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ABSTRACT
COVID-19 was the most recent pandemic to strike humanity. Moreover, 
this pandemic occurred during the most active period of global interaction 
and mobility, unlike pandemics like cholera, plague, and flu in earlier 
centuries. Many countries restricted domestic mobility after suspending 
international mobility to prevent the pandemic from spreading. Although 
these policies differ from nation to nation, they have affected the mobility 
of communities. This study examined spatial and non-spatial independent 
variables that affected how the community’s mobility patterns changed 
in various locations, including parks, transit stations, workplaces, 
grocery and pharmacies, and residential areas in Istanbul, Türkiye. The 
impact of the independent spatial variables on the mobility changes 
was examined after identifying the non-spatial independent variables 
influencing the mobility changes in 6 different areas. It was determined 
that the altitude variable, expected to impact how mobility changed, 
had no overall impact on the dependent variable. On the other hand, the 
dependent variables representing the mobility changes were affected 
by the independent variables representing the county center’s latitude 
and longitude values and whether the county is located near the sea. 
Regression analysis across Türkiye will be performed in upcoming 
studies using an updated version of the methodology used in this study.
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Introduction

Due to the new coronavirus’s rapid rate of spread and potential danger, the disease was 
recognized as a global pandemic on March 11, 2020 (WHO, 2020). A highly contagious disease 
known as COVID-19 is thought to have started in the Chinese city of Wuhan and spread 
worldwide (Saha et al., 2020). The Omicron variant is currently the dominant variant in rapid 
circulation, whereas Alpha, Beta, Gamma, and Delta were the previous dominant variants. In 
addition, the Omicron variant, which spreads more rapidly than the Delta variant, has been 
found to be a milder form of the disease (Vitiello et al., 2022).

The fact that the vaccines are taken with reminder doses against the dominant variant 
Omicron and that the total number of vaccine doses administered as of May 7, 2022, was 
11,579,263,039 may indicate that the end of the pandemic has recently been approached 
(Vitiello et al., 2022; WHO, 2022a). However, COVID-19, with its many variants, caused 
513,955,910 confirmed cases of COVID-19 and 6,249,700 related deaths globally as of 5:31 
pm CEST, May 6, 2022, globally (WHO, 2022a). From January 3, 2020, to May 9, 2022, at 
5:13 pm CEST, in Türkiye, 15,043,379 cases and 98,846 deaths were reported, and 147,426,248 
doses of the vaccine were administered (WHO, 2022b).

The COVID-19 pandemic has disrupted several areas of life, such as the education 
sector, which has transformed itself into the online domain, the business life that started with 
hybrid and remote working, and the changing of shopping habits with the widespread use 
of online shopping and contactless payment. Another issue that had to undergo changes and 
restrictions during the pandemic was mobility. Mobility is an inseparable part of people’s 
daily life for required reasons for workplaces, hospitals, and activities such as entertainment 
and shopping. However, Istanbul has intense mobility as its population is nearly 20 million, 
and it is an international transit hub due to its geographical location. Therefore, after the 
start of the pandemic, the Republic of Türkiye, like many countries, restricted both domestic 
and international mobility with measures such as lockdowns, quarantines, and flight bans in 
all its provinces, including Istanbul, and banned many community activities such as sports, 
education, and cultural activities.

This study aims to explain the differences in mobility change rates using the mobility 
changes dataset enriched with socioeconomic and geographical features. Mobility changes 
include changes in retail and recreation visit changes, market and pharmacy visit changes, 
park visit changes, transit station usage statistics, and changes in residence time at workplaces 
and residences in Istanbul districts between March 2020 and March 2022. By explaining 
community mobility changes, it is aimed to indicate how the COVID-19 measures taken 
affected community mobility and the course of the pandemic and to provide policymakers 
with insight into developing a roadmap for potential pandemics.
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Literature Review

Rice & Pan examined the factors affecting park visits at the county level for the early stages 
of COVID-19. The study depended on Google Community Mobility Reports (GCMR) (Google, 
2020). The study revealed that for 97 districts in the western United States, changes in park 
visits in the spring of 2020 were caused by climate differences due to altitude and latitude. In 
addition, they point out that counties with older populations and longer stay-at-home orders 
may be some of the likely reasons for reduced park visits, fear of symptoms among seniors, 
and county-level travel restrictions. Due to decreased park visits among older people and 
long-term stay-at-home orders, they recommend examining the relationship between age and 
stay-at-home orders and park visitation and well-being (Rice & Pan, 2021).

Saha et al. examined the percentages of change in community mobility in India from February 
15 to April 30. The dataset for this study was obtained from GCMR. Based on baselines created 
across India, the results show that workplace mobility decreased by 56.7%, grocery and pharmacy 
mobility decreased by 51.2%, park visits decreased by 46.3%, and transit station mobility 
increased by 66%. In addition, retail and recreation mobility decreased by 73.4%. However, 
lockdowns caused a 23.8% increase in mobility in residential areas (Saha et al., 2020).

Wen et al. examined community mobility and preferred mode of transport at various alert 
levels using GCMR and Apple maps data. According to the results, the highest-level set, 
alert level 4, is vital in reducing the quarantined person’s mobility and diversity of transport 
modes. It is stated that the studies carried out to prevent contamination significantly negatively 
impact retail and recreation mobility. While the use of public transport decreased significantly, 
it is stated that this was relatively lower in the state of Wellington. It is emphasized that the 
recovery rate in retail and leisure mobility in the Otago state lags behind other areas. Another 
contribution of the study to the literature is that the GCMR and Apple maps data used were 
tested for consistency with the New Zealand Transport Agency data, confirming that they 
represented the entire population (Wen et al., 2022).

Sulyok & Walker investigated the relationship between the volume of COVID-19 cases and 
GCMR data and social activity and community mobility. It is stated that after COVID-19 became 
a global situation, mobility decreased. This decrease may be due to legal restrictions or people’s 
fear of the disease. Sulyok & Walker stated that the decrease in mobility in some countries before 
legal restrictions reveals the importance of personal infection risk and behavior change. It is stated 
that it can be understood by cultural, social, and economic factors (Sulyok & Walker, 2020). 

Many datasets made available during the COVID-19 pandemic have made it possible to 
analyze community mobility dynamics and spatial distribution throughout the quarantine. 
Beria & Lunkar used the “Italy Coronavirus Disease Prevention Map package” data produced 
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by Facebook in their studies. The first of the questions the authors seek to answer is to what 
extent people stay at home. The findings show that people with mobility ratio and range of 
motion are significantly reduced. In the second research question, the mobility of the people 
before the quarantine period was examined. According to the results, it is stated that some 
of the population preferred to go abroad to avoid restrictions most of the non-local travel is 
to neighboring provinces and long travel is below the usual statistics. In the final stage, the 
position of people during the lockdown was examined. According to the results, it is stated 
that the population has decreased starting in the northern provinces, especially in the big cities, 
and the population has been directed toward rural areas (Beria & Lunkar, 2021).

Aloi et al. examined the effects of quarantine measures, which went into effect on March 
15, 2020, on urban mobility in Santander, a city in northern Spain. The study collected data 
from traffic meters, intelligent transport systems data, traffic camera records, and environmental 
sensors compared with the travel flows and durations before and during the quarantine. 
According to the study’s findings, mobility, the use of public transportation, NO2 emissions, 
and traffic accidents all decreased by, respectively, 76%, 93%, 60%, and 67% (Aloi et al., 2020).

Bonaccorsi et al. examined the effects of the measures taken to combat the COVID-19 
pandemic in Italy on the socioeconomic circumstances of Italian citizens. Mobility restrictions 
are modeled as an exogenous shock akin to a natural disaster, and a large dataset of human 
mobility can be examined in real time. It has been observed that the effects of lockdown 
measures are higher in municipalities with high financial capacity. Furthermore, it is stated in 
the study that the decrease in mobility is more substantial in municipalities where inequality 
is higher than in others and per capita income is lower. According to these results, the authors 
state the necessity of fiscal policies targeting poverty and inequality (Bonaccorsi et al., 2020).

Chan analyzed which features are associated with decreases in mobility for Canada during 
the COVID-19 outbreak based on Facebook’s data (Movement Range Maps). According to the 
study, there were significant differences in the degree of social distancing in April compared to 
before February. Another socioeconomic finding is that people who live in multi-flat buildings 
are less mobile than those who do not. Those with more challenging living conditions are less 
likely to stay home during a pandemic (Chan, 2020).

Chang et al. (2020) examined human mobility and connectivity during the COVID-19 
outbreak in Taiwan in collaboration with Facebook’s “Data for Good”. Different provinces 
were determined as density points. The study on these points states that urban travel discounts 
have more impact than intercity travel discounts due to the risk of pandemics. Furthermore, it 
is stated that the findings can direct future disease surveillance and travel restrictions in-laws 
after the controls are eased (Chang et al., 2020).
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Wielechowski et al. conducted province and voivodeship level analysis of the COVID-19 
pandemic’s impact on Poland’s public transportation mobility. Data sources included the 
Oxford COVID-19 Government Response Tracker, GCMR, and Polish Ministry of Health data. 
The study’s findings, which account for March 2 and July 19, 2020, demonstrate that Poland’s 
public transportation mobility barely changed. Moreover, there is a strong, negative, and 
significant correlation between changes in mobility in public transportation and the COVID-19 
measures implemented by the Polish government. In conclusion, it has been demonstrated 
that the government’s efforts to stop the pandemic’s spread decreased Poland’s mobility and 
increased social distance (Wielechowski et al., 2020).

Orro et al. examined the impact of COVID-19 on urban mobility. The authors examined 
the change in the number of passengers on a line basis, the use of stops, public transportation 
supply, duration, and reliability of the A Corua city bus network in Spain, stating that this effect 
varies depending on the type of public transportation used. The data set includes information 
on bus boarding, intelligent card usage, and automatic vehicle location. The study’s findings 
indicate that the pandemic significantly impacts public transportation more than other types 
of traffic. According to the statement, this could result from reduced public transportation, 
reduced traffic, suspension of street parking fees, easy parking, or fear of contamination. The 
number of passengers decreased to between 6% and 20% of the reference values   during the 
quarantine period, while the use of public transportation stations near shopping centers and 
universities was almost eliminated during periods of high cases, while the use of stations 
nearby in other commercial areas was at a low level (Orro et al., 2020).

Materials and Methodology

Study Area

Istanbul is represented as Türkiye’s political, economic, and cultural hub. The study region 
of this study includes 39 districts in Istanbul. The study area is shown in Figure 1.

Figure 1. Study area.
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Data Collection and Preprocessing 

Several datasets were used to investigate the factors affecting the changes in the mobility 
areas in the counties of Istanbul during the COVID-19 pandemic. Since the study’s primary 
purpose is to examine the spatial and non-spatial independent variables affecting the dependent 
variables (community mobility variables), the data sets are grouped according to this situation 
and explained in the following sections. The dataset, source codes, and regression results 
are also available on GitHub (datastd-dev, 2022). Table 1 summarizes the study’s twelve 
independent and six dependent variables. The dependent variables will be referred to by the 
names given in this table in the rest of the study.

Table 1. Data sets and attributes (D: dependent, I: independent, SV: spatial variable, NSV: Non-spatial 
variable).

Type Name Data Set Group Spatial Explanation Attributes / Units
D GCMR Google community 

mobility reports
No GCMR show how visits to 

places are changing in each 
geographic region.

Attributes: GP, P, 
T, RR, R, W. Unit: 

percentage.
I SV_1 Elevation Yes The elevation of the county 

center in meters.
Type: numeric. Unit: 

meter.
I SV_2 Seaside Yes Whether the county is by 

the sea.
Type: boolean. Values: 

0:no, 1: yes.
I SV_3 Latitude Yes Latitude of the county. Type: numeric.
I SV_4 Longitude Yes Longitude of the county. Type: numeric.
I NSV_1 Average Monthly Income 

(2019-2020)
No Monthly average household 

income.
Type: numeric. Unit: 

TL.
I NSV_2 Number of Illiterate People 

(2020)
No The number of illiterate 

people aged 6 and over.
Type: numeric. Unit: 
number of persons.

I NSV_3 Number of Shopping 
Centers (2022)

No The number of the shopping 
malls.

Type: numeric. Unit: 
piece.

I NSV_4 Average Number of 
Persons in the Household 

(2022)

No Average number of people in 
households.

Type: numeric. Unit: 
number of persons.

I NSV_5 Number of Undergraduate 
and Graduate Graduates 

(2022)

No Number of undergraduate and 
graduate graduates.

Type: numeric. Unit: 
number of persons.

I NSV_6 Elderly Population Ratio 
(2022)

No Ratio of elderly population to 
county population.

Type: ratio.

I NSV_7 Middle Aged Population 
Ratio (2022)

No Ratio of middle-aged 
population to county 

population.

Type: ratio.

I NSV_8 Young Population Ratio 
(2022)

No Ratio of young population to 
county population.

Type: ratio.

I NSV_9 Population Density No Population density in the 
county.

Type: numeric. Unit: 
percentage.
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Figure 2 shows an example view of the dataset.

Figure 2. An example view from the dataset.

Dependent Variables

Google Community Mobility Reports

GCMR shows the mobility changes in communities throughout the COVID-19 pandemic. 
Mobility changes in public stations, parks, or specific locations could be detected using these 
reports. Places, where mobility change could be examined in GCMR are grocery & pharmacies 
(GP), parks (P), transit stations (T), retail & recreation (RR), residential (R), and workplaces (W). 

GP are areas such as markets, pharmacies, and food shops. P provides mobility change 
in local parks, national parks, dog parks, and public gardens. T provides mobility changes at 
public stations such as buses, subways, and trains. RR provides mobility changes in restaurants, 
cafes, shopping malls, libraries, and movie theaters. R denotes the change in mobility in the 
seats. Finally, W provides mobility change in workplaces. The dates used to determine the 
reasons for the changes are between March 2020 and March 2022 in the dataset. It is aimed to 
reveal to what extent the mobility data presented under six different titles are affected by spatial 
and non-spatial independent variables in this study. For this reason, these six different mobility 
data will be handled one by one, and the relationship between them and the independent 
variables explained in the following section will be revealed.

Independent Variables 

Community mobility changes based on the counties of Istanbul vary greatly. This study 
aims to reveal the reasons for these differences. Community mobility can be affected by 
many independent variables. Therefore, first, it was investigated to what extent the changes 
were affected by spatial and non-spatial variables. For this reason, independent variables are 
discussed under two main headings, spatial and non-spatial variables.

Spatial Variables

Spatial variables that affect community mobility changes based on Istanbul counties will 
be discussed in this section. Some literature studies have revealed that community mobility 
changes are more affected by spatial parameters than non-spatial parameters. Therefore, county 
elevation data, the information on whether the county is located on the sea coast, and the 
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latitude-longitude information of the county were used to investigate this situation specific 
to the province of Istanbul.

Elevation data is the first spatial variable predicted to affect community mobility change 
data. The province of Istanbul, with a surface area of 5,343 km², is a province where the altitude 
varies based on counties. For example, there is a difference of 318 meters between the lowest 
elevation value (Adalar county, 6m) and the highest elevation value (Maltepe county, 324m). 
In order to determine whether the change in community mobility is affected by this situation, 
the altitude values of the counties’ centers were collected (İstanbul İlçeleri Haritası, 2022).

Counties with a seacoast are assigned a value of 1, and counties that do not have a value 
of 0. This information was manually added to the data set by examining the Istanbul map.

Istanbul counties’ latitude and longitude information was obtained from GitHub (NovaYear, 
2019).

Non-spatial Variables

Non-spatial variables that affect mobility changes based on Istanbul counties will be 
discussed in this section.

The current number of shopping malls in the counties, population density (person/km2), 
the number of individuals with undergraduate and graduate degrees, and the ratio of elderly, 
young, and middle-aged individuals are obtained from the estimating real estate data analytics 
and insight platform Endeksa (Endeksa, 2017).

The monthly average household income data based on Istanbul counties, obtained from 
the report published by the Istanbul Governorship Open Door Branch Directorate (Açık Kapı-
İstanbul’un Sosyo Ekonomik Analizi, 2021), was also added to the study as an independent 
variable. The purpose of adding the variable is to measure the contribution of monthly income 
amounts of individuals on a county basis to changes in community mobility. For example, in 
counties with high-income levels, individuals may have stopped going to their workplaces and 
chose to stay at home. However, individuals may have had to continue working in counties 
with low-income levels even if they were banned.

The number of illiterate individuals aged six and over on an Istanbul county basis was 
also obtained from the report published by the Istanbul Governorship Open Door Branch 
Directorate (Açık Kapı-İstanbul’un Sosyo Ekonomik Analizi, 2021) and added to the study 
as an independent variable. The purpose of adding the variable is to determine whether the 
education level of the individuals on a county basis affects compliance with the rules and 
measure its contribution to the community mobility changes.
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Methodology

The first step was to create a dataset to identify the spatial and non-spatial factors 
influencing the COVID-19 based mobility changes in the counties of Istanbul. When choosing 
the features for the dataset, it was taken into account that the geographic characteristics of 
the counties and the demographic characteristics of their inhabitants could best explain the 
change in mobility at the specific places during the COVID-19 period. Then, to determine how 
well the spatial and sociodemographic features provided by the dataset explain the change in 
mobility, the variable selection method was applied in the second stage using the R package 
programming language. As a result, it was intended to quantify how independent variables 
affected changes in mobility.

The regression analysis determined the probability of producing the highest adjusted R2 
value for non-spatial parameters. Then, the effect of spatial parameters on adjusted R2 value 
was measured for these values. 

Due to the large number of spatial and non-spatial variables included in the study, it 
required a complex calculation to determine which variables affect the target variable and 
to find the differences between the effect levels of the influencing variables. The effects of 
13 spatial and non-spatial variables on mobility changes under six different headings were 
investigated. The effect of 13 variables on six target variables will require many calculations 
considering different combinations. For this purpose, it was decided to use the “Best Subsets 
Regression Essentials” method of the R package programming language. 

The study’s primary purpose is to calculate the extent to which spatial variables affect 
target variables. For this reason, when non-spatial variables affecting the target variable were 
included in the regression, the extent to which the four considered spatial variables affected 
the regression was investigated. In order to reveal this detail, the extent to which the obtained 
quality measures (Adjusted R2) changed when four spatial variables were included in the 
regression or not. In order to select the best model, the overall performances of the models 
were compared, and some statistical metrics and strategies were determined to select the best 
one. The estimation error of each model was measured, and it was decided to choose the one 
with the lower estimation error.

“Best Subsets Regression Essentials” is a method for choosing a model that uses best 
subsets regression to test every possible combination of the predictor variables and then 
chooses the best model based on some statistical criteria. This method is also known as “all 
possible models” and “all possible regressions.” The “leaps” library should be imported to 
use this methodology in the R package programming language environment. 
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A distinct least squares regression best subset should be constructed for each possible 
variable combination in order to carry out best subset selection. This means that all 

 models with exactly two variables should be fitted to all p models with 
exactly one variable. Now, the objective is to determine which of the resulting models is the 
best. The problem of choosing the best model from the 2p options that are taken into account 
by best subset selection is not simple. Typically, there are two stages to this. The required 
statistics can be calculated with the help of the functions in the “leaps” library. These statistics 
are metrics such as Adjusted R2, Cp, and BIC. Using one of these criteria, the best model can 
be determined. For example, the Adjusted R2 criterion was used to determine the best model 
within the scope of the study. The adjusted R2 represents the proportion of variation in the 
outcome that is explained by the variation in predictors values. The higher the adjusted R2, 
the better the model. Algorithm 1 describes best subset selection methodology.

Algorithm 1 Best subset selection.

1: M0 denotes the null model. M0 contains no independent variables. This model makes a 
prediction about the sample mean for each observation.

2: For t = 1, 2, …p:

2.1: Fit all  models that contain exactly t independent variables. 

2.2: pick the best among these  models (Mt). Here best is defined as having the 
largest Adjusted R2. 

3: Select a single best model from among M0, M1, …, Mt using Adjusted R2.

Results and Discussion

The effect states and effect levels of the spatial and non-spatial parameters affecting the 
six dependent variables included in the study are different. The non-spatial parameters and 
the effects of these parameters on the regression specific to the dependent variables are given 
in Table 2. Expressions marked with X mean that the relevant independent variable affects 
the relevant dependent variable.
Table 2. Non-spatial parameters and their effects on dependent variables.
Parameter GP P T RR R W
NSV_1 X X X
NSV_2 X
NSV_3 X X X X
NSV_4 X X
NSV_5 X X X X X X
NSV_6 X X X
NSV_7 X X X X
NSV_8 X
NSV_9 X X X X
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Spatial parameters and the effects of these parameters specific to dependent variables on 
regression are given in Table 3.

Table 3. Spatial parameters and their effects on dependent variables.
Parameter GP P T RR R W
SV_1
SV_2 X X X X
SV_3 X X X
SV_4 X X X X

In the following section, the information in the table is summarized on the basis of 
community mobility change parameters. 

•  Spatial and non-spatial variables affecting the GP parameter: The independent non-
spatial variables affecting the community mobility change related to markets and 
pharmacies (GP) were determined as “number of undergraduate and graduate graduates,” 
“elderly population ratio,” “middle-aged population ratio,” and “young population ratio.” 
The independent spatial variables that positively affect the community mobility change 
related to markets and pharmacies (GP) were determined as “seaside” and “longitude.” 
Accordingly, the county is located by the sea, and the longitude value of the county 
center increases the mobility in the market and pharmacies. At the same time, the 
elevation and latitude variables decrease the visits to the market and pharmacies.

•  Spatial and non-spatial variables affecting the P parameter: The independent non-
spatial variables affecting community mobility change in parks (P) were determined 
as “number of shopping centers,” “average number of persons in the household,” 
and “number of undergraduate and graduate graduates.” Accordingly, the county’s 
household size, the number of shopping malls, and the number of undergraduate and 
graduate graduates affected the park visits. The independent spatial variables that 
positively affect the community mobility change in the parks were determined as 
“seaside,” “latitude,” and “longitude.” Accordingly, the fact that the county is located 
by the sea, while the latitude and longitude values   of the county center increase the 
park visits, the elevation variable decreases the park visits.

•  Spatial and non-spatial variables affecting the T parameter: The independent non-
spatial variables affecting community mobility change in public transportation were 
determined as “average monthly income,” “number of shopping centers,” “number of 
undergraduate and graduate graduates,” “elderly population ratio,” and “population 
density.” Accordingly, the household income level, the number of shopping malls 
in the county, the county’s population density, the number of undergraduate-
graduate graduates, and the middle-aged population ratio affected mobility in public 



12 Journal of Data Applications

Istanbul’s Community Mobility Changes During the COVID-19 Pandemic: A Spatial Analysis

transportation. The independent spatial variables that positively affect the community 
mobility change in public transportation were determined as “latitude” and “longitude.” 
Accordingly, while the latitude and longitude values   of the county center increased 
the mobility in public transportation, the elevation and seaside variables decreased the 
mobility in public transportation.

•  Spatial and non-spatial variables affecting the RR parameter: The independent non-
spatial variables that affect the retail and recreation community mobility change were 
determined as “number of shopping centers,” “average number of persons in the 
household,” “number of undergraduate and graduate graduates,” and “middle-aged 
population ratio.” Accordingly, the number of shopping malls, household size, number 
of undergraduate-graduate graduates, and middle-aged population ratio affected retail 
and recreation mobility in the county. The independent spatial variable that positively 
affects the mobility of the retail and recreation community could not be determined.

•  Spatial and non-spatial variables affecting the R parameter: The independent non-
spatial variables affecting the residential community mobility change were determined 
as “average monthly income,” “number of illiterate people,” “number of undergraduate 
and graduate graduates,” “elderly population ratio,” and “population density.” 
Accordingly, the average household income level, the number of illiterate people, the 
number of undergraduates and graduates, the proportion of the elderly population, 
and population density affected residential mobility. The independent spatial variables 
that positively affect the residential community mobility change were determined as 
“seaside,” “latitude,” and “longitude.” Accordingly, the latitude and longitude values   of 
the county center and the fact that the county is located by the sea increase the duration 
of staying at home, while the altitude variable decreases the duration of staying at home.

•  Spatial and non-spatial variables affecting the W parameter: The independent non-
spatial variables affecting workplace visits are “average monthly income,” “number 
of shopping centers,” “average number of persons in the household,” “number of 
undergraduate and graduate graduates,” “middle-aged population ratio,” and “population 
density.” Accordingly, the average household income level, the number of shopping 
malls in the county, the household size, the number of people with undergraduate 
and graduate degrees, the ratio of the middle-aged population, and population density 
affected workplace visits. The independent spatial variable that positively affects 
workplace visits has been determined as “longitude.” Accordingly, while the longitude 
value of the county center increased the workplace visits, the variables of altitude, 
seaside, and latitude decreased the workplace visits.

Table 4 shows how much different combinations of non-spatial variables affect the adjusted 
R2 parameter in the regression model in which all spatial variables are included.
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Table 4. Change in Adjusted R2 according to different combinations of non-spatial variables.
Parameter Combination Adjusted R2

GP Add Seaside Increases from 0.1531 to 0.1586
Remove Elevation Increases from 0,1378 to 0.1586
Remove Latitude Increases from 0.1325 to 0.1586
Add Longitude Increases from 0.1077 to 0.1586

Remove Elevation & Add Seaside Increases from 0.1316 to 0.1586
Remove Latitude & Add Seaside Increases from 0.1280 to 0.1586
Add Longitude & Add Seaside Increases from 0.1190 to 0.1586

Remove Elevation & Remove Latitude Increases from 0.1106 to 0.1586
Add Longitude & Add Seaside & Remove Elevation Increases from 0.1081 to 0.1586

Add Seaside & Remove Elevation & Remove Latitude Increases from 0.1053 to 0.1586
Add Longitude & Remove Elevation Increases from 0.0996 to 0.1586

P Remove Elevation Increases from 0.5096 to 0.5240 
Add Seaside Increases from 0.4798 to 0.5240

Add Longitude Increases from 0.4385 to 0.5240
Add Seaside & Remove Elevation Increases from 0.4697 to 0.5240

Add Seaside & Add Longitude Increases from 0.4176 to 0.5240
Add Seaside & Add Latitude Increases from 0.3739 to 0.5240

Add Latitude & Add Longitude Increases from 0.3612 to 0.5240
Add Seaside & Add Latitude & Add Longitude Increases from 0.3501 to 0.5240

T Remove Elevation Increases from 0.7044 to 0.7065 
Remove Seaside Increases from 0.6980 to 0.7065
Add Longitude Increases from 0.6612 to 0.7065

Remove Elevation & Add Longitude Increases from 0.6524 to 0.7065
Add Latitude & Add Longitude Increases from 0.5956 to 0.7065

RR Remove Elevation Increases from 0.3213 to 0.3358 
Remove Seaside Increases from 0.3160 to 0.3358
Remove Latitude Increases from 0.3189 to 0.3358

Remove Longitude Increases from 0.3187 to 0.3358
Remove Elevation & Remove Longitude Increases from 0.3060 to 0.3358 
Remove Elevation & Remove Latitude Increases from 0.3039 to 0.3358
Remove Latitude & Remove Longitude Increases from 0.3024 to 0.3358
Remove Seaside & Remove Elevation Increases from 0.3002 to 0.3358
Remove Seaside & Remove Longitude Increases from 0.2984 to 0.3358
Remove Seaside & Remove Latitude Increases from 0.2981 to 0.3358

Remove Evl. & Remove Latitude & Remove Longitude Increases from 0.2906 to 0.3358
R Add Seaside Increases from 0.7914 to 0.8039

Add Longitude Increases from 0.7755 to 0.8039
Add Seaside & Remove Elevation Increases from 0.7922 to 0.8039

Remove Elevation & Add Longitude Increases from 0.7851 to 0.8039
Add Seaside & Add Longitude Increases from 0.7746 to 0.8039

Remove Elevation & Add Seaside & Add Longitude Increases from 0.7805 to 0.8039
Add Seaside & Add Latitude & Add Longitude Increases from 0.6787 to 0.8039

W Add Longitude Increases from 0.8220 to 0.8498
Remove Latitude & Add Longitude Increases from 0.8195 to 0.8498
Add Longitude & Remove Seaside Increases from 0.8166 to 0.8498

Add Longitude & Remove Elevation Increases from 0.8161 to 0.8498



14 Journal of Data Applications

Istanbul’s Community Mobility Changes During the COVID-19 Pandemic: A Spatial Analysis

Limitations

Seasonality in the data can be misleading, as a baseline needs to be provided for analyzing 
activity in park visits. The report may be more valid when working with data covering other 
mobility activities less affected by seasonality.

GCMR does not provide mobility for those who are not mobile or whose location services 
are disabled. Therefore, the data shared by Google only represents some smartphone users or 
the entire population in Istanbul.

Conclusion

This study examined spatial and non-spatial independent variables affecting community 
mobility change parameters in 6 different domains presented by Google. Afterward, the impact 
rates and directions of the independent spatial variables on the regression were analyzed.

The results showed that the non-spatial independent variable “average monthly income” 
impacted mobility in public transportation, the duration of stay at home, and the amount of 
time spent at the workplace. The duration of stay at home was the only factor impacted by 
the non-spatial independent variable “number of illiterate people.” The “number of shopping 
centers” non-spatial argument impacted mobility in parks, public transportation, retail, and 
recreation. The non-spatial independent variable “average number of persons in the household” 
impacted workplace length of stay and mobility in retail and recreation. The non-spatial 
independent variable “number of undergraduate and graduate graduates” impacted all six 
areas’ mobility changes. The mobility in markets and pharmacies, the amount of time spent at 
home, and the amount of time spent at work were all impacted by the non-spatial independent 
variable known as the “elderly population ratio.” The non-spatial “middle-aged population 
ratio” independent variable affected mobility in markets and pharmacies, public transportation, 
retail and recreation, and length of stay at workplaces. The non-spatial “young population 
ratio” independent variable only affected the mobility in markets and pharmacies. Finally, the 
non-spatial “population density” argument affected mobility at park visits, public transport, 
length of stay at home, and length at work.

According to the findings, the spatial “elevation” independent variable did not affect 
the mobility in any area positively or negatively. The spatial “seaside” independent variable 
positively affected mobility in markets and pharmacies, park visits, mobility in public transport, 
and duration of stay at home, and negatively affected activity in retail and recreation and 
duration of stay at work. The spatial variable of latitude positively affected park visits, mobility 
in public transport, length of stay at home, and negatively affected activity in grocery stores 
and pharmacies, retail and recreation, and length of stay at workplaces. The spatial “longitude” 
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independent variable positively affected mobility in markets and pharmacies, park visits, stay 
at home and stay at workplaces, and negatively affected mobility in public transportation and 
mobility in retail and recreation.

Table 5 indicates the directions and impact rates of independent spatial variables’ effects 
on changes in mobility.

According to the findings obtained from the table, the independent spatial variable that most 
positively affects mobility in markets and pharmacies and duration of stay at the workplace is 
“longitude.” The independent spatial variable that most positively affects park visits, mobility 
in public transport, and length of stay at home is “latitude.” A spatial variable that positively 
affects mobility in retail and recreation was not found. The independent variable that was 
affected the most negatively was found to be “seaside.”

Table 5. The directions and impact rates (SV: spatial variable, D: direction, N: negative, P: positive).
GMP GP P T RR R W

SV Rate D Rate D Rate D Rate D Rate D Rate D
SV_1 14.91874 N 2.818391 N 0.288948 N 4.520502 N 0.108913 N 0.726555 N
SV_2 3.579245 P 9.202555 P 1.210322 N 6.266106 N 1.582957 P 0.65951 N
SV_3 19.75203 N 28.32589 P 11.01983 P 5.291971 N 13.36279 P 0.31097 N
SV_4 47.25765 P 19.48304 P 6.843956 P 5.373901 N 3.665533 P 3.38267 P
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Supplementary: Istanbul districts

na
m

e
se

as
id

e
ra

ki
m

_
m

et
re

en
le

m
bo

yl
am

re
re

gr
op

ha
r

pa
rk

s
tra

ns
it

w
or

k
re

si
in

co
m

e_
m

oy
b_

20
20

av
m

_
sa

yi
si

po
p_

de
ns

 
(k

isi
/k

m
2 )

ha
ne

_2
02

2
yf

m
_2

02
28

l, 
yl

,d
r)

ya
sli

_
or

an
i

ge
nc

_
or

an
i

or
ta

Ya
s_

or
an

i
Fa

tih
1

29
41

,0
16

66
67

28
,9

33
33

33
-3

1,
12

02
-7

,8
04

6
-1

0,
57

92
16

,5
32

7
-2

1,
47

68
6,

89
07

97
14

71
01

1
24

18
7

3,
04

59
62

7
16

31
53

Ze
yt

in
bu

rn
u

1
24

40
,9

90
63

5
28

,8
96

14
-2

4,
75

55
21

,9
44

8
-1

6,
00

55
7,

54
73

-1
5,

21
17

6,
26

17
67

03
45

76
2

23
63

8
3,

72
32

96
7

10
38

51
G

ün
gö

re
n

0
45

41
,0

16
66

67
28

,8
83

33
33

-1
8,

89
74

16
,3

42
8

28
,3

45
1

14
,0

69
3

-1
8,

43
72

6,
66

85
62

32
43

95
1

40
04

2
3,

42
41

83
6

13
35

52
Ba

kı
rk

öy
1

21
40

,9
68

15
5

28
,8

22
8

-3
5,

91
8

13
,9

18
3

-1
8,

60
11

5,
96

21
-3

1,
09

88
8,

07
85

16
26

9
13

90
8

75
40

2,
99

75
71

9
21

27
52

Ba
hç

el
ie

vl
er

0
68

40
,9

97
5

28
,8

50
55

56
-3

3,
88

25
10

,4
85

2
3,

31
14

20
,5

87
4

-2
5,

15
85

7,
54

23
85

97
92

68
3

34
84

5
3,

46
99

36
3

11
35

54
Ba

ğc
ıla

r
0

92
41

,0
45

55
56

28
,8

40
55

56
-2

2,
08

2
-7

,8
53

7
2,

20
76

36
,2

95
-1

8,
10

38
6,

48
36

58
81

13
56

2
3

17
55

2
3,

94
69

90
4

8
41

51
Ba

yr
am

pa
şa

0
69

41
,0

48
15

03
28

,9
00

45
53

-3
0,

20
49

20
,9

44
8

-2
0,

00
55

4,
70

34
-1

9,
61

2
6,

20
24

64
01

33
10

1
26

99
5

3,
4

39
11

4
13

34
54

Es
en

le
r

0
12

7
41

,0
79

41
33

28
,8

53
85

45
-3

3,
77

87
9,

40
31

6,
54

09
20

,4
50

3
-1

9,
85

11
6,

09
83

52
37

87
68

0
40

57
0

3,
81

38
58

4
8

41
51

K
üç

ük
çe

km
ec

e
1

10
41

,0
08

65
8

28
,7

75
34

2
-1

4,
96

17
17

,5
84

5
-7

,8
57

9
20

,8
92

-1
9,

15
44

7,
33

06
65

61
12

38
0

2
20

77
9

3,
43

12
35

39
10

37
53

Av
cı

la
r

1
9

41
,0

15
34

79
28

,7
31

46
18

-1
9,

53
69

26
,8

68
4

17
,3

83
8

11
,7

07
6

-2
0,

56
15

7,
46

72
67

36
58

69
1

11
49

7
3,

4
66

00
8

11
36

53
Be

yl
ik

dü
zü

1
10

9
40

,9
91

03
81

28
,6

49
81

44
-2

0,
69

95
30

,5
98

3
17

,2
48

2
10

,5
39

6
-2

0,
27

46
8,

58
79

59
26

82
2

96
20

3,
35

78
91

2
11

36
53

Es
en

yu
rt

0
55

41
,0

34
28

06
28

,6
80

11
94

-2
3,

84
56

72
,3

70
5

9,
75

13
23

,1
78

9
-1

1,
03

55
7,

19
39

55
62

14
83

4
4

22
26

5
3,

55
91

61
3

6
43

52
Be

yo
ğl

u
1

58
41

,0
38

28
64

28
,9

70
33

04
-3

9,
87

98
-8

,9
43

9
-3

0,
61

2
-1

9,
03

86
-2

0,
08

47
7,

19
36

87
79

50
69

2
25

15
5

3,
08

32
41

7
12

33
55

Ey
üp

1
71

41
,1

87
15

98
28

,8
82

98
16

-3
3,

54
51

6,
65

63
-1

6,
13

39
14

,9
13

1
-2

1,
88

39
8,

39
75

85
90

56
41

4
15

91
3,

28
70

53
8

11
35

54
G

az
io

sm
an

pa
şa

0
10

4
41

,0
75

94
77

28
,9

00
45

53
-1

3,
16

94
32

,3
06

9
18

,4
27

6
23

,3
62

-2
1,

18
03

7,
18

85
55

53
87

68
1

40
64

8
3,

57
56

79
3

11
38

52
Su

lta
ng

az
i

1
84

41
,1

25
57

94
28

,8
71

33
14

-1
2,

14
34

-0
,8

23
2

12
,6

77
6

41
,4

92
2

-1
4,

94
26

6,
73

77
40

23
11

17
7

0
14

93
0

4,
08

38
97

9
7

43
50

K
ağ

ıth
an

e
0

42
41

,0
71

28
,9

7
-2

6,
81

42
3,

01
41

11
,4

15
3

23
,6

10
4

-2
6,

01
5

8,
43

3
77

03
67

34
2

29
49

4
3,

26
70

08
6

9
35

56
Şi

şli
0

99
41

,0
6

28
,9

87
-4

5,
25

27
-1

0,
83

73
-3

0,
36

07
-1

0,
68

72
-2

7,
47

81
9,

03
72

14
38

8
36

92
8

24
25

3
2,

64
72

25
7

16
26

58
Be

şik
ta

ş
1

21
41

,0
68

61
6

29
,0

28
53

55
44

,9
12

6
23

,6
40

7
-1

2,
27

87
-1

9,
73

22
-3

6,
76

54
9,

93
32

19
42

4
95

0
2

92
90

2,
51

76
76

1
22

23
55

Ba
şa

kş
eh

ir
0

11
0

41
,0

77
89

5
28

,8
12

55
1

-2
7,

45
77

36
,0

25
4

0,
18

98
12

,4
03

-1
4,

95
63

8,
47

95
83

01
51

55
4

48
95

3,
77

78
06

3
6

44
50

Bü
yü

kç
ek

m
ec

e
1

8
41

,0
34

13
3

28
,5

90
00

3
-1

8,
81

15
24

,7
83

5
25

,7
55

3
5,

18
89

-1
9,

19
26

7,
59

39
67

52
28

12
1

18
51

3,
29

45
01

9
13

35
52

Sa
rıy

er
1

59
41

,1
66

32
8

29
,0

49
95

-3
2,

08
06

-2
,1

04
2

-1
1,

86
34

2,
98

36
-3

0,
17

9
9,

61
88

13
44

2
45

73
3

22
65

3,
09

81
71

7
14

31
55

A
rn

av
ut

kö
y

1
16

3
41

,2
28

,7
33

33
3

-1
0,

34
79

43
,8

96
8

-3
2,

99
59

41
,1

52
7

-4
,2

10
3

7,
80

02
37

34
62

91
1

68
5

4,
06

20
56

9
7

46
48

Si
liv

ri
1

14
41

,0
80

15
8

28
,2

68
29

-1
1,

35
93

6,
66

61
,5

04
9

54
,4

25
7

-5
,3

26
4

8,
06

5
43

63
21

89
1

24
03

54
3,

56
26

53
0

13
32

55
Ça

ta
lc

a
1

10
5

41
,1

48
23

9
28

,4
67

73
-3

,7
39

3
-3

1,
69

87
34

,0
05

6
31

,8
00

9
-9

,5
17

6
5,

20
48

39
14

87
6

0
64

08
1

2,
82

94
06

18
31

51
K

ad
ık

öy
1

60
40

,9
80

14
1

29
,0

82
27

-4
0,

22
95

-1
3,

69
95

-2
7,

91
12

-4
,1

01
-3

3,
70

63
10

,6
06

8
16

60
1

27
11

2
19

27
9

2,
47

20
94

65
26

21
53

A
da

la
r

1
6

40
,8

76
37

72
29

,0
95

44
4

0
-3

2,
83

78
54

,2
47

6
0

-8
,2

64
9

0
12

23
6

20
6

0
14

57
2,

55
38

60
27

23
50

Ü
sk

üd
ar

1
30

41
,0

32
23

6
29

,0
31

93
8

-3
6,

30
19

20
,5

02
8

-1
7,

32
51

12
,2

06
2

-2
9,

23
22

8,
97

54
12

85
2

67
55

3
14

87
9

3,
09

14
21

41
16

31
54

A
ta

şe
hi

r
0

11
0

40
,9

83
33

33
29

,1
16

66
67

-3
5,

17
62

3,
32

39
-8

,9
67

2
12

,0
58

7
-2

5,
59

84
9,

71
17

12
09

8
66

84
7

16
90

3
3,

15
10

21
41

12
33

55
Ü

m
ra

ni
ye

0
15

2
41

,0
30

3
29

,1
06

5
-3

0,
23

09
-1

,6
98

5
-1

3,
68

31
15

,7
32

2
-2

0,
15

71
8,

52
04

66
90

10
38

2
6

15
86

2
3,

41
13

49
35

9
36

55
Sa

nc
ak

te
pe

0
18

4
41

,0
28

70
28

29
,2

90
18

29
-1

6,
05

6
43

,6
32

2
11

,4
30

3
22

,1
94

7
-1

4,
71

31
8,

46
44

48
43

80
83

1
73

68
3,

69
53

66
7

6
42

52
M

al
te

pe
1

32
4

40
,9

49
04

7
29

,1
74

10
9

-3
7,

86
2

73
,3

88
9

-5
,5

90
1

6,
94

94
-2

6,
72

13
9,

61
74

10
61

7
65

43
4

97
17

3,
06

13
14

49
15

30
55

Be
yk

oz
1

12
4

41
,1

32
71

9
29

,1
05

69
-1

8,
25

25
22

,6
44

9
-1

,7
81

4
8,

75
53

-2
6,

08
06

8,
31

96
67

93
44

66
0

75
0

3,
3

43
33

8
15

33
53

Çe
km

ek
öy

0
16

41
,1

04
23

5
29

,3
17

72
72

-1
6,

55
16

42
,1

04
6

4,
51

86
28

,9
00

9
-1

6,
53

42
8,

72
52

64
43

35
27

0
21

05
3,

42
48

76
4

8
38

54
Su

lta
nb

ey
li

0
13

5
40

,9
61

11
23

29
,2

66
94

38
-1

6,
20

08
16

,4
44

9
18

,2
06

2
24

,2
88

5
-7

,3
52

4
6,

69
49

39
95

77
05

2
11

83
8

4,
17

24
38

9
6

46
48

K
ar

ta
l

1
65

40
,8

99
65

1
29

,1
93

64
9

-3
0,

18
44

63
,7

34
-5

,5
96

9
7,

94
94

-2
3,

76
78

8,
58

74
75

78
73

72
3

11
86

2
3,

16
10

18
77

13
32

55
Pe

nd
ik

1
39

40
,8

79
32

6
29

,2
58

13
5

-2
5,

86
61

37
,8

71
8

-2
2,

28
55

11
,2

69
1

-1
9,

51
09

7,
56

83
56

19
10

72
6

5
40

58
3,

42
11

51
30

9
38

53
Tu

zl
a

1
10

8
40

,8
42

29
,2

95
-1

4,
49

45
0,

50
14

-7
,9

24
8

11
,6

45
2

-1
3,

46
31

7,
72

64
62

67
30

45
1

21
71

3,
33

51
20

7
8

38
54

Şi
le

1
29

41
,1

76
38

89
29

,6
12

77
78

20
,1

28
6

43
,2

65
-2

9,
98

98
56

,5
62

8
6,

65
62

4,
16

02
45

65
60

9
0

48
2,

66
54

93
25

27
48




