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Performance assessment of interpolation techniques for
investigation Covid-19 spread in Turkiye
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Abstract: Throughout history, viruses have posed significant threats to human life and health. In the context of the historical pandemics,
Covid-19, rapidly spread across continents and was declared a pandemic by the World Health Organization on 11 March 2020. The first
case in Tiirkiye was detected on the same date. Understanding the spatial distribution of the Covid-19 is crucial for effective public health
planning and intervention. Geographic Information Systems (GIS) technology can be leveraged as a visualization aid to map the
geographical distribution of the disease, the potential risk factors, and the resources available for treatment and prevention. To effectively
map and analyze the spatial distributions, and local/global dynamics of the Covid-19 virus, various G1S-based interpolation methods were
employed. To understand these dynamics, this study presents a detailed spatial analysis using interpolation methods to evaluate
spatiotemporal changes on seasonal levels in the Covid-19 pandemic in Tiirkiye. Seasons investigated in a 1-year period were determined
as follows: Spring, from 20 March 2021 to 18 June 2021; Summer, from 19 June 2021 to 17 September 2021; Autumn, from 18 September
2021 to 17 December 2021; and Winter, 18 December 2021 to 18 March 2022. Seasonal case distribution maps produced from city-level
and district-level seasonal case data utilizing Inverse Distance Weighting (IDW), Radial Basis Function, Spline interpolation, and
Empirical Bayesian Kriging (EBK) interpolation methods. Finally, the spread of Covid-19 in Tiirkiye was investigated on the seasonal
scale, and interpolation results were assessed by standard deviation, mean absolute error, and root mean square error. The results of this
study demonstrated that the period of highest incidence of cases of Covid-19 in Tiirkive was winter. Overall, when considering error
metrics, EBK and IDW generally proved to be the most reliable methods across different scales and conditions. In contrast, Spline
interpolation’s tendency to overfit the data made it less suitable for these datasets.
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Tirkiye’de Covid-19 yayiliminin arastiriimasinda enterpolasyon tekniklerinin performans
degerlendirmesi

Oz: viriisler, tarih boyunca insan yasami ve saglhgu icin onemli tehditler olusturmustur. Tarihsel pandemiler baglaminda Covid-19, kitalar
arasimda hizla yayimis ve 11 Mart 2020 tarihinde Diinya Saglik Orgiitii tarafindan pandemi olarak ilan edilmistir. Tiirkiye ‘deki ilk vaka
da aym tarihte tespit edilmistir. Covid-19 un mekansal dagilimimin anlasilmasi, etkili halk saghgi planlamast ve miidahalesi icin ¢ok
onemlidir. Cografi Bilgi Sistemleri (CBS) teknolojisi, hastaligin cografi dagilimini, potansiyel risk faktorlerini tedavi ve énleme i¢in mevcut
kaynaklarin haritalanmast igin bir gorsellestirme araci olarak kullanilabilmektedir. Covid-19 viriisiiniin mekansal dagilimlarmin ve
verel/kiiresel dinamiklerinin etkin bir sekilde haritalanmasi ve analiz edilmesi icin ¢esitli CBS tabanli enterpolasyon yontemleri
kullamilmaktadir. Bu dinamiklerin anlasilabilmesi i¢in bu ¢alisma, Tiirkiye'deki Covid-19 pandemisindeki mekdnsal-zamansal
degisikliklerinin degerlendirilmesi iizerine enterpolasyon ydntemlerini kullanarak mevsimsel diizeyde ayrintili bir mekdnsal analiz
sunmaktadir. Bir yillik donemde incelenen mevsimler: Ilkbahar, 20 Mart 2021 - 18 Haziran 2021 tarihleri arasi; Yaz, 19 Haziran 2021 -
17 Eyliil 2021 tarihleri arasi; Sonbahar, 18 Eyliil 2021 - 17 Aralik 2021 arasi; ve Kis, 18 Araltk 2021 - 18 Mart 2022 tarihleri aras: olarak
belirlenmistir. Mevsimsel dagilim haritalari, Ters Mesafe Agwrliklandirma (IDW), Radyal Temelli Fonksiyon, Spline enterpolasyonu ve
Ampirik Bayesian Kriging (EBK) enterpolasyon yontemleri kullanilarak sehir ve ilce diizeyinde mevsimsel vaka verilerinden iiretilmistir.
Son olarak, Covid-19 ‘un Tiirkiye deki yayilimi mevsimsel olgekte incelenmis ve enterpolasyon sonuglart standart sapma, ortalama mutlak
hata ve kiok ortalama kare hatast ile degerlendirilmistir. Bu ¢alismanin sonuglari, Tiirkiye 'de Covid-19 vakalarimin en sik goriildiigii
dénemin kis mevsimi oldugunu gostermistir. Genel olarak, hata él¢iitleri dikkate alindiginda, EBK ve IDW 'nin farkli dlgekler ve kosullar
arasinda en giivenilir yontemler oldugu kanitlanmigtir. Buna karsilik, Spline in verilere asirt uyum saglama egilimi, onu bu veri kiimeleri
icin daha az uygun hale getirmistir.

Anahtar Sozciikler: Covid, Pandemi, Veri gorsellestirme, Mekansal enterpolasyon, Performans degerlendirmesi
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1. Introduction

Throughout history, viruses have posed significant threats to human life and health. From the Spanish Flu of 1918 to the
more recent HIN1 pandemic, viral outbreaks have repeatedly demonstrated their potential for widespread morbidity and
mortality (Johnson & Mueller, 2002; Taubenberger & Morens, 2006). The global incidence of outbreaks, defined as both
pandemics and epidemics, has been considerable throughout history. While epidemics affect a substantial proportion of
individuals within a given society, pandemics, in contrast to epidemics, have a significant impact on economic and social

order across a wider geographical area (Jedwab et al., 2021).

In the context of historical pandemics, the current SARS-CoV-2 (Covid-19) virus-induced pandemic represents a modern-
day crisis with an unforeseen global impact. In late December 2019, the initial cases of the novel coronavirus were identified
in Wuhan, China, presenting with atypical pneumonia (Zhu et al., 2020). The initial situation report prepared by the World
Health Organization (WHO) indicated that, as of the 20™ of January 2020, there had been a total of 282 confirmed cases of
the disease. Of these, 278 were in China, 2 were in Thailand, 1 was in Japan and 1 was in Korea. Subsequently, the virus
spread rapidly across Asia, Europe, America and Africa, leading to its declaration as a pandemic by the WHO on 11 March
2020. On the same date, the first case of Covid-19 was detected in Tiirkiye and subsequently announced by the Minister of
Health, Fahrettin Koca (URL-1). On 5 May 2023, the WHO announced that the status of the Covid-19 pandemic had been
revised from a public health emergency of international importance to a pandemic due to the ongoing infectiousness and
disease (URL-2). The rapid spread and high transmissibility of Covid-19 have underscored the critical need for effective

public health strategies and interventions.

The trajectory of the pandemic in Tiirkiye mirrored global trends, with waves of infections prompting a series of public health
interventions, including lockdowns, travel restrictions, and vaccination campaigns (URL-3). The impact on Tirkiye’s
healthcare system and economy has been profound, highlighting the importance of understanding the spatial and temporal

dynamics of the virus.

Understanding the spatial distribution of the virus is crucial for effective public health planning and intervention. At this
point, Geographic Information System (GIS) has proven invaluable in mapping and analyzing the spatial spread of infectious
diseases, offering insights that are critical for targeted responses. For instance, GIS technology can be leveraged as a
visualization aid to map the geographical distribution of the disease, the potential risk factors, and the resources available for

treatment and prevention (Jia et al., 2023; Kang et al., 2020; Kumar et al., 2020; Murugesan et al., 2020).

A variety of GIS applications, including interpolation methods, have been employed to enhance comprehension of the spatial
distribution and local and global dynamics of the Covid-19 disease (Franch-Pardo et al., 2020). Ibarra-Bonilla et al. (2023)
used the Inverse Distance Weighting (IDW) method to analyze the spatial distribution Covid-19 cases and deaths in the state
of Chihuahua, Mexico, from Winter 2019-2020 to Fall 2021. The study emphasized the significance of human mobility and
socio-economic elements in the propagation of the disease and concluded that the IDW method was a valuable tool for
elucidating the spatial dissemination of the virus and could potentially contribute to its management. Murugesan et al. (2020),
employed the use of IDW interpolation to predict the spread of the novel coronavirus (Covid-19) in India. This approach
allowed for the identification of high-risk areas, providing valuable information for government monitoring and response
strategies. The study’s findings suggest that IDW interpolation is an effective method for predicting the spread of the disease
in India. Furthermore, the study proposes that this method can be applied to other countries with similar distance and density

characteristics. Cong Nhut (2023) compares the Kriging methodology with traditional techniques for predicting the number
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of deaths resulting from Covid-19 in Vietnam. The findings demonstrate that the Kriging approach results in a smaller forecast

error and is therefore a suitable method for developing a predictive model.

Despite the extensive literature on Covid-19, there is a notable absence of studies focusing on the geographic distribution of
cases, particularly in Tiirkiye. Some studies have focused on the relationship between vehicle traffic and air quality during
the pandemic in Tirkiye (Alemdar et al., 2021; Bugdayci et al., 2023; Kotan & Erener, 2023). Kirlangicoglu (2022)
investigated the impact of regional characteristics on the spatial distribution of the pandemic in Tiirkiye. The study employed
the use of IDW interpolation and multiple linear regression analysis to examine the relationship between provincial incidence

rates and 18 explanatory variables.

Although there are studies in the literature comparing interpolation methods (lkechukwu et al., 2017; Li & Heap, 2008), there
is a gap in the existing literature regarding the investigation of the performance of interpolation methods utilizing data
regarding Covid-19. This is particularly regarding the visualization of the spatial distribution of the virus, which has not been
adequately addressed in previous studies. This study aims to evaluate the performance of the selected interpolation methods
regarding the spatial distribution of Covid-19 in Tirkiye. For this purpose, the city-level data on the number of cases of
Covid-19 in Tiirkiye was employed to derive interpolated maps. To assess the impact of the pandemic, the data were arranged
on a seasonal timescale, and a district-level dataset was produced by weighting the population of each district. Both city-level
and district-level data were randomly divided as 90% for interpolation models and 10% for the accuracy assessment of the
interpolation. Interpolated maps produced from city-level and district-level seasonal case data utilizing IDW, Radial Basis
Function (RBF), Spline interpolation, and Empirical Bayesian Kriging (EBK) interpolation methods. Finally, the spread of
Covid-19 in Tiirkiye was investigated on the seasonal scale, and interpolation results were assessed by standard deviation

(SD), mean absolute error (MAE), and root mean square error (RMSE).

2. Methodology

The analyses in this study are implemented as follows: first, the data sets were collected and organized, statistical quantities
were calculated, and interpolation methods were applied to the data sets. Finally, accuracy was assessed by statistical results,

and the spread of the pandemic was evaluated.

2.1 Study Area

This study has been realized using the seasonal coronavirus case numbers in Tiirkiye. The study area, Tiirkiye, is located at
the intersection of two continents, centered on the Anatolian peninsula in Western Asia and within a minor portion of

Southeast Europe. Tiirkiye comprises 81 cities, and 922 districts.

The data set comprised 90% of cities and districts, which were randomly selected for use in the construction of interpolated
maps. The remaining 10% of cities and districts were reserved for the purpose of map control. In other words, the accuracy
of the interpolated maps was assessed using 92 districts and 8 cities. Figure 1 provides a visual representation of the

geographical scope of the study, illustrating the borders of cities and districts and the cities and districts utilized as a control.

2.2 Materials and Methods

The Covid-19 case number data in this study were provided by the Turcovid19 (https://turcovid19.com) open data platform.
The Turcovid19 platform presents Tiirkiye’s Covid-19 pandemic data in xIs and csv file extensions, ready for analysis (Ugar

et al., 2020). The Python programming language was used to organize and analyze the data for this investigation. The
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spatiotemporal studies were performed using the ArcGIS Pro 3.3.1 software.
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Figure 1: Map of the study area, Tlirkiye

Country-level data is available from the first case of Covid-19 in Tiirkiye, which was announced by the Turkish Ministry of
Health on March 11, 2020, to May 31, 2022, on the Turcovid19 platform. In addition, city-level data is available as the
number of cases per 100 000 people per week between February 8, 2021, and March 25, 2022. To examine the study on a
seasonal scale, approximated equinox dates were determined as the start dates of the season. Consequently, the study
encompasses one year following the onset of the pandemic in Tiirkiye, encompassing the dates between March 20, 2021, and
March 18, 2022.

Figure 2 presents the weekly new cases and cumulative cases of the Covid-19 outbreak in Tiirkiye between March 20, 2021,
and March 18, 2022. The study revealed that the cumulative number of cases, 3 149 094 at the beginning, reached 14 663
508 by the end of the one-year study period. Upon examination of the number of new cases on the graph, it becomes apparent
that there is a discernible pattern of peaks in the increase in the number of cases. The maximum weekly number of new cases
was observed between January 29, 2022 - February 4, 2022, with 708 159 new cases detected. In contrast, the minimum

weekly number of new cases was observed in the week of July 3, 2021 - July 9, 2021, with 34 933 new cases detected.

The analyzed seasons comprise equal time intervals, each of which is 13 weeks long, equivalent to 91 days. Table 1 presents

the temporal intervals demarcating the seasons investigated in this research.
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Covid-19 in Tiirkiye: Cumulative and Weekly New Cases
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Figure 2: Weekly new case and cumulative case numbers of the Covid-19 outbreak in Tiirkiye (March 20, 2021- March 18, 2022)

Table 1: Time intervals of the seasons analyzed

#  Season Time interval Weeks  Days
1 Spring 20 March 2021 — 18 June 2021 13 91
2 Summer 19 June 2021 — 17 September 2021 13 91
3 Autumn 18 September 2021 — 17 December 2021 13 91
4 Winter 18 December 2021 — 18 March 2022 13 91
Overall 52 364

The seasonal and cumulative case numbers of the Covid-19 outbreak in Tirkiye from March 20, 2021, to March 18, 2022,
are presented in Figure 3. The graph demonstrates the cumulative and seasonal incidence of novel coronavirus infections in
Tiirkiye. The cumulative number of cases, represented by the red line, exhibits a consistent increase from approximately 5
million at the end of the spring season to nearly 15 million during the winter months. The green bars illustrate the seasonal
total number of new cases. In the one-year data analyzed in this study, the proportion of new cases recorded in spring was
20.4%, which decreased to 12.3% in summer and then increased slightly to 20% in autumn. The highest proportion, 47.3%,
was observed in winter. This seasonal distribution indicates a substantial increase in new cases during the winter months,

contributing significantly to the cumulative increase.

Covid-19 in Tiirkiye: Cumulative and Seasonal New Cases

15.000.000

~@®— Cumulative Cases
12.500.000 | M Scasonal New Cases

10.000.000 -
7.500.000 +

5.000.000 A

Number of Cases

2.500.000 -

0 -

Spring Summer Autumn Winter
Season

Figure 3: Seasonal case and cumulative case numbers of the Covid-19 outbreak in Tiirkiye (March 20, 2021- March 18, 2022)

Population data for Tiirkiye was collected from the Turkish Statistical Institute (TurkStat) at the city and district levels.
According to the data, the country-level population is 84 680 273 in 2021 and 85 279 553 in 2022. The maximum population
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lives in Istanbul, and the minimum population lives in Ardahan both in 2021 and 2022. While Istanbul’s population is 15 840
900 in 2021, it is increasing to 15 907 951 in 2022. Ardahan’s population is 39 130 in 2021, slightly changed in 2022 as it is
39 123. City populations are illustrated in Figure 4 in alphabetical order.
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Figure 4: Population Statistics of Turkish Cities (2021-2022)

The average district population in Tiirkiye is 87 030 in 2021 and 87 646 in 2022. The lowest population is recorded in Konya,
Yalthiiyiik as 1532 and 1710 in the years 2021 and 2022, respectively. In addition, the highest population is recorded in
Istanbul, Esenyurt as 977 489 and 983 571, in the years 2021 and 2022, respectively.

The number of Covid-19 cases at the district level was not recorded by the authorities. Therefore, assuming it changes directly
to the district population data, the seasonal number of Covid-19 cases was calculated at the district-level from city-level data

by weighting it according to the population data.

Based on the seasonal Covid-19 case data at the city and district level and population data size, it is inconvenient to illustrate
as a graph. Consequently, GIS tools are beneficial for analyzing spatial data, improving decision-making processes, and
enhancing mapping and geographic analysis efficiency and accuracy. Additionally, interpolation techniques are invaluable
in this context. These methods allow estimating Covid-19 case numbers in areas where data might be sparse or unavailable
by using known data points to predict unknown values. Interpolation techniques can provide a more detailed and continuous
surface of infection rates, helping public health officials identify potential hotspots, allocate resources more effectively, and
implement targeted interventions. By leveraging these interpolation methods within GIS platforms, deeper insights are

gained, and more precise spatial representations of the pandemic’s impact are created.

In this study, seasonal changes in the spreading of Covid-19 are evaluated using IDW, RBF, Spline interpolation, and EBK
interpolation techniques for city-level and district-level data. Employing multiple interpolation methods aims to assess their
comparative effectiveness in accurately modeling the spatial distribution of Covid-19 cases across different geographic
scales. Each interpolation method has unique characteristics and assumptions that can influence the results. For instance,
IDW emphasizes closer data points more heavily, making it useful for areas with dense data. RBF can model smooth

variations over space, while Spline interpolation can capture local trends and variations. EBK considers spatial
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autocorrelation and can provide statistically optimal predictions (Ikechukwu et al., 2017). By applying a range of techniques,
it is aimed to identify the most suitable methods for different scales of analysis and data distributions, thereby enhancing the
robustness and reliability of our spatial analysis. This comprehensive approach allows for a better understanding of the

seasonal patterns of Covid-19 and supports more targeted and effective public health interventions at city and district levels.

Table 2: Exposure risk classifications are according to seasonal Covid-19 case numbers at city and district levels

Number of seasonal Covid-19 cases (100.000)

# Exposure risk
City-level District-level

1 <750 <400 Very Low

2 <1500 <800 Low

3 <2250 <1200 Medium-Low

4 <3000 <1600 Medium

5 <3750 <2000 Medium-High

6 <4500 <2400 Moderate

7 <5250 <2800 Moderate-High

8 <6000 <3200 High

9 <6750 <3600 Very High

Seasonal Covid-19 cases data at the city and district level were organized as point data centered on the city and district
locations. Then the raster data produced due to interpolation techniques were classified according to the determined statistical

quantities proposed in Table 2.

The data distribution for each season was considered in determining the threshold values presented in Table 2. The data sets
at the City and District levels were evaluated separately for this purpose. The average range was calculated using the range
values (Table 3) of the seasonally separated data sets. The average range was then divided by nine, as the visualization will
employ nine classes. The values were rounded to multiples of 250 for the city level and multiples of 100 for the district level

to establish the threshold values.

The interpolated maps were evaluated through a comparison with the data allocated for control purposes. The seasonal data
on cases of coronavirus disease 2019 (Covid-19) in provinces and districts determined for control purposes were compared

with the values obtained by interpolations. The SD, MAE and RMSE were calculated.

3. Results and Discussion

In this study, interpolation methods were applied to evaluate spatiotemporal changes in the Covid-19 pandemic in Tiirkiye.
Investigated seasons in 1 year period determined as follows: Spring, from 20 March 2021 to 18 June 2021; Summer, from 19
June 2021 to 17 September 2021; Autumn, from 18 September 2021 to 17 December 2021; and Winter, 18 December 2021
to 18 March 2022. The separation of these seasonal periods was conducted to capture variations in the number of cases in
different periods, which can be influenced by factors such as weather, social behavior and public health interventions.
Similarly, the objective of seasonal evaluation of Covid-19 data is also addressed by Ibarra-Bonilla (2023). All interpolation
methods were applied using by seasonal number of Covid-19 cases per 100 000 people data on both city-level and district-

level.
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Table 3: Descriptive statistics of Covid-19 seasonal number of cases data

Level Season Average Median Minimum Maximum Range
City Summer 2410.8 24254 410.2 5034.4 4624.2
City Spring 1818.4 1687.6 411.2 4839.7 4428.5
City Autumn 2753.2 26294 284.9 5394.8 5110.0
City Winter 5497.0 5692.7 542.6 10723.1 10180.5
District Summer 200.7 86.9 1.7 2527.8 2526.1
District Spring 151.4 58.1 0.7 2545.2 2544.5
District Autumn 229.2 87.8 0.8 3137.7 3136.9
District Winter 457.6 191.8 1.6 5548.1 5546.6

Table 3 represents the descriptive statistical results of the data set used in this study. When one year of data was analyzed, it
was already determined that most of the cases occurred in the winter season. Following the winter season, the distribution of
the number of Covid-19 cases orders as spring, autumn, and summer, respectively. The observed increase in cases during the
winter season can be attributed to the fact that cold weather conditions lead to an increased spread of respiratory tract
infections. This increase is corroborated by McClymont and Hu (2021), who suggest that temperature is an important factor

in the transmission of Covid-19.

Firstly, the IDW interpolation method was employed to process the city-level seasonal Covid-19 data for each season. The
maps were reclassified according to the specified threshold values, thus providing a more straightforward interpretation. The

maps produced with the IDW method and subsequently reclassified are presented in Figure 5.
Inverse Distance Weighted Interpolation - City Level

a) Spring b) Summer

¢) Autumn

0 240 480 960

Legend

Figure 5: Covid-19 city-level seasonal number of cases distribution maps using IDW method: a) Spring, b) Summer, ¢) Autumn, d) Winter
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The RBF interpolation method was applied to the city-level seasonal data set for each season relating to the incidence of
Covid-19. The maps were reclassified according to the specified threshold values, thus enabling a more straightforward

interpretation of the data. The maps produced with the RBF method and subsequently reclassified are presented in Figure 6.
Radial Basis Function Interpolation - City Level

a) Spring b) Summer

¢) Autumn d) Winter

km

% 0 240 480 960 1.440

Figure 6: Covid-19 city-level seasonal number of cases distribution maps using RBF method: a) Spring, b) Summer, c) Autumn, d) Winter

The Spline interpolation method was utilized for the analysis of city-level seasonal data for Covid-19 for each season. All
maps were reclassified according to the specified threshold values, thus providing a more straightforward interpretation. The

maps produced with the Spline method and subsequently reclassified are presented in Figure 7.
Spline Interpolation - City Level

a) Spring b) Summer

%. km
! 0 240 480 960 1.440

Figure 7: Covid-19 city-level seasonal number of cases distribution maps using Spline interpolation method: a) Spring, b) Summer, ¢) Autumn,
d) Winter
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EBK interpolation method was applied to the city-level seasonal Covid-19 data for each season. All the maps were reclassified
by the specified threshold values for easier interpretation of maps. The produced with the EBK interpolation method and

reclassified maps are represented in Figure 8.
Empirical Bayesian Kriging Interpolation - Ciyt Level

a) Spring b) Summer

¢) Autumn d) Winter
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%I km
0 240 480 960 1.440

Figure 8: Covid-19 city-level seasonal number of cases distribution maps using EBK interpolation method: a) Spring, b) Summer, c) Autumn,
d) Winter

Interpolation techniques have been utilized to generate continuous surfaces across the country, employing data on the number
of cases of Covid-19 at the city level on a seasonal basis. This approach allows for the observation of geographical areas
affected by the disease throughout the country and is employed for the visualization of spatial variations in case distribution.
Notably, there was an increase in case densities during the winter and spring seasons in larger cities by area, such as Konya,

Ankara, Antalya, and Erzurum, as can be observed on the maps.

Similarly, district-level seasonal number of cases distribution maps for Covid-19 were produced at the district level by
performing the same interpolation methods to assess interpolation performance on different resolutions of the data.

Additionally, this approach has enabled the determination of which districts of cities are most influenced by the disease.

Figure 9 illustrates the mapping of districts where cases of Covid-19 are concentrated seasonally, as determined by the IDW
method. A comparison of city-level and district-level maps reveals that, while the concentration is more widespread at the

city level, at the district level, the density in cities covering larger areas, decreases under the distribution of population.

The RBF method employed in the production of the interpolation map of district-level Covid-19 data does not reveal a strong
concentration of cases in specific areas, as observed in Figure 10. Figure 11 illustrates the seasonal distribution of cases of
Covid-19 generated by Spline interpolation. As can be observed in the maps, the regions where cases are concentrated exhibit

a similar pattern to that observed with the IDW method.
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Inverse Distance Weighted Interpolation - District Level
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Figure 9: Covid-19 district-level seasonal number of cases distribution maps using IDW interpolation method: a) Spring, b) Summer, c) Autumn,
d) Winter

Radial Basis Function Interpolation - District Level

a) Spring b) Summer
¢) Autumn d) Winter
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Figure 10: Covid-19 district-level seasonal number of cases distribution maps using RBF interpolation method: a) Spring, b) Summer, ¢) Autumn,
d) Winter
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Figure 11: Covid-19 district-level seasonal number of cases distribution maps using Spline interpolation method: a) Spring, b) Summer, ¢) Autumn,
d) Winter

Empirical Bayesian Kriging Interpolation - District Level
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Figure 12: Covid-19 district-level seasonal number of cases distribution maps using EBK interpolation method: a) Spring, b) Summer, ¢) Autumn,
d) Winter

The maps generated with the EBK interpolation method, as illustrated in Figure 12, exhibit similarities to those produced
with the RBF interpolation model, as demonstrated in Figure 10. However, it is not possible to detect the presence of cases
of Covid-19 at the district level in maps created with either the RBF or EBK methods.
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Following the generation of the maps utilizing the presented interpolation techniques with seasonal case data for Covid-19,
the validation of the resulting maps was carried out. The estimated values, which are extracted from the raster map correspond
to 10% of the data in the dataset that was not employed in the model construction. Then estimated values and absolute values

from control data were compared, and statistical calculations were performed. The findings are presented in Table 4.

Table 4 presents the statistical accuracy assessment results for the interpolation methods applied to both city-level and district-
level seasonal Covid-19 case data. The evaluation metrics include the SD of absolute values, SD of estimated values, MAE,
and RMSE.

Table 4: Statical accuracy assessment results

Level Season Method  SD (Absolute)  SD (Estimated) MAE RMSE

City Spring IDW 782.8 714.0 458.1 646.4
City Summer IDW 639.1 562.0 660.7 8135
City Autumn IDW 1087.2 983.3 531.0 671.6
City Winter IDW 2028.7 2027.9 1438.9 1919.9
City Spring RBF 782.8 797.4 417.3 543.1
City Summer RBF 639.1 450.7 578.6 717.0
City Autumn RBF 1087.2 1043.1 522.1 655.5
City Winter RBF 2028.7 1779.7 1111.2 1238.2
City Spring Spline 782.8 1307.5 841.8 888.9
City Summer Spline 639.1 653.5 829.8 1009.6
City Autumn Spline 1087.2 1061.5 730.5 900.2
City Winter Spline 2028.7 2009.4 1598.1 1734.0
City Spring EBK 782.8 740.9 4449 569.1
City Summer EBK 639.1 413.0 542.9 671.1
City Autumn EBK 1087.2 1067.0 494.5 607.7
City Winter EBK 2028.7 1778.8 1206.6 1286.7
District Spring IDW 323.5 206.9 161.1 300.3
District ~ Summer IDW 314.9 155.1 121.9 278.6
District ~ Autumn IDW 355.0 266.4 192.4 366.9
District Winter IDW 785.7 526.0 375.8 701.5
District Spring RBF 3235 151.6 176.4 311.1
District ~ Summer RBF 314.9 1211 138.1 294.4
District ~ Autumn RBF 355.0 220.5 203.6 3719
District Winter RBF 785.7 384.6 408.8 738.7
District Spring Spline 3235 429.4 300.8 477.1
District ~ Summer Spline 314.9 322.9 216.8 364.3
District ~ Autumn Spline 355.0 549.4 360.0 581.9
District Winter Spline 785.7 1147.6 726.4 1131.9
District Spring EBK 3235 96.7 149.8 314.7
District ~ Summer EBK 314.9 73.7 118.6 296.6
District ~ Autumn EBK 354.9 164.7 167.4 361.3
District Winter EBK 785.7 269.8 352.9 736.9
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3.1 City-Level Analysis

The IDW method shows relatively high MAE and RMSE values across all seasons, particularly during the winter season.
This indicates that while IDW is effective in capturing local variations, it may struggle with accuracy in periods of high case
density, such as winter. The method’s performance is better during the spring and summer seasons, where case densities are
lower, resulting in more accurate interpolations. Similarly, Murugesan et al. (2020) employed the Kriging and IDW methods
to visualize the state-wise spatial distribution of the disease at the early stages of the pandemic in India, when the number of
cases was low, and the density was relatively sparse. In this study, the authors demonstrated the efficacy of the IDW method

in detecting and predicting potential disease risk.

RBF interpolation generally provides lower MAE and RMSE values compared to IDW, especially during the winter season.
This suggests that RBF is more capable of smoothing spatial variations, making it a better choice when the data exhibits a

strong gradient, as seen in the winter.

The Spline method consistently shows higher error metrics, particularly during the winter season, where both MAE and
RMSE values are the highest among the interpolation methods. This result suggests that the Spline method may overfit the

data, leading to less reliable predictions in cases of extreme variations.

EBK consistently outperforms the other methods, especially in the winter season, where it has the lowest MAE and RMSE
values. This indicates that EBK’s ability to account for spatial autocorrelation results in more accurate predictions, making it
the most reliable method among those tested for high-density data scenarios.

3.2 District-Level Analysis

The IDW method produced the lowest MAE and RMSE values across all seasons at the district level. This indicates that IDW
is highly effective for capturing local variations in data with lower spatial variability. Even during the winter season, where
case variability tends to be higher, IDW outperformed the other methods with lower error values. This suggests that IDW is

particularly well-suited for this scale and data set.

The RBF method yielded slightly higher MAE and RMSE values compared to IDW. However, it performed comparably well
during the spring and summer seasons, producing results close to those of IDW. This suggests that RBF is a reliable method

during seasons with less spatial variability, although it may not be as effective as IDW in more variable conditions.

The Spline method consistently showed the highest MAE and RMSE values across all seasons, particularly during the winter.
This result indicates that the Spline method may be prone to overfitting, leading to less reliable predictions, especially in data

sets with high spatial variability.

EBK produced the second-lowest error metrics, following IDW. While it performed well, particularly in the winter season,
its MAE and RMSE values were slightly higher than those of IDW. This suggests that while EBK is a strong method, it may

not be as well-suited as IDW for this specific district-level data set.

The analysis of interpolation methods across both city and district levels reveals distinct advantages and limitations for each
approach. At the city level, EBK emerges as the most reliable method, particularly during periods of high case density, such
as the winter season, due to its ability to effectively account for spatial autocorrelation. RBF also performs well, especially
in the winter, showing a capacity for smoothing spatial variations. In contrast, IDW shows strong performance during periods

of lower-case densities (spring and summer) but struggles with higher densities. The Spline method, however, exhibits the
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highest errors, indicating potential overfitting and reduced reliability, particularly during extreme case variations. At the
district level, IDW consistently outperforms other methods, demonstrating its effectiveness in handling data with lower
spatial variability. Although EBK and RBF also perform well, IDW’s lower MAE and RMSE values suggest that it is the
most suitable method for district-level analysis. The Spline method again shows the highest error rates, underscoring its
limitations in handling data with varying spatial characteristics. Overall, while EBK and IDW are generally the most reliable

methods across different scales and conditions, Spline’s tendency to overfit makes it less appropriate for these datasets.

4. Conclusion

The results of this study demonstrated that the period of highest incidence of cases of Covid-19 in Tiirkiye was winter. This
finding is consistent with the prevalence of respiratory tract infections during the colder months. At the district level, the
population-weighted dataset displayed lower deviation values in comparison to the city level, indicating that more detailed
data leads to more accurate interpolation results. This study illustrated the efficacy of interpolation methods in identifying
high-risk areas on a seasonal basis and provided strategic guidance for public health interventions. The findings provide a
useful basis for understanding the spread of the pandemic and optimizing public health strategies. The data obtained can be
used to identify risk areas for future outbreaks in advance and to develop appropriate response plans. Finally, the accurate
modeling of spreading pandemics is of great importance for potential future pandemics, so that they may be understood,
surveilled, and prevented from spreading.
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