
the equation dx2

dt
= 0.019741x2 + (−9.2E− 08)x2

2
+ (2.45E− 15)x22x1

 is 
obtained, and the fitted result has passed the triple test, with 

all P-values significantly below 0.005, indicating strong sig-
nificance of the regression coefficients.

Model comparison
Compare the fitting results obtained from the data mode-
ling with those of the basic model. Since all fitting results 
have passed the structural test, in the significance test, 
the optimized model has one more parameter compared 
to the basic model, making it impossible to perform a 
comparative analysis. Therefore, selecting the parameter 
R2 from the goodness-of-fit test as the standard for com-
parative analysis, as shown in Table 9.

It can be observed that after adding the optimal struc-
tural factors, the fitness of the model has significantly 
improved, demonstrating the effectiveness and rational-
ity of the data modeling process.

Model analysis
Through quantifying network data and social entities, 
we have constructed a model for detecting associative 
impact patterns between network data and social entities. 
We have introduced a triple test method and obtained the 
optimal associative impact pattern common structural 
equation with the highest fitness. Given that the identi-
fied optimal structural factors exhibit positive values, this 
study infers a positive interaction between online search 
behavior and vaccination rates, which drives a mutually 
reinforcing relationship between the two. Based on this, 
the study terms this bidirectional promotion phenom-
enon as the “symbiotic effect” to highlight the mutually 
beneficial relationship between online search and vac-
cination in their dynamic interaction. In this section, we 
will explore and analyze the mechanisms implied by the 
model, and conduct a detailed analysis of the formation 
and implications of the symbiotic effects between inter-
net searches and vaccine administration.

Model consolidation
The optimal model for the most significant correlation 
pattern between BI and VI, as explored in the previous 
section, is summarized as follows:

Table 5  Fitting results

Parameters Values P − value Whether it has 
passed the test

r12 0.037413 1.1E− 146 Passed

−
r12
K12

−5.4E− 09 1.1E− 114 Passed

a2 8.18E− 15 2.44E− 89 Passed

R22
0.775475 —— Passed

Table 6  PR results

Structure factor Passing count Passing rate Structure factor Passing count Passing rate

x1 0 0 −x1 12 0.019323671

x
2
1

0 0 −x
2
1

369 0.594202899

x2x1 0 0 −x2x1 55 0.088566828

x2x
2
1

343 0.552334944 −x2x
2
1

0 0

x
2
2x1

555 0.893719807 −x
2
2x1

0 0

x
2
2x

2
1

554 0.892109501 −x
2
2x

2
1

6 0.009661836
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Breaking it down and simplifying, we get the system of 
equations:

Where α = a2
K1K2
r1

 and β = bK1K2
r2

 , with specific sym-
bol meanings as shown in Table 10.

Mechanism analysis
In natural ecosystems, population growth follows the 
Logistic model due to limitations imposed by natural 
environmental resources. This pattern is character-
ized by a gradual decrease in growth rate as popula-
tion density increases, starting with rapid growth in the 
early stages, slowing down after reaching a certain size, 
and eventually reaching saturation. Similarly, in the 
foundational model, Baidu search index and China’s 
COVID-19 vaccine administration volume undergo an 
evolutionary process from formation, growth, to stabili-
zation. However, in social systems, connections exhibit 
universality, with internal elements of phenomena and 
interactions between phenomena mutually influenc-
ing, constraining, and interacting with each other. 
After the occurrence of the COVID-19 pandemic, the 
public’s high attention to effective vaccines affects the 
strength of individuals’ awareness of self-protection 
measures. Furthermore, following the development and 

(5)







dx1
dt

= r1x1

�

1− x1
K1

�

+ f1(x1, x2) = r1x1 −
r1
K1

x1
2
+ a2x

2
1x2

dx2
dt

= r2x2

�

1− x2
K2

�

+ f2(x1, x2) = r2x2 −
r2
K2

x2
2
+ bx22x1

(6)







dx1
dt

= r1x1

�

1− x1
K1

+ a2
K1K2
r1

x2
K2

x1
K1

�

= r1x1

�

1− x1
K1

+ α
x2
K2

x1
K1

�

dx2
dt

= r2x2

�

1− x2
K2

+ b K1K2
r2

x1
K1

x2
K2

�

= r2x2

�

1− x2
K2

+ β
x1
K1

x2
K2

�

production of COVID-19 vaccines, they become a focal 
point of public attention, influencing public search 
behavior on the internet regarding COVID-19 vaccines.

For the BI equation dx1
dt = r1x1

(

1− x1
K1

+ α
x2
K2

x1
K1

)

 , 
COVID-19 vaccination x2 promotes an increase in the 
Baidu search index x1 . Firstly, the production and appli-
cation of COVID-19 vaccines lead to a surge in public 
demand for information, resulting in an increase in 
online search behavior. The degree to which a unit of VI 
promotes BI x1 is represented by α x1

K1
 , while x2K2

 repre-
sents the degree to which α x2

K2

x1
K1

 promotes BI x1 , where 
α is the coefficient of influence effect. When α > 0 , it 
signifies a promotion effect coefficient. Secondly, VI x2 
leads to an increase in the residual space for growth of 
BI x1 , from 1− x1

K1
 to 1− x1

K1
+ α

x2
K2

x1
K1

 . Based on these 
two points, offline COVID-19 vaccination drives online 
Baidu search index changes, exerting a positive impact 
on the change rate of the Baidu search index.

For the VI equation dx2dt = r
2
x2

(

1− x2
K2

+ β
x1
K1

x2
K2

)

 , the 
BI x1 promotes an increase in the VI x2 . Firstly, after the 
outbreak of the COVID-19 pandemic, media platforms 
are inundated with real-time pandemic updates, and var-
ious pandemic-related public opinion events continu-
ously enter the public’s view. The public gradually starts 
to care and actively search for whether there are any 
effective vaccines available to alleviate the fatalities. This 
heightened attention leads to an increased awareness 
among people to take self-protective measures. The rein-
forcement of this self-protective awareness is reflected in 

Table 7  Structural factors with the highest passing rate for each 
item

Structure factor Passing rate(%)

One Item x22x1
89.37

Two Item −x21 + x2x
2
1

78.10

Three Item −x21 + x22x1 − x22x
2
1

54.91

Four Item −x2x1+x2x
2
1 + x22x1−x22x

2
1

23.35

Five Item −x21 + x2x1 − x2x
2
1 + x22x1 − x22x

2
1

39.77

Six Item —— 0

Table 8  Fitted results

Parameters Values P − value Whether it has 
passed the test

r2 0.019741 2.36E− 95 Passed

−
r2
K2

−9.2E− 08 5.24E− 41 Passed

b 2.45E− 15 1.11E− 14 Passed

R2 0.712115 —— Passed

Table 9  Fitting comparison

Baseline model’s R2 Optimized 
model’s R2

Equation 1 0.581097 0.775475

Equation 2 0.709028 0.712115

Table 10  Symbol meanings

Variables and 
parameters

Meaning

t Time

x1 Cumulative BI

x2 Cumulative VI

r1 Inherent growth rate of cumulative BI

r2 Inherent growth rate of cumulative VI

K1 The upper limit of the cumulative BI

K2 The upper limit of the cumulative VI

 α The coefficient representing the correlation effect of VI 
on BI

β The coefficient representing the correlation effect of BI 
on VI
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social entities, resulting in an increase in COVID-19 vac-
cination volume. The degree to which a unit of BI pro-
motes the VI x2 is represented by β x2

K2
 , while x1K1

 represents 
the degree to which β x1

K1

x2
K2

 promotes the VI x2 . Here, β is 
the coefficient of influence effect, and when β > 0 , it sig-
nifies a promotion effect coefficient. Secondly, the BI x1 
leads to an increase in the residual space for growth of VI 
x2 , from 1− x2

K2
 to 1− x2

K2
+ β

x1
K1

x2
K2

 . Based on these two 
points, online-related Baidu search index also serves as a 
driving force for offline COVID-19 vaccination, exerting 
a positive impact on the change rate of COVID-19 vacci-
nation volume.

Analysis of Interaction processes
Through modeling analysis, we have determined that the 
associative impact pattern between BI and VI is a mutu-
ally reinforcing interactive structure, indicating a symbi-
otic relationship between internet searches and vaccine 
administration. Information and activities related to 
COVID-19 vaccine administration trigger public search 
demands, thereby driving up the cumulative BI. Con-
versely, accessing search results also helps the public 
better understand and engage in vaccine administration, 
further promoting an increase in VI. This bidirectional 
promotion mechanism is consistent with the mechanism 
described in ecological models of population symbiosis 
in mathematical ecology. This provides a theoretical basis 
for explaining the model mechanism and lends greater 
practical significance to our findings.

From a public perspective, interest in vaccine adminis-
tration gradually increases in the early stages of COVID-
19 vaccine rollout. As people seek information about 
vaccine administration, they utilize search engines, lead-
ing to an increase in the cumulative search index. After 
COVID-19 vaccine administration, recipients share 
their vaccination experiences and engage in discussions 
on various forums and social media platforms. These 
shares and discussions generate more content related 
to searches, further driving up the cumulative search 
index on Baidu. For those who have been vaccinated, 
they may search for information regarding the efficacy 
and side effects of the vaccine, confirming the effective-
ness of vaccination. These search behaviors also contrib-
ute to the increase in the BI. From a media perspective, 
as a highly discussed topic, the media reports and pro-
motes vaccine administration, triggering public search 
demands and subsequently increasing the BI. From a 
governmental standpoint, the government continuously 
updates and adjusts vaccine administration policies and 
arrangements. The public searches for relevant informa-
tion through search engines and makes appointments for 
vaccine administration accordingly. This series of actions 
also contributes to the increase in the BI.

For vaccine administration, an increase in BI implies 
a gradual rise in public attention towards COVID-19 
vaccine administration. As information spreads, more 
people become aware of the importance of vaccine 
administration, and positive public discourse further 
drives the popularization of vaccination. These positive 
messages include the benefits, safety, and post-vaccina-
tion effects, which help dispel public doubts and increase 
willingness and acceptance of vaccination. Therefore, 
online searches can be utilized to promote vaccine-
related campaigns [29] or enhance healthcare work-
ers’ education [30]. A survey conducted in Melbourne, 
Australia, indicated that online searches are an effective 
means to boost participation and coverage rates in influ-
enza vaccination campaigns. Additionally, online search 
platforms can be used to provide the public with the lat-
est, unbiased, and trustworthy information. For exam-
ple, state health departments in the United States utilize 
Facebook to disseminate vaccine-related information, 
which constitutes 7% of all content published [31].

Through active engagement, the public can also gain 
access to information regarding vaccine appointment 
scheduling, vaccination locations, and other related 
details. This information helps the public understand 
how to go about getting vaccinated, thereby enhancing 
the accessibility of vaccine administration. From a policy 
perspective, during the vaccination period, the public 
pays closer attention to changes in vaccination policies, 
such as the expansion of age groups eligible for vaccina-
tion and increases in vaccine supply, all of which contrib-
ute to improving vaccination coverage rates.

Model application
By seeking the optimal common structural factors, we 
have derived a model describing the associative impact 
patterns between BI and VI. However, the greater value 
of the model lies in its application. Therefore, we will fur-
ther explore the specific application value of this associa-
tive impact pattern model.

The value of big data lies in prediction, and the key 
to detecting associative impact patterns is how to uti-
lize existing data to forecast future data trends. In prac-
tical applications, it is essential to first determine the 
parameters of the model in order to identify the types of 
equilibrium points and subsequently investigate future 
evolutionary trends.

First, determine the parameters of the model using the 
current BI and VI.

Let 


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

dx1
dt

= r1x1

�

1− x1
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+ α
x2
K2

x1
K1

�

= 0

dx2
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1− x2
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+ β
x1
K1

x2
K2

�

= 0
 , the equilib-

rium points of the model are as follows:
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According to the theory: The local equilibrium point 
is stable when the determinant DET(J) > 0 and the trace 
Tr(J) < 0 of the Jacobian matrix. We could screen out the 
equilibrium points that meet the conditions by substitut-
ing each equilibrium point into the Jacobian matrix, as 
shown in Table 11.

According to the definition in this text, equilibrium 
points need to be greater than zero. P1 is not the equilib-
rium point sought in this paper. Only the case where P2 
holds is discussed in this paper.

According to the model, the equilibrium point for the BI 
changes from K1 to K1

2β

[

1+ β − α −

√

(α − β )2 − 2α − 2β + 1

] , while 
the equilibrium point for the VI changes from K2 to 
K2

2α

[

1+ α − β −

√

(α − β )2 − 2α − 2β + 1

]

 . Therefore, based on 
the previous n sets of BI and VI, dynamic prediction can be 
performed by adding new data to calculate the new equilib-
rium points and predict future trends [32]. Let X(t) represent 
the true data at time t , Xbalance1 represent the equilibrium 
point K1

2β

[

1+ β − α −

√

(α − β )2 − 2α − 2β + 1

] , Xbalance2 represent the 
equilibrium point K2

2α

[

1+ α − β −

√

(α − β )2 − 2α − 2β + 1

] , and the 
model can predict a time span T , where T is an integer greater 
than or equal to 0. Introducing the prediction fluctuation 
value γ , typically set as γ = 1+ 5% , then taking the BI as an 
example, X(t) ≤ γ Xbalance1 ≤ X(t + 1) . When the model 
parameters are determined not to meet the model conditions 
or when the regression analysis P-value is relatively large 
(P > 0.05), dynamic prediction stops.

 Modeling the full-cycle data of BI and VI allows for the 
generation of a complete forecast data table. Partial pre-
diction results are shown in Fig. 2.

As shown in Fig.  2, applying the model to real Baidu 
Search Index and China’s COVID-19 vaccination data 
validates the model’s ability to predict future trends in 
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online search behavior and actual vaccination behav-
ior. In the figure, t represents the selected time interval 
length, and T  represents the length of the future period 
that can be predicted. Two segments that can achieve the 
expected prediction targets well are identified: the first 
segment ranges from 192 days to 234 days, and the sec-
ond segment ranges from 578 days to 639 days. In other 
words, using 25.3–36.6% of the entire cycle’s data and 
90.3–99.8% of the entire cycle’s data yields better pre-
diction results. For the prediction length T  of BI, it falls 
between 92 days and 149 days, with an average predic-
tion length of 106 days. Therefore, 25.3–36.6% of the BI 
for the entire cycle can provide relatively accurate predic-
tions for 46–53% of the BI for the entire cycle. Similarly, 
for the prediction length T  of VI, it falls between 38 days 
and 129 days, with an average prediction length of 55.77 
days. Hence, 25.3–36.6% of the VI for the entire cycle can 
offer relatively accurate predictions for 38–45% of the VI 
for the entire cycle. In the second segment of forecasting 
length, both for BI and VI, the lengths of prediction are 
identical. Starting from the first 90.3% of the full-cycle 
data, the equation set fully covers all subsequent data 
for prediction. Additionally, both segments of predic-
tion results exhibit significant regression analysis effec-
tiveness, with the accuracy of some prediction outcomes 
shown in the Table 12.

Predicting public health events, such as the future 
trend of vaccine administration numbers, helps shorten 
the response time of public health professionals, ena-
bling them to provide more effective services and thereby 
improving public health conditions. Traditionally, the 
prediction of public health events has primarily relied on 
clinical data, such as patient registration records. How-
ever, non-clinical network data, such as search engine 
queries, has been proven to be useful in predicting pub-
lic health events. Clinical data and network data are 
complementary sources of evidence. While clinical data 
provide authoritative information recognized by experts, 
network data provide large-scale, near-real-time infor-
mation, such as symptoms or health issues that may not 
have been discovered or reported through official clini-
cal channels. This indicates that network data, such as 
search query frequencies, has potential utility in pre-
dicting vaccine administration situations in countries 
without national vaccine registration systems [33]. By 

Table 11  Stability conditions for Equilibrium points

Equilibrium 
point

DET(J) Tr(J) Equilibrium condition

P0 r1r2 r1+r2 Disequilibrium

P1 DET (J(P1)) −(r1+r2) α + β > 1

P2 DET (J(P2)) −(r1+r2) α + β < 1

P3 −r1r2 −(r1+r2) Disequilibrium

P4 −r1r2 r1−r2 Disequilibrium



Page 14 of 18Liu et al. BMC Public Health          (2025) 25:975 

continuously monitoring search trends, public health 
officials can identify areas with low vaccination rates and 
target interventions where they are most needed. This 
allows for the proactive allocation of resources to regions 
with increased vaccine hesitancy or misinformation, thus 

improving vaccination campaigns. In addition, real-time 
search trends can serve as early indicators of emerging 
health issues, allowing for swift policy responses to pre-
vent the spread of misinformation or address new vac-
cine-related concerns. Moreover, the model’s predictive 

Fig. 2  Partial prediction lengths for the entire data cycle

Table 12  The Accuracy of some prediction outcomes

Time Prediction length 
T

P-value of regression analysis R
2

2021.03.24–2021.10.01 149 9.61× 10−36;8.51× 10−15;3× 10−4;1.34× 10−57;1.01× 10−26;1.03× 10−14 0.85; 0.94

2021.03.24–2021.10.02 138 5.5× 10−36;6.27× 10−15;2× 10−4;2.91× 10−57;3.13× 10−26;3.24× 10−14 0.85; 0.94

2021.03.24–2021.10.03 132 3.15× 10−36;4.57× 10−15;2× 10−4;6.03× 10−57;9.37× 10−26;9.86× 10−14 0.85; 0.94

2021.03.24–2022.10.22 62 4.9× 10−156;6.9× 10−125;4.17× 10−98;1.51× 10−83;5.77× 10−36;3.69× 10−14 0.81; 0.72

2021.03.24–2022.10.23 61 3.3× 10−156;5.1× 10−125;3.26× 10−98;1.09× 10−83;5.24× 10−36;3.8× 10−14 0.81; 0.94
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capabilities can support intervention design by offering 
insights into potential future vaccine uptake, enabling 
policymakers to craft tailored messaging, adjust resource 
distribution, and preemptively address public concerns. 
This integrated approach of monitoring, prediction, 
and intervention ensures a more dynamic and flexible 
response to public health crises, ultimately improving 
both the efficiency and effectiveness of public health 
interventions.

Conclusion
Building upon previous theoretical research, this paper 
divides the social system into online network data and 
offline social entities. In selecting research data that con-
forms to the associative impact patterns between net-
work data and social entities in detecting social systems 
for quantitative analysis, considering that after certain 
sudden events occur, it may not be possible to quantify 
both network data and social entities simultaneously, or 
the impact of the events may be limited in time or space, 
rendering the quantitative data unrepresentative. There-
fore, we ultimately chose the COVID-19 pandemic as the 
sudden public health event for analysis. This is because 
of its long time span, broad spatial scope, and high rep-
resentativeness. This choice also aligns with the urgency 
of addressing public health challenges through real-
time data analysis, where monitoring trends in internet 
searches could complement existing public health sur-
veillance systems.

This study analyzed the associative impact patterns 
between internet searches and vaccine administra-
tion, constructing a detection model. Internet searches 
and vaccine administration were quantified as BI and 
VI, respectively. A logistic model was constructed to 
observe the fundamental evolutionary patterns. To 
measure the mutual influence between the two, an 
influence function was defined, and the best-fitting 
common structural factors were determined through 
data fitting, thereby constructing a nonlinear correla-
tion mathematical model between the two.

Through research analysis, we have identified a 
symbiotic effect between internet searches and vac-
cine administration, uncovering a nonlinear cor-
relation equation between the two. We have delved 
into the symbiotic effect between the two. For vac-
cine administration, extensive internet searches can 
enhance public understanding of relevant knowledge, 
positively influencing vaccination willingness. When 
monitoring changes in internet search trends, relevant 
authorities can gain timely insights into public atti-
tudes and demands regarding vaccine administration, 
directly address these issues, and transform them into 

insightful public health strategies, thereby aiding in the 
rational allocation of medical resources and strength-
ening public health management. This feedback mecha-
nism provides a scientific basis for the formulation and 
adjustment of vaccine administration policies, help-
ing to better meet public needs. For internet searches, 
monitoring changes in vaccine administration trends 
enables timely understanding of public needs and con-
cerns regarding vaccination on internet search plat-
forms, facilitating the provision of targeted health 
information related to vaccination, thereby enhancing 
the accuracy and timeliness of public access to health 
information. Therefore, national health system agencies 
promoting vaccination cannot avoid investing in inter-
net dissemination, as it cannot be managed solely by 
private efforts but must be the result of the coordinated 
efforts of public health, private, and scientific associa-
tions, as well as social movements [34].

We applied a nonlinear correlation model between 
internet searches and COVID-19 vaccine to predictive 
research, indicating the method possesses a certain 
predictive capability. Currently, many countries still 
lack departments that promptly register vaccine admin-
istration information, relying on annual surveys for 
vaccine administration data collection. In these coun-
tries, estimating near real-time vaccine administration 
rates solely based on internet data is valuable. Vaccine 
administration rates can be automatically estimated 
from internet data rather than from slowly collected 
clinical records or population surveys [35]. Thus, this 
model contributes to predictive research on forecast-
ing issues, aiding in formulating vaccine administration 
plans and providing predictive recommendations for 
dynamic adjustments in public health policies.

Limitations

(1)	 Data Sources: The dataset used in this study, 
sourced from Baidu, the predominant search engine 
in China with 648 million monthly active users as 
of December 2022, is highly representative of the 
Chinese population. The Baidu Index data collects 
from 34 provincial-level administrative regions pro-
vides a comprehensive overview of vaccine uptake 
across different regions, populations, and platforms 
in China. It accurately reflects the public health-
care demand of the Chinese population during the 
pandemic. However, this dataset cannot fully repre-
sent the vaccine uptake situation in other regions, 
especially in countries where different platforms or 
search engines are more commonly used.

(2)	 Time Frame: This study is based on all the COVID-
19 vaccination statistics published by the National 
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Health Commission of China, covering the entire 
period of the evolution of China’s COVID-19 vac-
cination campaign, ensuring the representative-
ness of the analysis. However, challenges arise when 
modeling long-term behavioral shifts, especially 
as public attention towards COVID-19 and vac-
cination has diminished over time. As public con-
cern wanes, the dynamics of search behaviors may 
change, which could affect the model’s predictive 
accuracy in future scenarios. However, our team 
has noticed this situation and has already initiated 
further research [36].

(3)	 Search Behavior: This study addresses the nonlin-
ear detection of the relationship between internet 
search trends and vaccine behaviors at the macro 
level, proposing a model for detecting nonlinear 
relationships between online and offline data. How-
ever, the paper lacks an in-depth analysis of indi-
vidual search behaviors, such as search paths, stay 
time, and differentiation between positive and neg-
ative vaccine-related information. A more detailed 
examination of user behavior could provide deeper 
insights into how different types of content, par-
ticularly vaccine-related, influence public sentiment 
and behavior, thereby enhancing the predictive 
power of the model.

Research potentials
The method introduced in this study for detecting the 
interaction between online and offline data demonstrates 
significant universality and adaptability. This mathemati-
cal modeling approach is not restricted to a particular 
time frame or geographical context; rather, it provides 
a versatile framework applicable across diverse tempo-
ral, spatial, and data-related dimensions. The methodol-
ogy can be extended to examine interactions in various 
research fields, such as public health, social sciences, and 
even entertainment. The model has already been success-
fully applied to a range of datasets, including COVID-19 
case data coupled with Baidu search trends, as well as 
entertainment-related data such as movie box office sta-
tistics. These applications highlight the robustness and 
flexibility of the model, underscoring its potential for 
cross-domain analysis. Moving forward, the model can 
be applied to different regions and platforms, thus serv-
ing as a powerful tool for investigating a wide spectrum 
of socio-economic behaviors.

Furthermore, this study not only clarifies the math-
ematical mechanisms underlying the correlation between 
Internet search behaviors and vaccination rates but also 
presents an integrated model that combines both ana-
lytical and predictive functions. This dual-purpose nature 
makes the model an invaluable resource for policymakers 

and researchers, as it offers both an analysis of current 
trends and forecasts of future developments. The predic-
tive capability of the model enhances the agility of pub-
lic health systems, particularly in facilitating real-time 
decision-making. By providing a deeper understand-
ing of how online search behaviors mirror public health 
trends, the study sets the stage for further applications 
in forecasting health behaviors, vaccination trends, and 
even anticipating potential outbreaks of other diseases. 
This innovative approach contributes to the development 
of a new empirical and theoretical framework in public 
health research, providing fresh insights into how social 
phenomena can be modeled and predicted using readily 
available online data.

Future work
Building on the findings of this study, future research could 
focus on enhancing the model’s accuracy and applicability. 
One direction is to introduce additional parameters, such 
as personalized search behaviors, including individual 
preferences, search frequency, and sentiment analysis of 
vaccine-related content (positive or negative). These fac-
tors could provide a deeper understanding of how online 
interactions influence public attitudes toward vaccination.

Expanding the model to include data from diverse 
search platforms, beyond Baidu, would offer a more com-
prehensive view of public health behaviors, particularly in 
regions where alternative search engines or social media 
platforms are prevalent. This cross-platform integration 
would strengthen the model’s robustness and generaliz-
ability. Additionally, incorporating data from various 
online sources, such as forums, news outlets, and gov-
ernment portals, could yield more nuanced insights into 
public opinion and its relationship with health behaviors.

Further advancements could include developing an 
information index to quantify the impact of public senti-
ment on health behaviors, categorizing search trends as 
positive, negative, or neutral, and assessing their influ-
ence on vaccination actions. Understanding how these 
shifts in opinion occur over time could improve the mod-
el’s predictive capabilities, enabling more responsive pub-
lic health strategies.

Moreover, examining the temporal lag between online 
search trends and offline behaviors, such as vaccina-
tion rates, would enhance the model’s predictive power. 
By integrating these advanced features, the model could 
serve as a valuable tool for real-time monitoring and 
decision-making, supporting not only vaccination cam-
paigns but also broader health initiatives. This research 
would contribute to the growing body of work using digi-
tal data to inform public health policies, offering insights 
into the relationship between online behaviors and health 
outcomes.
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