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 Since early 2020, the world has been dealing with the COVID-19 outbreak. 

A person who has been infected with COVID-19 has the potential to transmit 

the virus to others. This study aims to model human mobility by train using 

the spatial network in East Java Province. This research examines the 

relationship between human mobility by train and the spread of COVID-19 

in East Java Province. The spatial network is formed based on train stations 

and train trips, and the model was created using the Distance-decay PageRank 

algorithm. This research has modeled human mobility using the train in East 

Java Province. The result shows that human mobility by train is highly 

correlated with the spread of COVID-19 in East Java Province, with a 

correlation coefficient of 0.7 (𝑟 = 0.7). 
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1. INTRODUCTION  

Since early 2020, the world has been dealing with an outbreak of a highly deadly disease called COVID-

19 [1]–[4]. COVID-19 is an infectious disease that attacks the human respiratory tract 

(https://www.who.int/emergencies/diseases /novel-coronavirus-2019/question-and-answers-hub/q-a-

detail/coronavirus-disease-covid-19). This disease is caused by the Coronavirus, SARS-CoV-2 

(https://www.who.int/emergencies/diseases /novel-coronavirus-2019/question-and-answers-hub/q-a-

detail/coronavirus-disease-covid-19). COVID-19 was first identified in Wuhan, the capital of Hubei Province, 

China, and reported by the Chinese government in late December 2019 before spreading globally and becoming 

a worldwide outbreak [5]–[9]. As of April 9, 2021, 134 million cases and 2.9 million deaths were reported 

globally   (https://www.worldometers.info/coronavirus). COVID-19 is a highly contagious virus [10], [11]  also 

state that viral infection can occur when breathing in droplets or touching the nose, mouth, or eyes after 

touching the contaminated surface [12]. Komplas et al. (2020) and [13] believe that COVID-19 also transmits 

through aerosols.  

Indonesia is one of the countries affected by the COVID-19 outbreak [14]–[17]. As of April 9, 2021, 

1,552,880 positive cases were reported, and 42,227 died (https://www.worldometers.info/coronavirus). 

According to [18], East Java Province is one of the hot spots for spreading the COVID-19 disease in Indonesia. 

Even on May 5, 2020, East Java Province was the area with the highest additional cases of COVID-19 in 

Indonesia (https://www.cnnindonesia.com/nasional/20200510011524-20-501685/kasus-corona-melonjak-

jatim-tertinggi-per-9-mei) As of April 9, 2021, 142,028 cases were confirmed in the region 

(http://infocovid19.jatimprov.go.id/#peta). 

Human mobility is one contributing factor to the spread of an infectious virus  [19]–[21]. [22] have 

directly detected human mobility using mobile phone data, then analyzed it to identify the spread of COVID-

19 in China. According to them, this virus quickly spreads when one moves, resulting in a possibility of wider 

spreading of the virus [23]. 

The geographic approach is essential in modeling the concentration of human mobility [24], [25]. One of 

the approaches that are widely used is the distance approach. Distance-decay successfully depicts spatial 
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interaction patterns more succinctly, in this case, migration or population movement [26]. The distance-decay 

effect derives from the first law of geography, “Everything is related, but the closer the distance, the closer the 

relationship is" [27]. 

The identification of human mobility against the spread of the epidemic can be modeled using the 

PageRank algorithm [21]. The PageRank algorithm is utilized to rank a web page according to its quality [28]. 

[28] represent web pages as a network that forms a graph to make an analogy. The PageRank algorithm will 

set as if a web user randomly visits a web page on a graph or a random surfer. Then, a score will be calculated 

based on the visit, indicating the quality of each web page. A web page with more visits will rank higher. 

In the previous study, [29] adopted the PageRank algorithm to identify and predict human mobility in 

geospatial networks. It was carried out by creating a network graph from a map, in which nodes represented 

web pages and links denoted hyperlinks of a web page. Chin & Wen (2015) modified the PageRank algorithm 

by adding distance parameters as a spatial consideration in identifying human mobility in geospatial networks. 

This algorithm is called Distance-Decay PageRank. This study indicated that the Distance-Decay PageRank 

algorithm that considers the distance parameters is more effective in identifying human mobility with a 

correlation coefficient value of 0.746 if compared to algorithms that use other parameters. 

According to President Joko Widodo, the train is one of the transport modes that remains a preferable 

choice among Indonesian. This argument was supported by a high number of passengers at DAOP VIII 

Surabaya in 2019, that is, on average, 1 million passengers per month (https://jatim.bps.go.id). During the 

pandemic, rail transportation kept operating according to the Train Travel Schedule 2021 issued by PT. KAI 

(https://cloud.kai.id/s/Ga76SQwamHXwEaj?fbclid=IwAR3l50DTiaTzgdwnuCy8UBuH5pv0f7BtBYg8CUQ

yyGZtXi-Xj2Oxvj96azU#pdfviewe). In the current study, a graph was formed with nodes representing stations 

and links signifying railroads between stations. The graph was formed based on the Train Travel Schedule 

2021 

(https://cloud.kai.id/s/Ga76SQwamHXwEaj?fbclid=IwAR3l50DTiaTzgdwnuCy8UBuH5pv0f7BtBYg8CUQ

yyGZtXi-Xj2Oxvj96azU#pdfviewer). 

On the other hand, research related to the geospatial networks of COVID-19 in Indonesia remains scarce 

[30] have modeled population density and temperature on COVID-19 cases in East Java. However, no studies 

count aspects of human mobility using rail transportation and geospatial networks in the model. The human 

mobility by rail transportation in this study focuses on East Java Province, especially around Surabaya, as it is 

one of the hot spots for spreading COVID-19 in Indonesia [18], [31], with the second-highest number of cases 

in Indonesia. 

Therefore, this study aims to (1) model human mobility by the rail transportation mode in East Java using 

the Distance-Decay PageRank algorithm and (2) determine the relationship between human mobility using rail 

transportation and the spread of COVID-19 in East Java Province. 

 

2. METHODS  

2.1. Data 

All Data used in this study were classified into two: modeling and evaluation data. The modeling data 

comprised data from the East Java Province map, train travel schedules, the number of train passengers, and 

the distance between train stations in East Java Province. Meanwhile, the evaluation data included data on the 

spread of COVID-19 cases in districts/cities in East Java Province. 

 

2.2. Procedure 

This study consisted of six primary stages: data collection, node sampling, graph formation, modeling 

using Distance-decay PageRank, analysis, and implementation. Data were collected at the data collection stage. 

Then, the sampling was conducted on the nodes used for the graph formation. The graph formation employed 

data on the distance between train stations and the distribution of train trips in East Java Province collected 

previously. After the graph was created, modeling using the Distance-Decay PageRank algorithm was 

performed. After obtaining the results from the model, an analysis of confirmed COVID-19 cases in East Java 

was carried out. In detail, the stages applied in this research are depicted in Fig. 1. 

 

2.2.1. Data Collection 

Data used in this study included data on the spread of COVID-19 cases in districts/cities of East Java 

Province, Indonesian Topographical Maps (ITM), the distribution of train trips, and the distance between train 

stations in East Java Province. Data on the spread of confirmed COVID-19 cases referred to numerical data 

taken from the government of East Java Province http://infocovid19.jatimprov.go.id/#peta Data on the map of 

East Java Province was downloaded from the website “Tanah air” https://tanahair.indonesia.go.id/portal-web 
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While national road distribution data were retrieved from the Train Travel Schedule 2021 (KAI 2021). 

Moreover, data on the number of train passengers per station was taken from “Provinsi Jawa Timur Dalam 

Angka 2021” (translated: East Java Province in 2021) (https://jatim.bps.go.id). Meanwhile, data on the distance 

between train stations constituted numerical data derived from the ArcGis website (https://www. 

Arcgis.com/apps/View/index.html?appid=27b7119dc6754d3e9e584a4fa71e5744) and Google Maps 

(https://www.google.com/maps/?hl=id). The research procedure show in Fig. 1.  

 
 

Fig. 1. The research procedure 

 

2.2.2. Node Sampling 

Node sampling was conducted to take a sample of stations used as nodes in the graph formation stage. 

This stage was carried out on the QGIS application by creating a buffer. The buffer was made with a radius of 

0.75 Degrees or 83.25 KM from the centroid point of Surabaya City. 

 

2.2.3. Graph formation 

The graph was formed by generating the Origin-Destination Matrix according to the Train Travel 

Schedule 2021. The graph was created by employing data on active train stations and the distribution of train 

trips in East Java Province. A graph consists of nodes and links. In this study, a node represents a train station 

in East Java Province, while a link denotes the railroad in East Java Province. The nodes involved stations 

included in the Buffer radius at the sampling node stage. The link used in this study was a two-way system. 

The completed graph was then implemented using Distance-Decay PageRank modeling at the subsequent 

stage. 

 

2.2.4. Parameter Tuning 

The greater the value of the distance factor (𝛽), the greater the distance-decay effect is [32]. In other 

words, the greater the value of 𝛽 , the more influential the value of the distance between stations on the 

calculation of the DPRR score will be. In this study, the determination of the optimal distance factor (𝛽) value 

will be influenced by data on the average number of passengers per station in East Java Province. The data will 

be utilized to capture the spatial concentration of the population, indicating the intensity of human mobility at 

each station. 

The parameter tuning on the distance factor (𝛽) was carried out at this stage. Trial and error were used 

from the value of 0 to 10 on 𝛽. The modeling and evaluation were performed using the value of 𝛽 that had 

been previously attained. The value of 𝛽 having the highest correlation with the number of train passengers is 

the most optimal value. This value will be employed in the modeling and evaluation stages. 
 

2.2.5. Modelling using Distance-Decay PageRank 

The model formation was conducted by processing graph data generated using the Distance-Decay 

PageRank algorithm [32]–[35]. The result of this modeling is the DDRR score used to determine the ranking 
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of each node. The workflow of the model is illustrated in Fig. 2. DDRt(a) is the PR score of node a at iteration 

t. This score will be used when ranking the nodes. B is the distance factor, and distance(𝑖, 𝑗) is the distance 

between node i and node j. The distance-decay in (2) represents the calculation scale of the distance between 

stations. The greater the distance factor, the more significant the effect of distance on the calculation of the 

distance-decay effect will be. When the distance is 0, the calculation result will be the same as the initial 

algorithm, the PageRank algorithm. 

 

 
Fig. 2. The workflow of the DDPR model [36] 

 

The model workflow consists of four stages: initialization, processing, and sending of scores, receiving, 

and summing up scores, and checking and finalizing. At the initialization stage, all nodes in the graph were 

assigned the same initial value, namely 1/𝑁, where 𝑁 is the number of nodes in the graph. At the stage of 

processing and sending scores, the initial scores were sent to their respective nodes for processing. For each 

starting node (𝑏), the distance was calculated from the starting node to the nodes 𝑐 (c∈Ob), the node associated 

with the starting node. After that, the distance value was used to calculate the weight. This weight was then 

entered into the calculation, producing the DDRR score from each node. Afterward, the DDRR scores of each 

node (𝑏) at node (𝑎)) (b∈Ia) were added up to get the DDRR scores of node (𝑎). After yielding the score of 

nodes (𝑎), the score will be checked at the equilibrium stage. If the score from each node is the same as the 

previous one, it has reached the state of equilibrium, which will be used as the final score. Otherwise, it will 

return to the stage of processing and sending scores and subsequently begin the next iteration. The magnitude 

of the DDRR score indicates the level of human mobility at that node. The greater the DDRR score on a node, 

the higher the level of human mobility at the node will be. 

 

2.2.6. Model Evaluation 

The model evaluation was carried out by calculating the Pearson's correlation coefficient between the 

DDPR scores yielded by the model of data on the average number of train passengers per station in East Java 

Province. This stage aims to determine the relationship level between the DDRR scores and the actual 

concentration of human mobility, in this case, the number of train passengers, by finding the highest correlation 

coefficient of the two. The higher the correlation value, the closer the relationship between the DDRR scores 

and the number of passengers per station in East Java Province. 

 𝑟 =
∑𝑖 (𝑥𝑖 − 𝑥)(𝑦𝑖 − 𝑦)

√∑𝑖 (𝑥𝑖 − 𝑥)
2∑𝑖 (𝑦𝑖 − 𝑦)

2

 (1) 

where, 𝑟 is Pearson's correlation coefficient of 𝑥 and 𝑦, 𝑥 is DDPR score from each district/city, 𝑦 is the 

number of confirmed COVID-19 cases in East Java, 𝑥 is Mean of PageRank score, 𝑦 is Mean of confirmed 

COVID-19 cases. 
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2.2.7. Analysis 

The analysis was performed by calculating the Pearson's correlation coefficient (r) and the coefficient 

of determination (𝑅2) between the DDPR scores generated by the model and the data on the spread of COVID-

19 cases in East Java Province. The value of the determination coefficient signifies the ability of independent 

variables in the model to explain the variation of dependent variables [37], in this case, the distance variable 

towards the spread of COVID-19. A low value of 𝑅2 indicates that the ability of the distance variable to explain 

the spread of COVID-19 is limited. If the value of 𝑅2 is high, the distance variable has a significant influence 

in predicting the spread of COVID-19. 

 𝑅2 = 
𝐸𝑥𝑝𝑙𝑎𝑖𝑛𝑒𝑑 𝑉𝑎𝑟𝑖𝑎𝑡𝑖𝑜𝑛

𝑇𝑜𝑡𝑎𝑙 𝑉𝑎𝑟𝑖𝑎𝑡𝑖𝑜𝑛
 (2) 

where, 𝑅2 is Coefficient of determination, Explained variation is the proportion of variation described by the 

model, Total variation is the proportion of total variation. 
 

2.2.8. Implementation 

This study employed a web-based implementation using the Django framework by applying the DDRR 

modeling function and its analysis of COVID-19 in East Java. The system received the input of an OD Matrix 

file with the distance parameters from train stations in East Java Province. After the input data were stored, the 

data were modeled, and the DDRR score for each station was obtained. Afterward, the system showed the 

categories of scores previously obtained, but this process was not included in this study. Finally, the system 

displayed the graph in the form of a map, resulting from modeling that had been previously made. 

 

2.3. Development Environment 

The specifications of hardware and software used in this research are presented as follows: (1) The 

hardware is a laptop with specifications: Intel Core i5 Dual-Core 1.8 GHz processor, 8 GB RAM, and VGA 

Intel HD Graphics 6000; and (2) Software consisting of operating system macOS Catalina version 10.15.7, 

Python version 3.7.4, Pycharm Edu version 2019.2, QGIS Desktop 3.10, Google Colab [38], [39], and Visual 

Studio Code [40], [41]. 

 

3. RESULTS AND DISCUSSION  

3.1. Data Collection 

The data used in this study is divided into evaluation and modeling data. Evaluation data is used to 

evaluate the results at the evaluation stage. Evaluation data was the cumulative data on COVID-19 cases up to 

June 22, 2021, as shown in Fig. 3.  

 

 
Fig. 3. Cumulative COVID-19 cases per Regency/City 

 

Furthermore, modeling data is used to model human movement at the modeling stage. Modeling data 

were the number of train passengers, the distribution of train trips, distances between train stations, and the 
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Indonesian Topographical Map (RBI) of East Java Province. The map of East Java Province can be seen in 

Fig. 4. These data are used at the stage of graph formation and modeling. 

 

 
Fig. 4. Topographical Map of East Java Province 

 

3.2. Sampling Node 

The data was analyzed using the Buffer feature in the QGIS application. Fig. 5 shows the sampling results 

of 17 train stations included in the reach of Buffer. Table 1 presents the train stations covered.  

 
 

Fig. 5. Results of node sampling in the QGIS application 

 

Table 1. Train stations within the reach of Buffer 
Station Regency/City 

Surabaya Gubeng Surabaya City 

Surabaya Pasar Turi Surabaya City 

Wonokromo Surabaya City 

Sidoarjo Sidoarjo Regency 

Sepanjang Sidoarjo Regency 

Boharan Sidoarjo Regency 

Bangil Pasuruan Regency 

Pasuruan Pasuruan Regency 

Mojokerto Mojokerto Regency 

Jombang Jombang Regency 

Kertosono Nganjuk Regency 

Lawang Malang Regency 

Malang Malang Regency 

Malang Kota Lama Malang Regency 

Lamongan Lamongan Regency 

Babat Lamongan Regency 

Probolinggo Probolinggo Regency 
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3.3. Graph Formation 

After obtaining the stations included in the Buffer region in the previous stage, a graph was formed using 

the Origin-Destination Matrix with nodes based on the station data and links based on the travel distribution 

data. While the weight represents the distance between the train stations. Table 2 and Fig. 6 present the 

Illustrations of the OD Matrix and graphs. 

 

Table 2. Illustration of OD Matrix 
Origin Destination Distance 

Surabaya Gubeng Wonokromo 4 

Surabaya Gubeng Sepanjang 11 

Wonokromo Sepanjang 7 

Wonokromo Surabaya Gubeng 4 

Sepanjang Surabaya Gubeng 11 

Sepanjang Wonokromo 7 

 
 

Fig. 6. Graph Illustration 

 

3.4. Parameter Tuning 

Parameter tuning is carried out at this stage by modeling and evaluating the model using values 0 to 10 

with multiples of 0.1 in the distance factor (𝛽). The modeling results showing the highest correlation with the 

number of train passengers were analyzed further at the analysis stage. 

 

3.5. Distance-decay PageRank Modelling 

The model formation was done by processing the graph data formed using the Distance-Decay PageRank 

algorithm. This modeling was done using the values assigned previously in the stage of parameter tuning. The 

correlation coefficient was calculated for the modeling results and human movement at the model evaluation 

stage. 

 

3.6. Model Evaluation 

The model evaluation was conducted by looking for the correlation coefficient (r) between the DDPR 

score and the number of passengers per station in East Java. The DDRR score used was the modeling result 

using the values assigned previously at the parameter tuning stage. Fig. 7 presents the distribution of r from 

each modeling result. 

 
 

Fig. 7. Correlation coefficient (𝑟) of the modeling with different 𝛽 
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The evaluation results in Fig. 8 illustrate that the highest correlation coefficient (𝑟) was 0.8001, indicating 

that distance has a strong positive correlation with the average number of train passengers. The correlation is 

stronger than the research of [36]. Table 3 and Fig. 8 show the results of the DPRR scores per station.  

 

Table 3. Score results from the DPRR modeling 
No Station DPRR Score 

1 Surabaya Gubeng 0.144 

2 Wonokromo 0.099 

3 Malang 0.09 

4 Sidoarjo 0.071 

5 Bangil 0.071 

6 Malang Kota Lama 0.062 

7 Surabaya Pasar Turi 0.058 

8 Mojokerto 0.056 

9 Sepanjang 0.055 

10 Jombang 0.05 

11 Kertosono 0.046 

12 Kota Pasuruan 0.044 

13 Boharan 0.44 

14 Lamongan 0.029 

15 Kota Probolinggo 0.028 

16 Lawang 0.028 

17 Babat 0.024 

 
 

Fig. 8. Modeling results of DPRR scores per station 

 

The modeling results show two stations from the Surabaya area, namely Surabaya Gubeng and 

Wonokromo Stations, have the highest DPRR scores. This result indicates that Surabaya Gubeng and 

Wonokromo stations are stations with the highest levels of human movement. Gubeng Station is connected to 

15 existing stations. Fig. 9 shows that Wonokromo Station is the closest station to Surabaya Gubeng Station. 

Moreover, Surabaya is the capital of East Java province. 

Fig. 10 shows the distribution of the average number of passengers per station in East Java Province on 

the DPRR score. The blue dots represent the modeled stations. Fig. 10 reveals that several stations have a low 

average number of passengers but have a high DDRR score, and vice versa. Wonokromo Station is the second 

highest GDPR after Surabaya Gubeng Station. However, the average passenger from Wonokromo Station is 

not too high, being 56,832 passengers per month. It is not far from the average passenger from Mojokerto 

Station, being 55,731 passengers per month despite Mojokerto Station with a relatively low score. This 

circumstance is because Wonokromo Station is the closest station to Surabaya Gubeng Station, the station with 

the highest score in the modeling results, as seen in Fig. 10. Therefore, Wonokromo Station gets a very high 

score. 
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Fig. 9. Station points on the East Java RBI map 

 

Malang Kota Lama Station has the fourth highest GDPR score after Malang Station, and this station has 

a low average number of passengers (10,305 passengers per month). This is supported by data from 

https://www. Arcgis.com/apps/View/index.html?appid=27b7119dc6754d3e9e584a4fa71e5744, stating that 

Malang Kota Lama Station is classified as the medium group station, but it is the closest station to Malang 

Station. Malang Station has a fairly high DDPR score, the third highest after Surabaya Gubeng and Wonokromo 

stations. Therefore, Malang Kota Lama Station has a relatively high score. 

Fig. 11 shows the mean distance distribution from stations that visit other stations (indegree). The smaller 

the distance value, the closer the distance between stations. The distribution in Fig. 12 indicates several stations 

have a close indegree distance but low DDRR score and vice versa. Panjang Station has the closest average 

indegree distance from other stations. However, the modeling results of the Panjang Station show a score that 

is not too high (0.055). Looking at the distribution in Fig. 11, we can see that the mean of the number of 

passengers from the Panjang Station is the third-lowest, higher than Pasuruan and Boharan Stations. It is also 

supported by the relatively small number of stations connected to the Panjang Station, only five stations, and 

three of them have a fairly low score: Mojokerto, Jombang, and Kertosono stations. Thus, the Panjang Station 

obtains a fairly low score. 

Malang Station has a fairly high average indegree distance and a high DDRR score. Based on the 

distribution in Fig. 11, it can be seen that Malang Station has the second-highest average number of passengers 

per month after Surabaya Gubeng Station. It indicates that Malang Station is a busy station frequently visited 

by the public. Thus, Malang Station has a high DPRR score. 

 
 

Fig. 10. The distribution of the average number of passengers on the DDPR score 
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Fig. 11. The mean distribution of indegree distance per station to the DDPR score 

 

3.7. Analysis 

The analysis was carried out by calculating the Pearson's correlation coefficient and the coefficient of 

determination between the Distance Decay PageRank score generated by the model and the data on the spread 

of confirmed COVID-19 cases in East Java Province. The results can be seen in Table 4. 

 

Table 4. The correlation coefficient and the coefficient of determination 
Coefficient 

Pearson's correlation coefficient (𝑟) 0.7 

Coefficient of determination (R2) 0.49 

 

Table 4 shows that the correlation coefficient between the Distance Decay PageRank score and confirmed 

cases of COVID-19 is strongly positive (𝑟 =   .7). It indicates that human movement and the spread of 

COVID-19 in East Java Province are closely related. In other words, the higher the movement of people, the 

greater the spread of COVID-19 in the area. Meanwhile, the coefficient of determination shows that human 

movement affects the spread of COVID-19 by 49% in East Java. In other words, there are 51% of other factors 

affecting the spread of COVID-19 in East Java. 

The distribution of data on confirmed cases of COVID-19 in East Java Province against the DPRR score 

can be seen in Fig. 12. 

Fig. 12 shows that several stations have an equal number of COVID-19 cases but have different DPRR 

scores because data of confirmed cases of COVID-19 is taken by the district/city from each station. Hence, 

stations located in the same district/city will have the same data on confirmed cases of COVID-19. Meanwhile, 

the DDPR score at each station is calculated based on the influencing parameters. 

 
 

Fig. 12. The distribution of confirmed cases of COVID-19 on the DPRR score 
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Pasar Turi Surabaya Station is located in Surabaya, so confirmed cases from this station will be equal to 

other stations located in Surabaya. Surabaya has the highest number of confirmed cases in East Java Province, 

but the DPRR score from Surabaya Pasar Turi Station is low. Based on the 2021 Train Travel Schedule (KAI 

2021), Surabaya Pasar Turi Station is only connected to stations in the northern part of East Java Province and 

those in other provinces. 

Sepanjang, Sidoarjo, and Boharan stations are located in Sidoarjo Regency, a regency with the second-

highest number of COVID-19 cases after Surabaya. However, two of these three stations have lower scores 

than stations in the Malang area: Malang Station and Malang Kota Lama Station, because Malang Station and 

Malang Kota Lama Station have the closest distance compared to other stations. With this close distance score, 

both stations get high scores. 

 

3.8. Implementation 

Users can model human movement on trains against the spread of COVID-19 in East Java Province. Users 

must upload an OD Matrix file in excel format (.xlsx) and a confirmed case file for COVID-19 in East Java 

Province. Fig. 13 presents the form page to upload data. Once the input data is uploaded, the modeling will be 

done using the DDPR algorithm to get the DDRR score from each station. The DDPR scores per station are 

displayed on the results page (Fig. 14). Next, the results are also visualized in Fig. 15. 

 
 

Fig. 13. The form page for uploading input data, Form Masukan (Entry Form), Nama (Name), File OD 

Matrix Beserta Jarak Antar Stasiun (OD Matrix File with Distance Between Stations), File Jumlah Kasus 

Terkonfirmasi Covid-19 Per Stasiun (File Number of Covid-19 Confirmed Cases for Each Station) 

 
 

Fig. 14. The DDRR modeling results page, Halaman Hasil Prediksi Menggunakan Algoritme Distance Decay 

PageRank (Prediction Result Page Using Distance Decay PageRank Algorithm), Nama Prediksi (Prediction 

Name), Peringkat (Ratings), Stasiun (Station), Skor DDPR (DDPR Score), Prediksi Status (Status 

Prediction), Resiko Tinggi (High Risk), Resiko Sedang (Medium Risk), Resiko Rendah (Low Risk) 
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Fig. 15. Display of the visualization page of the DDRR modeling results, Nilai Koefisien Korelassi Terhadap 

COVID-19 : 0,7 (Correlation Coefficient Value Against COVID-19: 0.7), Visualisasi Graf (Graph 

Visualization) 

 

4. CONCLUSION 

Author This study has modeled human movement using a graph formed based on the distance between 

train stations and the distribution of the journey. This study implements the Distance-Decay Page rank 

algorithm to identify human movement on rail transportation in the East Java Province, Indonesia. The results 

reveal several suitable cases and some anomalies or results that are not in accordance with the actual case. For 

example, Surabaya Gubeng Station has the highest DDPR score because it has a low average indegree distance 

and a high average number of passengers. However, Malang Station, with a fairly high average distance or is 

far from other stations, has a high DDRR score. 

In addition, this study also shows that the correlation between human movement and the spread of 

COVID-19 in East Java is high, with a correlation coefficient (r) = 0.7. The more people travel via rail 

transportation, the greater the spread of COVID-19 in the area. The coefficient of determination shows that 

human movement affects the spread of COVID-19 by 49% in East Java. In other words, there are other factors 

(51%) that may affect the spread of COVID-19 in East Java. 

It can be concluded that 51% of other factors influence the spread of COVID-19 in East Java besides the 

distance factor. Therefore, it is recommended that further researchers expand this research by adding several 

other parameters to the calculation of the DDPR score per station. Parameters such as travel time, number of 

passengers, and other parameters on rail transportation may cause the spread of COVID-19 in East Java. 

Finally, it is recommended that the East Java Provincial government continue to limit human movement, 

especially in rail transportation, to reduce the spread of COVID-19 in East Java Province, such as by reducing 

the number of train trips continuing to apply health protocols on every trip. 
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