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Abstract 
To effectively track the impact of population migration between regions on 
the spread of infectious diseases, this paper proposes a visualized analysis and 
prediction system of infectious diseases based on the improved SIR model. 
The research contents including: using the multi graph link interaction mode, 
visualizing the space-time distribution and development trend of infectious 
diseases; The LightGBM model is used to track the changes of infection rate 
and recovery rate, and the Mi/Mo SIR model is constructed according to the 
initial data of different populations; Mi/Mo SIR model is used to predict in-
fectious diseases in combination with visual panel, providing users with tools 
to analyze and explain the space-time characteristics and potential laws of in-
fectious diseases. The study found that the closure of cities and the restriction 
of personnel mobility were necessary and effective, and the system provided 
an important basis for the prediction and early warning of infectious diseases. 
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1. Introduction 

In recent years, not only various new infectious diseases have emerged frequent-
ly, but also many familiar infectious diseases in the past are still helpless and 
have brought serious impacts on people’s lives, such as atypical pneumonia 
(SARS), H1N1, and Ebola virus. Since December 2019, COVID-19 (Corona Vi-
rus Disease 2019) has been characterized by rapid spread and high social panic, 
with an exponential increase in the cumulative number of illnesses, gradually 
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developing into a major problem affecting global health and economy. In order 
to control the spread of the epidemic, there is an urgent need to contain the 
spread of infectious diseases in different regions. Due to the specific nature of 
infectious diseases, the process of their spread cannot be reproduced by experi-
mental simulations, making it necessary to analyze this process using mathe-
matical modeling. Infectious disease transmission kinetic modeling is an impor-
tant method for theoretical and quantitative study of the epidemiological pat-
terns of infectious diseases, which is based on mathematical models of the 
transmission kinetic properties of infectious diseases based on the growth cha-
racteristics of the population, the pattern of disease transmission within the 
population, and the social factors associated with it [1]. The SIR (Suscepti-
ble-Infectious-Recovered) model, as the most representative infectious disease 
transmission kinetic model, has made a seminal contribution to the study of in-
fectious diseases. 

In the study of infectious diseases, effective means are often needed to mine 
and analyze the large-scale data therein. Data visualization is a method based on 
information graphics, image processing, and statistical graphics, and uses inte-
raction theory to transform data into a graphical display [2]. By transforming 
abstract and static epidemic data into visual and dynamic interactive graphs 
through visualization means, users can be effectively guided to explore the hid-
den valuable information behind the epidemic data. 

In this context, this paper applies and investigates an improved SIR model to 
the prediction of COVID-19, introduces the population migration (Move-in/ 
Move-out) factor into the traditional SIR model, and proposes an improved 
Mi/Mo-SIR (Moved-in/Moved-out-Susceptible-Infectious-Recovered) model, us-
ing the machine learning LightGBM framework [3] for conducting the model for 
infectious rate and recovery rate tracking, using a two-level interactive spatial- 
temporal visualization system, and providing a multi-graph linked interaction 
model to provide users with visualization of spatial-temporal distribution of the 
epidemic, trend prediction, etc. The interactive analysis helps users to easily 
analyze and interpret the spatial-temporal characteristics and potential patterns 
of epidemics, and provides an important basis for epidemic prediction and early 
warning. 

2. Literature Review 

In 1926, Kermack and McKendrick [4] [5] proposed the famous SIR model us-
ing a kinetic approach became a widely recognized and studied model of infec-
tious disease transmission kinetics. Following the outbreak, related research 
fields and researchers have conducted a lot of studies and applications of the SIR 
model for the development process and transmission trend of the epidemic. 

Lee et al. [6] proposed a SIR model with human intervention factors for the iso-
lation intensity of prevention and control policy; Liu et al. [7] proposed a class of 
SIR models with regional switching to study the potential of virus transmission in 
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two populations; Araiinejad et al. [8] developed a time-dependent SIR model with 
parameter estimation using the Lasso regression [9] algorithm to monitor the in-
tervention effectiveness; Goel et al. [10] proposed a population mobility-based SIR 
model that considered the real population distribution in different regions of the 
world and connectivity factors between regions of the world and found that limit-
ing mobility in the top 10% of connected locations could reduce the number of in-
fections by 18% to 27%; Deo et al. [11] explored the impact of undetected cases on 
the spread of infectious diseases and proposed a dynamic SIR model SI(Q/F)RD 
(Susceptible-Infected-(Quarantined/Free)-Recovered-Deceased). 

In the fight against COVID-19, large-scale epidemic data, such as case data, 
spatial-temporal data, etc., were generated, and the massive amount of complex 
data posed a huge challenge to understanding, requiring effective means to 
mine and analyze the large-scale data. The widespread use of data journalism 
has greatly enhanced the audience’s intuitive understanding of the epidemic 
form [12], and data visualization techniques and infectious disease transmission 
dynamics models are of great relevance to explore the transmission process of 
COVID-19, predict epidemic trends and make prevention and control deci-
sions. 

Since to the current work on SIR model in epidemic prediction has not taken 
into account the influence of inter-regional population migration on the spread 
of infectious diseases, this paper takes the current as well as future needs of in-
fectious disease prevention and control as the starting point, uses the relation-
ship between urban migration index and epidemic spread for visualization re-
search, uses Mi/Mo-SIR model for quantitative analysis, dynamic prediction and 
evaluation of the epidemic development status, and through the LightGBM me-
thod tracks the changes of transmission rate and recovery rate over time, pro-
vides spatial-temporal visual analysis of the transmission process of infectious 
diseases, recognizes the inner law and predicts the development process of dis-
eases, and helps users to make better prevention and control decisions. 

3. Methodology 
3.1. Overall System Architecture 

The system contains two main sections: visual analysis of the temporal and spa-
tial situation of infectious diseases, and visualization of infectious disease trend 
prediction. The overall architecture of the system is shown in Figure 1. 

Taking COVID-19 as an example, an automated collection method was used 
to crawl the publicly available data on the web between January 22 and December 
12, 2020 through the Python language, and the data from each platform was inte-
grated using manual, and the accuracy of the data was cross-validated through 
multi-source data collection [13]. The crawled data were transformed into usable 
Json structured data after data cleaning to facilitate data storage and data analy-
sis. The statistical case data and geospatial data were used to analyze the spa-
tial-temporal development trend of the epidemic using visualization methods, 
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and the Mi/Mo-SIR model was used to predict the propagation process to the 
epidemic. At the same time, it allows users to select different time spans in the 
visualization interactive panel to filter the case data and control the spatial- 
temporal progression of the prediction. 

3.2. Data Acquisition and Processing 

Data collection is performed using the Scrapy-Redis method, an open source 
framework for Python. Scrapy-Redis is a component of the Scrapy framework 
based on the Redis database for distributed development and deployment of 
Scrapy projects, and the overall operational flow is shown in Figure 2. 

The data processing process mainly includes: data cleaning, data structured 
organization, data storage, patient spatial distribution calculation, etc. The data 
processing is completed by automated technical means and manual cleaning by 
personnel, and the data processing flow chart is shown in Figure 3. 

 

 
Figure 1. System architecture diagram. 

 

 
Figure 2. Scrapy-Redis crawler framework. 
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Figure 3. Data processing flow chart. 

 
The processed population migration data, epidemic data, news data, geospa-

tial data, etc. are stored in CSV file format with text for subsequent analysis and 
prediction. 

3.3. Mathematical Modeling and Optimization 

The classical SIR equation assumes a constant size of the susceptible population, 
but in the real situation, the population is dynamic and the population moving 
in and out of the city can lead to the movement of infected people. Therefore, 
the improved Mi/Mo-SIR model in this study introduces the dynamic changes of 
the susceptible population (S) and the infected population (I) by moving into the 
Mi(t) bin and moving out of the Mo(t) bin to simulate the dynamic changes of 
the population, and the transformation relationship of the population is shown 
in Figure 4. 

The base model is as follows expression (1). 
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The research modified model is given by expression (2). 
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Figure 4. Mi/Mo-SIR model state transfer diagram. 
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The Mi/Mo-SIR model parameters are explained as follows. 
( )N t : the total population of the province. 
( )S t : represents susceptible, a group of people who may become infected af-

ter contact with infected persons. 
( )I t : represents infectious, a group of people who are infectious. 
( )R t : represents the number of people who recovered or died after infection. 
( )M t : represents moved-in, a population of people who have moved into the 

current area from other areas. 
( )O t : represents moved-out, the population of people who moved into the 

current area from other areas. 
/in outS S : the number of people moving in and out of the susceptible popula-

tion. 
/in outI I : the number of people moving in and out of the infected population. 
( )inP t : the probability of infected persons in the moved-in population. 
( )tβ : probability of transmission from a susceptible population to an in-

fected population. 
( )tγ : removal rate of the disease (including cure rate and mortality rate). 

4. Research Results  
4.1. Dataset 

The research uses case data including daily new confirmed cases, existing cases, 
cumulative confirmed cases, cured cases, and deaths, and migration data in-
cluding daily in-migration and out-migration size indices. Considering that 
there is a serious disconnect between confirmed cases in Hubei Province and 
other provinces and cities, and that most cities in Hubei Province adopted the 
“city closure” from January 23, 2020, data from Hubei Province were excluded 
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from this study. Table 1 shows the top 10 provinces (except Hubei Province) 
with the number of confirmed COVID-19 cases from January 22, 2020 to De-
cember 12, 2020. 

4.2. Tracking Infection and Recovery Rates Using the LightGBM  
Model 

LightGBM is an efficient and open source distributed gradient framework based 
on the GBDT (Gradient Boosting Decision Tree) algorithm [14] released by Mi-
crosoft. The LightGBM framework proposes two new methods, GOSS (Gra-
dient-based One-Side Sampling) and EFB (Exclusive Feature Bundling) to acce-
lerate the training process of the model by calculating the information gain of 
some samples. The framework supports feature parallelism, data parallelism and 
voting parallelism strategies to reduce the time complexity while improving the 
accuracy, which is a good solution to the processing of massive data and is 
widely used for regression and classification prediction. 

Figure 5 and Figure 6 depict the prediction of transmission and recovery 
rates in China (excluding Hubei Province) from January 22, 2020 to December 
12, 2020 using the LightGBM model, which was found to be a good fit for track-
ing transmission rates by comparing the validation set with the predicted data. 

 

 
Figure 5. Beta data over time. 

 

 
Figure 6. Gamma data over time. 

https://doi.org/10.4236/jcc.2022.1012007


Y. Qiu et al. 
 

 

DOI: 10.4236/jcc.2022.1012007 91 Journal of Computer and Communications 
 

Table 1. Top 10 provinces with confirmed cases as of Dec. 12. 

Province Infected Recovered Death 

Hong Kong 7446 6114 115 

Guangdong 2016 1972 8 

Shanghai 1405 1309 7 

Zhejiang 1296 1290 1 

Henan 1295 1266 22 

Hunan 1020 1016 4 

Anhui 992 986 6 

Xinjiang 980 977 3 

Heilongjiang 956 936 13 

Beijing 954 940 9 

4.3. Visual Analysis of the Spatial and Temporal Situation of the  
Epidemic 

Use the Time Progression Chart to plot the patient situation in all cities and 
states. Users can drag the timeline to change the time period presented on the 
map, and click the Play button to watch the changes in the epidemic situation in 
the whole Sichuan Province; use the New Trend Chart to present the daily new 
confirmed, cured, and death data, and users can click the confirmed, cured, and 
death buttons to view the changes in a specific item. The user can click on the 
Confirmation, Cure, Death button to see the change of a specific item. To view 
the daily trend of new cases in a particular city, you can click on the corres-
ponding city on the map; use the regional ranking chart to display the confirmed 
cases in each region, and users can choose to rank them in ascending or des-
cending order. The visualization interface of the spatial and temporal situation 
of infectious diseases is shown in Figure 7. 

Area A shows the regional ranking information, with two bars of different 
color scales indicating the proportion of local development period and foreign 
input period; Area B presents the city, existing confirmed, cumulative con-
firmed, and cumulative factors by parallel coordinates, and users can click the 
buttons on the map to display different cumulative data; Area C uses a curve to 
indicate the daily confirmed, cured, and death data. If you want to see the trend 
of new cases in a certain province or city, you can click the corresponding prov-
ince or city on the map in area B; area D uses a scatter plot to compare the 
number of confirmed cases with the number of cured cases; area E allows you to 
change the time period presented by dragging the time axis, and you can click 
the play button to view the whole map. As well as the ability to click the play 
button to view the entire epidemic as it changes. 

4.4. Visualization of Outbreak Trend Prediction 

The Mi/Mo-SIR model is used to simulate the incidence of an outbreak in a re-
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gion and the cumulative number of incidences after the outbreak, presenting the 
transmission of an area through an epidemic spread map, and supporting the 
risk analysis of associated cities. The system provides default parameters, and 
users can adjust the values of each parameter by themselves to plot the real-time 
epidemic trend and the development of risk in the associated areas. The visuali-
zation interface for infectious disease trend prediction is shown in Figure 8. 

Area A is the parameter control panel for Mi/Mo SIR model simulation. Its 
default parameters are calculated from real data. Users can adjust the required 
parameters according to needs to control the start and end of the simulation 
process; Area B shows the infection status of the associated areas after the out-
break of the epidemic in the simulation area; The C area uses a line chart to 
represent the daily newly added diagnosis and cure data in this area in the simu-
lation. Users can click the diagnosis and cure buttons above to view the specific 
changes of an item separately; Area D shows the associated risk level between the 
region and the six cities and states with the highest migration activity in the si-
mulation process. 

 

 
Figure 7. Spatial and temporal infectious disease situation visualization interface. 

 

 
Figure 8. Visualization interface for epidemic trend prediction. 
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5. Conclusions 

This paper considers the spread of epidemics brought by population migration 
to the region and establishes a visual analysis and prediction system for infec-
tious diseases based on an improved SIR model. Among them, the LightGBM 
model is used to track the changes of transmission and recovery rates, and a 
time-dependent population migration Mi/Mo-SIR model is established to make 
the differential dynamics equation modeling of the epidemic development more 
realistic. Through the visualization interaction strategy, the daily new diagnosis, 
cure, and death data are analyzed using a multi-graph linked time series, and 
combined with map heat maps, the temporal linkage is performed on all graphs 
by selecting the event time to show different event phenomena occurring at the 
same time, which assists users in reviewing the effectiveness of policies through 
prevention and control effects and making reasonable administrative decisions. 
However, influenced by age, gender, policy changes, etc., the model can hardly 
avoid some differences with reality, and needs to adjust the epidemic prevention 
and control strategy according to the actual situation. 

Influenced by advanced modern transportation technology, the speed of pop-
ulation movement has accelerated, and different countries and regions of the 
world have become more interconnected and dependent on each other. The 
spread of epidemics not only affects neighboring regions, but is also highly sus-
ceptible to the formation of large-scale outbreaks in areas with advanced eco-
nomic and trade development and frequent population movement, and epidem-
ic prevention measures should be taken as early as possible. At the same time, it 
is necessary to pay attention to imported cases from high-risk areas outside of 
China and strengthen the prevention and control of international logistics. Vac-
cination progress also needs to be further advanced at home and abroad to acce-
lerate the construction of epidemic prevention barriers. The next step of this 
paper will consider the impact of internal and external mobility factors and vac-
cination intensity on the prevention and control of the epidemic, and provide a 
basis for decision making and new ideas for the “post-epidemic era”. 
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