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ABSTRACT

ESTIMATING REGIONAL GDP PER CAPITA IN TURKIYE: INSIGHTS FROM
NIGHTTIME LIGHTS AND LANDUSE DYNAMICS

YUCEL, Berat
M.S., The Department of Economics
Supervisor: Prof. Dr. Erol TAYMAZ

January 2025, 66 pages

This study investigates nighttime light (NTL) data integrated with land use and
population dynamics to estimate regional GDP per capita in Tirkiye. Using high-
resolution satellite imagery and geospatial datasets, it analyzes the relationship
between economic activity and nighttime intensity at the provincial level from 2004
to 2020. The framework overlays NTL data with land use classifications—urban, rural,
and other—while incorporating grid-based population data. Results reveal a positive,
significant relationship between NTL intensity and GDP per capita in a convex
trajectory. Urban areas show stronger associations, reflecting industrial and service
sector dominance. Error analyses highlight regional disparities: highly urbanized
regions show relatively narrower error margins, whereas provinces in the Eastern part
of Tiirkiye show a more dispersed error distribution. Alternative indicators like lit pixel
counts and electricity consumption are assessed, with electricity consumption proving
the most robust proxy. NTL data remain valuable for regions with sparse economic
data. This research highlights geospatial data’s role in economic modeling while
noting limitations like data noise, endogeneity, and regional variations in light usage.
Future studies could refine these methods and explore sector-specific dynamics.
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Keywords: Nighttime Lights, GDP Estimation, Land Use, Geospatial Analysis,
Tiirkiye.
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TURKIYE’DE BOLGESEL KiSi BASINA GSYIH TAHMINI: GECE ISIKLARI
VE ARAZI KULLANIMI DINAMIKLERINDEN CIKARIMLAR

YUCEL, Berat
Yiiksek Lisans, Iktisat Boliimii

Tez Yoneticisi: Prof. Dr. Erol TAYMAZ

Ocak 2025, 66 sayfa

Bu calisma, Tiirkiye'de kisi basina diisen bolgesel GSYH'yi tahmin etmek i¢in arazi
kullanim1 ve niifus dinamikleri ile entegre edilmis gece 151tk (NTL) verilerini
incelemektedir. Yiksek ¢oziiniirliklii uydu goriintiileri ve jeo-uzamsal veri setleri
kullanilarak, 2004-2020 yillar1 arasinda il diizeyinde ekonomik faaliyet ve gece 15181
yogunlugu arasindaki iligki analiz edilmektedir. Calismanin ¢ergevesi, NTL verilerini
arazi kullanim siniflandirmalari (kentsel, kirsal ve diger) ile ortiistiirlirken, grid tabanlt
niifus verilerini de icermektedir. Sonuclar, NTL yogunlugu ile kisi basina diisen
GSYH arasinda digbiikey bir egri izleyen pozitif ve anlamli bir iligki oldugunu
gostermektedir. Kentsel alanlar, sanayi ve hizmet sektorlerinin baskinligini yansitarak
daha giiclii iliskiler sergilemektedir. Hata analizleri ise bolgesel farkliliklar1 ortaya
koymaktadir: Yiiksek oranda sehirlesmis bolgeler daha dar hata marjlar1 gosterirken,
Tiirkiye'nin dogusundaki iller daha genis ve dagmik hata marjlarina sahiptir.
Aydinlatilmis piksel sayilar1 ve elektrik tiiketimi gibi alternatif gostergeler
degerlendirilmis ve elektrik tiiketiminin en saglam vekil oldugu goriilmiistiir. Ancak,

NTL verileri, 6zellikle seyrek ekonomik verilere sahip bolgeler i¢in degerli olmaya
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devam etmektedir. Bu arastirma, veri giiriiltiisii, endojenlik ve 151k kullanimindaki
bolgesel farkliliklar gibi sinirlamalara dikkat ¢ekerken, cografi verilerin ekonomik
modellemedeki roliinii vurgulamaktadir. Gelecekteki ¢alismalar, bu yontemleri

gelistirebilir ve sektore 6zgii dinamikleri arastirabilir.

Anahtar Kelimeler: Gece Isiklari, GSYH Tahmini, Arazi Kullanimi, Jeo-uzamsal

Analiz, Tiirkiye

vil



To my Family

viil



ACKNOWLEDGMENTS

I am deeply grateful to my supervisor, Prof. Dr. Erol Taymaz, for his invaluable
guidance, wisdom, and unwavering support throughout this journey. I extend my
sincere thanks to committee members, Prof. Dr. Ebru Voyvoda and Prof. Dr. Burcu
Fazlioglu, for their insightful and constructive feedback, which significantly enhanced

the quality of this work.

My heartfelt gratitude goes to my parents, Sibel and Cemal, and my brother, Alper,
whose unwavering support, and belief in me have been my greatest source of strength
and inspiration. I am also deeply thankful to my uncle, Kemal Yaman, whose

cherished memory continues to motivate and guide me.

I would like to express my appreciation to TEPAV, where I have had the privilege of
working. I am especially grateful to Prof. Dr. Giiven Sak and Prof. Dr. Sibel Giiven
for their invaluable mentorship and for fostering an environment that contributed

significantly to my professional and academic growth.

I also thank my friends, Omer Taha, Volkan and Zeki, for their encouragement and

camaraderie during this journey.

I would like to extend my heartfelt thanks to Batuhan and Sercan for their invaluable
support and encouragement throughout this journey. I am also grateful to Ece for her
unwavering support and encouragement, which has been a source of motivation during

this process.

X



TABLE OF CONTENTS

PLAGIARISM ..ottt ettt ettt s aeente e es iii
ABSTRACT ...ttt ettt sttt et esteentesntesseenseenseeneenseenne e v
O Z et vi
DEDICATION ...ttt sttt sttt sttt ettt saee et enae e viii
ACKNOWLEDGMENTS. ..ottt ene e iX
TABLE OF CONTENTS ..ottt sttt s eneas X
LIST OF TABLES ...ttt sttt st xii
LIST OF FIGURES ... .ottt st Xiv
LIST OF ABBREVIATIONS .....oioiiieiteiesieet ettt XV
CHAPTERS
INTRODUCTION ... .ottt ettt st e nee s e nneenees 1
LITERATURE REVIEW .....oiiiiiiiiieiee ettt 5
METHODOLOGY ...ttt sttt s 9
3.1, The Linear Model ........cccooiiiiiiiiiiiieie ettt 10
3.2. The Quadratic Model.........cc.ooiiiiiiiiiieiiee e 10
3.3.  Models with Landuse Specifications............cceccveeriiieeniiieeniiieeniie e 11
DATA, VARIABLES AND DESCRIPTIVE STATISTICS ......c.ccoeiieieieeeeeeee 12
4.1 Official Datasetl........coovevueeiirieniieiecteieee sttt 12
4.2.  Nigttime Lights dataset: NPP-VIIRS-like NTL .......ccccoceiiiiniiiiiiiiienn 12
4.3, Landuse Dataset...........coeeruerierieriinienieeieniiesie ettt 14
4.4, Population Dataset...........cceevuieiiiiiiieiieeiieiie et 16
RESULTS .ottt ettt ettt ettt et e s bt et e et e seeebeentesaeenee 27
5.1.  Results of Base and Alternative Models..........ccccoeveeniiniiiniiiniiiniciiecee 27
5.2, Landuse Spesification..........ccccuieriieriiieiieiiieriieeie ettt ens 32



5.3, Regional DIifferences ........ccocvieriieiiieiieeiiienieeieeee et 35

CONCLUSION ..o, 38
REFERENCES........oomioiiieeeeee oo, 40
APPENDICES .....cooooiivoieeeeeeeeeeeeeee e, 44
A. TURKISH SUMMARY / TURKCE OZET ..o 55
B. THESIS PERMISSION FORM / TEZ iZIN FORMU.........cccocoviiveiireerereeeenn. 66

X1



Table 1:
Table 2:
Table 3:
Table 4:
Table 5:
Table 6:
Table 7:
Table 8:
Table 9:

Table 10:

Table 11

Table 12:

Table 13:

Table 14:

Table 15:

Table 16:

Table 17:

Table 18:

Table 19:

LIST OF TABLES

Correlation table of nighttime lights and TURKSTAT variables................ 19
Summary statistics for the nighttime lights and TURKSTAT variables .....24
Results for the base Models...........ooooieiiiiiiiiiiiiieee 28
Random-effects parameters for the base models ...........ccceeevvevierciiiiiiennnne 28
Results for the alternative models..........cccoeoevieiiriiinieniiineeeeee 30
Random-effects parameters for the alternative models............ccceevveeennee.. 31
Landuse model 1eSUILS........c.eeiuiiiiieiieeiiee e 32
Landuse combined model results............ccoooeerieierienienienieneeceeceeeee 32
Random — effects parameters for the landuse models..........c..ccceevvverrennenn. 33

Random — effects parameters for the landuse models (continued)............. 34
: Random coefficients base model results, including constant variable

dummy COCTIICIONTS ....ccvieiiiiiieiiicieeee e 44
Results of the random coefficients model with alternative variables,
including constant variable dummy coefficients ........c..cccceeceveeninicnnenne. 45
Random coefficients landuse model results, including constant variable
dummy COETICIENTS ....eevvieeiiieeiiieeiee et e 46
Random coefficients combined landuse model results, including constant
variable dummy COeffiCIents..........ccoeriiriiriiiiiiniccce 47
Results of fixed effect base and alternative models, including constant
variable dummy COEffiCIENtS.......ccueriiriiiiiiiiicicicee 48
Results of Fixed effect base and alternative models, including constant
variable dummy coefficients (continued) ..........ccceeeeeeeriiieeniie e, 49
Results of Fixed effect base and alternative models, including constant
variable dummy coefficients (continued) ...........cceeeueeriierieenieniiienieeieenee 50
Results of Fixed effect base and alternative models, including constant
variable dummy coefficients (continued) .........cccceeeeveeriieencieenie e, 51
Results of fixed effect landuse models, including constant variable dummy

COCTTICTIENES ... enn 52



Table 20: Results of fixed effect landuse models, including constant variable dummy

coefficients (continued)

Table 21: Results of fixed effect landuse models, including constant variable dummy

coefficients (continued)

xiil



Figure 1:
Figure 2:
Figure 3:
Figure 4:
Figure 5:
Figure 6:
Figure 7:
Figure 8:
Figure 9:

Figure 10:

Figure 11

Figure 12:
Figure 13:

Figure 14:

Figure 15:

Figure 16

Figure 17:
Figure 18:

LIST OF FIGURES

Nighttime lights of the World, 2020..........ccceoviieiiiniieieiieeieee e 2
Nighttime lights of Tiirkiye, 2012-2023 .......cccoieeiiieeieeeee e 3
Nighttime lights of Tiirkiye from different datasets, 2001-2023................ 13
Landuse map of TUIKIYE .......oooveiiiiiiiiieeiieie e 15
Grid based population of Istanbul, 2020...........cccevviieiiieniieiieieeieeeie e 17
Population of Tiirkiye, 2007-2020.......ccceerirriiaieeiieieeieee e 17
Landuse, population and nighttime lights............cccccoooiiiiiiiniiie, 18
Nighttime light intensity and GDP per capita, log, 2004-2020 .................. 20
Lit cell count per capita and GDP per capita, log, 2004-2020 ................... 21

Akkuyu Nuclear plant by nighttime lights............coooiiiiiiiiiiiniies 22
: Istanbul Airport by nighttime lights ..........cccoooiiiiiiiiii e 22

Electricity consumption per capita and GDP per capita, log, 2004-2020 23
Nighttime light intensity and population distribution by landuse types,

2020 ettt ettt et et h et et eseeeaeeneas 26
Urban nighttime light intensity per capita and GDP per capita, log, 2004-

2020 1ttt ettt e et et e e be e hae e bt e nneeenbeenaeaens 26

: Regional distribution of residuals, Quadratic NTL Model (2.2) .............. 36

RMSE of provinces, Quadratic NTL Model (2.2) .....cooeeviiniiiniiiiieens 36
Ratio of predicted GDP to actual GDP per capita by province (2004-2020

average), Quadratic NTL Model (2.2)......cccovuveeiiiiiiieeiieecieeeeiee e 37

Xiv



AIC

BIC
DMSP-OLS
FAO

GDP

HDF

IGBP

LCCS
MODIS
NTL

PWT
RMSE

TIF
TURKSTAT
UMD
VIIRS

LIST OF ABBREVIATIONS

Akaike Information Criteria

Bayesian Information Criteria

Defence Meteorological Satellite Program
Food and Agriculture Organization

Gross Domestic Product

Hierarchical Data Format

International Geosphere-Biosphere Program
Land Cover Classification System
Moderate Resolution Imaging Spectroradiometer
Nighttime lights

Penn World Tables

Root Mean Squared Error

Tagged Image File Format

Turkish Statistical Institute

University of Maryland

Visible Infrared Imaging Radiometer Suite

XV



CHAPTER 1

INTRODUCTION

Gross Domestic Product (GDP) is the core variable in economic analyses. It is one of
the most important variables used to measure the economic performance and living
standards of countries and regions. Nevertheless, there are some challanges in the way
of accurately measuring economic growth. Especially in developing countries, these
challenges can be serious. The inability to accurately estimate the informal economy,
inadequate data collection capabilities of countries and rapid price changes are among
the main reasons for these challenges. The possibility that GDP, which is the most
important variable showing the production power of countries, may not be measured
accurately due to these reasons can lead to the inability to accurately assess the
economic performance of countries and the inefficiency of the policies implemented

in the country.

The use of nighttime lights (NTL) data has emerged as a promising alternative for
measuring economic activity. Using nighttime lights for economic measurement and
forecasting is based on the idea that regions with high levels of development and high
incomes are able to consume and produce more and, as a reflection of this, emit more

artificial light into the sky at night.

This study aims to measure Tiirkiye's GDP per capita by province using high-
resolution nighttime lights data, and to investigate the dynamics of the GDP per capita

nighttime light per capita relationship for the Tiirkiye example.

The novelty of this study lies in its innovative approach to estimating economic
activity by integrating nighttime lights data, land-use classifications, and population
distributions. This is achieved by overlaying geospatial population data onto
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disaggregated nighttime lights data, segmented by land-use categories, providing a
more granular and insightful analysis of economic patterns. In the study, landuse types
are classified as urban, rural and other, and the differentiation in the relationship

between nighttime lights emitted from these regions and GDP per capita is examined.

B
:»/.,,u‘\kj,. A

Figure 1: Nighttime lights of the World, 2020
Source: Chen et al., 2021

Two main findings were obtained in this study. First, there is a positive relationship
between nighttime light intensity per capita and GDP per capita. This relationship
exhibits generally a convex trajectory, thus reflects an increasing elasticity in regions
with higher levels of light intensity. Furthermore, rural and urban areas exhibit distinct

patterns, with urban areas generally showing a stronger association.

According to the results, the distribution of estimation errors varies across regions,
with a narrower concentration observed in areas such as Istanbul, Western Marmara,
and Western Anatolia, while higher variability is noted in regions such as Northeastern

Anatolia, Central Eastern Anatolia, and Southeastern Anatolia.

The Root Mean Squared error (RMSE) generally decreases from east to west but
remains high in provinces like Zonguldak, Bartin, Karabiik, and Cankir1 in the Western
Black Sea region. In the Mediterranean Region, particularly in Antalya, estimation
errors increased due to the COVID-19 pandemic's impact on tourism. When the ratio

of estimated GDP per capita to official values is examined, the ratios are found to be
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high in eastern provinces such as Van, Agri, and Sanlurfa, while they are lower in

large cities and industrial centers in the west.

Digital Number
-H:gh:SOB.OS

Low:0
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Figure 2: Nighttime lights of Tiirkiye, 2012-2023
Source: Chen et al., 2021

As Hu and Yao (2019) state, it would be wrong to assume that there is a direct
relationship between nighttime lights and GDP. First of all, there is an endogeneity
problem in the relationship between these two variables. Nighttime lights can be a
predictor of GDP, just as GDP can be a predictor of nighttime lights. Moreover, light
usage habits may vary from region to region and from culture to culture. This can
complicate the relationship between these two variables. Finally, not all economic
developments in regions may be reflected positively or negatively on nighttime lights.

Furthermore, nighttime light analyses are not a substitution for GDP and, as with GDP,

3



there are various shortcomings and limitations in this method. For example, errors in
satellite data, miscalculations, and atmospheric conditions affecting nighttime light
intensity may limit the reliability of this method. Such methods can only be used for

supplementary or complementary analysis to GDP.

In the rest of the study, Chapter 2 presents the literature review. Chapter 3 explains the
methodology of the study, Chapter 4 presents descriptive statistics and descriptions of
the data used in the study. Finally, explanations of the results are presented in Chapter

5 and conclusion is given in Chapter 6.



CHAPTER 2

LITERATURE REVIEW

Geospatial data are used in economics to understand the relationship between spatial
dynamics and economic activity. By examining spatial data such as satellite imagery,
landuse or a variety of other datasets, researchers have studied regional development,
urbanization, measuring inequality and, as in this study, GDP estimation. The ability
to model and visualize economic processes and outputs makes geospatial datasets

important in economic studies.

Recoding images of the Earth's surface were first publicly archived in 1973 and it was
not until 1978 that Croft (1978) conducted a study using these data for the first time.
It was only after the Defense Meteorological Satellite Program Operational Linescan
System (DMSP-OLS!) nighttime light data became available in 1992 that studies using
nighttime light data gained momentum. In 2002, the first paper using nighttime lights
was published in an economics journal. The article found that GDP is correlated with
the total light emission of countries (Sutton and Costanza, 2002; Gibson, Olivia, and

Boe-Gibson, 2020).

The use of geospatial data in the social sciences, and especially in economics, can be
useful in analyzing informal economies estimated by traditional methods. Ghosh et al.
(2009) worked measuring Mexico's informal economy by the regression parameters
of the United States calculated by DMSP nighttime light dataset, by assuming United
States has a stronger and more reliable statistical capability, and observed that the
informal economy and remittances in Mexico are 150% higher than the official

estimates.

L DMSP-OLS is referred as DMSP hereafter.



In his work Elvidge et al. (2013) argues that Visible Infrared Imaging Radiometer
Suite (VIIRS) is superior to DMSP data for the nighttime lights as it performs better
in resolution, dynamic range, quantization and calibration. Mathen et al. (2024) in their
study on economic activity and regional inequality in India using DMSP and VIIRS
nighttime light data, reported that utilizing VIIRS dataset yields more accurate results
than utilizing DMSP dataset due to former one’s higher resolution and relatively lower

computational error capabilities.

Nighttime light data of DMSP (1992-2013) and VIIRS, after 2012, are inconsistent
due to the differences in satellite systems. Therefore, some efforts have been made to
combine these two to enhance the temporal coverage of nighttime light data. Li et al.
(2020) combined DMSP and VIIRS data to create a harmonized nighttime light dataset
at 1km resolution. Chen et al (2021) developed a high-resolution dataset using DMSP
and VIIRS data using deep learning methods. This dataset developed by Chen et al. is

also used in this study.

In 2012, Henderson et al. (2012), the most cited study in this partly new literature, uses
the example of the quality grading of countries' income in the Penn World Tables
(PWT) datasets to address the problem of inaccurate measurements of GDP espicially
in low income countries. In the study, they developed a method to produce an adjusted
GDP series by weighting the results obtained using official statistics, nighttime lights
data and statistical quality rankings of the countries, provided by the IMF and World
Bank. Bickenbach et al. (2013) analyzed regional GDP across Brazil, India, the United
States and Western Europe using nighttime lights. However, they found that the
elasticity between nighttime lights and GDP is unstable and that nighttime lights are

often an unreliable proxy for subnational economic activity.

The method developed by Henderson et al. (2012) has also been applied in other

studies in GDP per capita (Hu and Yao, 2019) and GDP growth adjustments (Beyer,

Hu, and Yao, 2022). In their 2022 study, they found that the correlation between

quarterly nighttime light growth and GDP growth in Emerging Market and Developing

Economies is higher than in advanced economies. Furthermore, the study of Hu and

Yao (2019) showed that the elasticities of nighttime lights with respect to GDP have a
6



quadratic relationship. It is important to note that in the same study, they emphasized
that although countries in Africa are growing rapidly, their economic growth is not
reflected in nighttime lights as expected because they have low income levels and

limited access to electricity.

Nighttime lights are also widely used in the literature to examine the effects of
disasters and the COVID 19 pandemic. Lin and Rybnikova (2023) examined the
impact of the COVID-19 pandemic on the relationship between nighttime light and
GDP at the subnational level, and stated that the relationship weakened during th
COVID-19 period, however the shock-induced effects of the relationship can be
corrected with appropriate adjustments, and emphasized that the reliability of
nighttime lights as a proxy may fall during such unusual periods. Elliott et al. (2015)
conducted a disaster impact analysis in coastal areas of China using historical typhoon
track and nighttime light data. They calculated that total economic output decreases

by 20% in a scenario where total property is damaged by 50%.

Many regional estimation studies have been conducted using nighttime lights and the
efficiency of these estimates is widely discussed. Chen and Nordhaus (2019) examined
the performance of the VIIRS nighttime light dataset in GDP estimation at the state
and metropolitan level in the US and stated that cross-sectional GDP estimates are
more accurate than GDP growth estimates. Also they stated that the relationship
between GDP and nighttime lights is stronger in urban areas (metropolitan areas).
Similarly, Zhang and Gibson (2022) concluded in their study at the county level that
nighttime lights are effective in estimating cross-sectional GDP, but have limited

accuracy in estimating the temporal movements.

McCord and Rodriguez-Heredia (2022) estimated Paraguay's subnational level GDP
using nighttime lights and suggested that nighttime light estimation may be useful,
especially where there is a lack of detailed data collection. Ehsan et al. (2024)
developed a methodology to predict district-level GDP for Bangladesh's 64 districts
from 1992 to 2020 using nighttime light data, building on Henderson et al.'s (2012)
approach. They differentiated between productive nighttime light emissions for
agricultural, industrial, and service sectors to refine GDP estimates at the district level.

7



Finally, Chen et al. (2024) constructed pooled-OLS, between and within estimator
models using landuse and sectoral GDP breakdowns for Tiirkiye. They find that the
highest GDP-nighttime light intensity elasticity is in the industrial sector (1.14%),

indicating that industrial economic activities are better captured by nighttime lights.



CHAPTER 3

METHODOLOGY

The study is based on the approach that nighttime lights are an indicator for the
economic development of a region and the theoretical framework is centered on
interpreting the economic relationship through nighttime light data derived from high-
resolution satellite imagery and it attempts to develop a tool to estimate province-based

GDP in Tiirkiye using nighttime light data.

The models are constructed using a random coefficients specification, allowing for the
relationship between variables to vary across units, capturing heterogeneity with

limited number of parameters.? The general form of the model is expressed as:

Yie = (Bo+ boi) + (B1 + bii)xit + (B2 + bai)xzi + &t (1.1)

where 5y, [1, [ represent the fixed (average) coefficients, while by;, by;, b,; denote
the random deviations that vary across units. These random effects are assumed to
follow normal distributions with zero mean and variances 7, 71, and 7, respectively.

The error term, &; +, accounts for idiosyncratic noise in the model.

In the standard random coefficients model, the random effects (by;), (b1;), (by;) are
assumed to be mutually independent, implying no correlation between the random

deviations in the intercept and slopes. Mathematically, this assumption is captured as:
cov(bji,bki) =0, Vj, ksuchthatj + k (1.2)

where j, k = 0,1, 2. This independence simplifies the covariance structure, ensuring

that heterogeneity in one coefficient does not influence the variability in others. In

2 For comparison, the results from the fixed effects models are provided in the appendices.
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contrast, the correlated random coefficients model allows for correlations between the

random effects. In this case:
cov(bjibyi) =%k, Vjksuchthatj#k (1.3)

where 7, represents the covariance between the random effects bj; and by;.

In all models below, lowercase notation represents the per capita form of the variables.
This flexibility when allowing for correlated coefficients provides a better
representation for the complex relationship, though at the cost of increased model

complexity.

3.1. The Linear Model

The linear models are constructed in logarithmic form to correct the effect of outliers

and to treat the coefficients obtained as elasticities. The basic equation is as follows:

ln(gdpl-,t) = a+ Bln(ntli,t) + v+ &g (2.1)

In the equation, i represents provinces and t denotes the year.  is the random
coefficients parameter for the linear term. gdp; . is the GDP per capita of province i
at time ¢, while ntl; ; is the nighttime light intensity per capita of province I at time ¢t.

«a is intercept, ¥ denotes the year specific fixed effect, and € is the error term.

3.2. The Quadratic Model

This model incorporates the quadratic form of nighttime light intensity per capita to
test and examine the characteristics of non-linear relationships between nighttime light
intensity per capita and GDP. This specification allows us to analyze whether the
relationship between nighttime lights and GDP follows an increasing or decreasing

quadratic pattern.
In(gdp;;) = a + Bln(ntl;,) + S(In(ntli))* + v + & (2.2)

where (In(ntl; ;))? is the square of the logarithm of per capita nighttime light intensity

and ¢ is the random coefficients parameter for the quadratic term.

10



3.3. Models with Landuse Specifications

Here unlike previous models, the relationship between rural and urban nighttime lights
and GDP is analyzed separately, since different economic activities take place in

different landuses and the effects of them on nighttime lights consequently differs.

ln(GDPl-,t) = a+ Z,Bkln(ntli,t,k) + v+ &g (2.3)
k

In(GDP,,) = a + Z Brln(ntly, ) + z Se(n(ntlic))? + e + £ir 2.4)
k k

The subscript k in equations (3) and (4) denotes the landuse type. Therefore, ntl; ; ;

is the per capita light intensity of province i in year t and by landuse type k.

In order to control for the variance of the regression error term, model parameters are

estimated using heteroscedasticity robust standard deviations.

The relationship between nighttime light intensity per capita and GDP per capita is
compared with the variables of the number of lit pixels per capita and electricity
consumption per capita. In addition, Akaike Information Criteria (AIC) and Bayesian

Information Criteria (BIC) metrics were used for model selection.
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CHAPTER 4

DATA, VARIABLES AND DESCRIPTIVE STATISTICS

4.1 Official Dataset

This study incorporates data from the Turkish Statistical Institute (TURKSTAT)
alongside various geospatial datasets to be mentioned below. The province level GDP
data is drawn from TURKSTAT's national accounts database. To align with the study's
temporal focus, chained volume values are applied. Electricity consumption data from
TURKSTAT is also provided by detailing usage by various categories from 1995 to

2021 and presenting total electricity consumption in Mwh units.

4.2. Nigttime Lights dataset: NPP-VIIRS-like NTL

Nighttime light data are widely used to understand the intensity and spatial distribution
of economic activity, especially with imagery from satellite systems such as the DMSP
and the VIIRS (Henderson et al., 2012; Hu & Yao, 2019). DMSP-OLS, which was
operational from the early 1990s until 2013, has a resolution of approximately 1km at
the equator. The fact that the maximum value each pixel can take in the images
presented in this dataset is limited to 63 leads to the problem of underestimating the
total light intensity, especially in urban centers, in which the nighttime light intensities
are expected to much higher than the average. VIIRS, which became operational in
2012, has a resolution of about 500m at the equator. Due to its high resolution
compared to DMSP-OLS and the fact that it is radiometrically calibrated unlike
DMSP-OLS, noise and glare in the data set have been significantly reduced, resulting
in a data set that is more sensitive to changes in light intensity. In addition, the fact
that the maximum nighttime light values in pixels are not limited as in DMSP-OLS

allows for a more accurate calculation of nighttime light emissions, especially in places
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such as city centers where nighttime lights are intensively emitted (Elvidge, Baugh,

Zhizhin, & Hsu, 2013).
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Figure 3: Nighttime lights of Tiirkiye from different datasets, 2001-2023

As can be seen in Figure 3, different satellites and data collection methods provide
different values for Tiirkiye's total nighttime light intensity by year. The different
sensor and resolution characteristics of DMSP-OLS (1992-2013) and VIIRS (from
2012 onwards) do not allow for a direct combination of these two datasets to form a
continuous time series. Therefore, in order to correct this time-dependent mismatch an
extended nighttime light dataset (Chen et al., 2021) similar to VIIRS is used in this
study.® The dataset utilized in this study employs a cross-sensor calibration technique
that integrates DMSP-OLS data (2000-2012) with VIIRS data (2013 onwards),
creating a consistent VIIRS-like time series (Chen et al., 2021). The extended spatial
nighttime light data provided by Chen et al. (2021) has created an important
opportunity for long-term spatial studies. The dataset covers the period 2000-2023 and
provides nighttime light intensity values at pixels with at 500-500m radius. Nighttime

light from oceanic sources such as ships and oil rigs are not included in the dataset to

avoid possible inconsistencies during model training.

3 Li et al. (2020) also provides an extended nighttime lights dataset however, as Chen et al. (2021)
provides a more advanced dataset that retains the VIIRS benefits and it does not inherit weaknesses

present in the older DMSP data.
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Therefore, this limits the use of the dataset for the study of maritime activities.
However, this limitation does not affect this study since the scope of this study is to
make sense of the relationship between economic size and nighttime light from

terrestrial areas in Turkiye.

In this study, the NPP-VIIRS-like NTL imageries were divided by the provincial
boundaries given in the Turkish Provincial Administrative Boundaries classification
provided by the General Directorate of Mapping of the Ministry of National Defense
of the Republic of Tiirkiye, and the total nighttime light intensity of the provinces was
calculated by summing the pixel values within the boundaries of each province for the
years 2000-2023. Similarly, the total number of pixels with values greater than zero
within the borders of the provinces is utilized to calculate the total number of lit pixels

of the provinces.

4.3. Landuse Dataset

This study also examines the variation of the elasticity of the nighttime light data with
respect to GDP per capita depending on the land type from which the nighttime lights
being emitted. Therefore, the Terra and Aqua combined Moderate Resolution Imaging
Spectroradiometer (MODIS) Land Cover Type (MCD12Q1) Version 6.1 dataset was
used to distinguish landuse types in Tiirkiye (LP DAAC, 2024). This landuse dataset
consists of global land cover types at annual intervals from 2001 to 2023. The dataset
was derived using supervised classifications of MODIS Terra and Aqua reflectance
data with land cover types based on various classification schemes, including the
International Geosphere-Biosphere Program (IGBP) and the University of Maryland
(UMD) system. The dataset also includes land cover assessment layers provided by
the Food and Agriculture Organization (FAO) Land Cover Classification System
(LCCS), which add more detail on land cover, landuse and surface hydrology.

Land use data files in Hierarchical Data Format (HDF), provided in six separate

segments per year to cover Tiirkiye's borders, were downloaded. These files were then
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converted into Tagged Image File Format (TIF) files* and merged based on Tiirkiye's
borders to produce comprehensive land use maps for the country. There are 17 landuse
types in MODIS landuse data. These are evergreen coniferous forests (1), evergreen
broadleaf forests (2), deciduous coniferous forests (3), deciduous broadleaf forests (4),
mixed forests (5), closed shrublands (6), open shrublands (7), woody savannas (8),
savannas (9), grasslands (10), permanent wetlands (11), croplands (12), urban and
built-up areas (13), field/natural vegetation mosaics (14), permanent snow and ice

(15), barren areas (16) and water bodies (17).

These 17 land types have been reclassified according to the author's own classification.
According to the landuse numbers mentioned above, landuse types 1, 2, 3, 4, 5 were
regrouped as natural forests; landuse types 6, 7 as shrublands; landuse types 8, 9, 10
as grasslands; landuse types 12, 14 as agricultural areas; landuse type 13 as urban
areas; landuse types 11, 17 as wetlands and water bodies; and landuse types 15, 16 as

barren lands.

I Natural forests B Shrublands [ Grasslands Agricultural areas [Jll Urban B Wetlands and water bodies

Figure 4: Landuse map of Tiirkiye

Note: Natural Forests: (1, 2, 3, 4, 5), Shrublands: (6, 7), Savannas/Grasslands: (8, 9, 10),
Agricultural Areas: (12, 14), Urban Areas: (13), Wetlands and Water Bodies: (11, 17),
Barren and Snow/Ice: (15, 16)

Source: LP DAAC

4TIF (Tagged Image File Format) files are raster image files commonly used for geospatial or satellite
imagery, offering high-quality, detailed visuals and support for spatial metadata.
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Figure 4 shows the landuse classification of Tiirkiye for 2020, based on MODIS
landuse data reclassified by the author into broader categories. The green tones
dominating most of the map indicate the prevalence of natural forests, shrublands and
grasslands. Yellow areas represent agricultural land, which is spread across the
country. Small purple spots indicate urban areas, while blue dots highlight wetlands

and water bodies.

As a second meta-grouping, natural forests, heathlands, grasslands and agricultural
areas are grouped under rural land, and those outside rural and urban lands are
classified as other. The reason for such a grouping is that the service and industrial
sectors are generally located in urban areas, while the agricultural sector is located in
rural areas. Therefore, it is aimed to capture more nuanced results in GDP per capita

nighttime light modeling.

4.4. Population Dataset

Since the province-based population data provided by TURKSTAT cannot provide the
required spatial detail, The WorldPop dataset was used in the study. This dataset
provides high-resolution, gridded population data between 2000 and 2020 (WorldPop,
2024). The data were generated using advanced spatial modeling techniques that
combine census data, satellite imagery and ancillary datasets to estimate population
distribution at a detailed level. The dataset provides population counts and densities in

100m? grid cells, enabling detailed spatial analysis of demographic changes over time.

The population density map of Istanbul, Figure 5, shows the spatial distribution of
population across the city. The maroon and purple zones represent the highest
population densities concentrated in the urban core, particularly in districts
characterized by dense residential and commercial activity, such as Beyoglu, Sisli,
Fatih and Kadikdy. Dark blue areas represent medium-density areas on the outskirts
of the city where suburban areas are expanding. Blue areas reflect lower population
densities and are likely to represent rural or industrial areas in the northern and

peripheral districts.
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Figure 6 shows the comparison of the population data of TURKSTAT, and Tiirkiye's

grid-based population data described above. On the Y-axis are the logarithmic values

Population

. 115150
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Figure 5: Grid based population of Istanbul, 2020
Source: WorldPop

of the official population data provided by TURKSTAT and on the X-axis are the
logarithmic values of the grid-based population data. The correlation coefficient
between the two population data is 0.9986 showing that official statistics adjusted grid

based population data can be used as an alternative in the rest of the study.
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Figure 6: Population of Tiirkiye, 2007-2020
Source: TURKSTAT, WorldPop

17



Figure 7 illustrate the three geospatial datasets described above. The nighttime light
intensites and the number of lit pixels, calculated based on the landuse distribution of
each province, were divided by grid-based population data to obtain nighttime light
variables on a per capita basis. Likewise, GDP per capita values were calculated by
dividing the chained volume GDP figures from TURKSTAT by the grid-based

population values.

Landuse
\J\\JV\/'\_J{{‘\N'.“

Population

Nighttime
Ights

Figure 7: Landuse, population and nighttime lights

The correlation table below (Table 1) illustrates the extent of relationships between
the variables used in the study.’ It is seen that GDP has a high correlation with total
nighttime light intensity. This correlation is particularly higher in urban areas. The fact
that advanced economic activities such as manufacturing and services take place
especially in urban areas and at the same time have a high population density compared
to rural areas strengthens the relationship between economic activity and nighttime
light intensity in the region. One of the important points here is that agriculture, which
has the most important place in the economy of rural areas, is mostly not carried out
at night and therefore we see relatively lower correlation coefficients between rural
areas and the GDP. This may lead to an underestimation of the economic activity in
rural areas using nighttime light intensity. The 94.8% correlation of total nighttime
light intensity with urban nighttime light intensity indicates that urban areas are the

main regions influencing total nighttime light intensity.

5 Correlation tables for total, per capita, logarithmic per capita, and growth variables are provided in
the annex.
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Lit pixel count shows the spatial distribution of nighttime lights without taking
intensity into account and gives us a clue about the distribution of economic activity.

As street lighting is one of the main elements of urbanization, lit pixel count in urban

Urban NTL Rural NTL Other NTL Urban litcell Rurallitcell Otherlitcell Electricity

GbP NTL Lit cell count count count count con: ion
GDP 1
NTL intensity 0.8167 1
Urban NTL intensity 0.9423 0.9481 1
Rural NTLintensity ~ 0.4445 0.8671 0.6643 1
Other NTLintensity  0.4615 0.6003 05364 05407 1
Lit cell count 04827 0.8602 06724 0.9687 05786 1
Urban lit cell count 08857 0.8649 09153 05975 05613 0.6626 1
Rural litcellcount  0.3673 07935 05739 09672 05265 09891 05455 1
Otherlitcellcount  0.4055 05659 0.4866 05398 0.9447 05908 05474 05418 1
Electricity 09175 0.8418 09113 05499 05345 0.6046 09332 0.4936 05024 1

consumption

Table 1: Correlation table of nighttime lights and TURKSTAT variables

areas has a much stronger correlation with GDP than lit pixel count in rural areas.
Finally, total electricity consumption has also a strong correlation with GDP. This is
because electricity consumption directly reflects many economic activities in urban

regions, such as manufacturing, services and residential energy use.

Figure 8 displays the logarithmic values of GDP per capita, based on the chained

volume index, alongside the logarithmic values of nighttime light density per capita.

This analysis yields two key insights. First, the graph clearly demonstrates a positive
relationship between nighttime light intensity per capita and GDP per capita. Second,
and more notably, it reveals a quadratic relationship between these two variables.
Accordingly, as nighttime light intensity increases, the elasticity of nighttime lights
with respect to real GDP per capita gradually increases. As highlighted by Hu and Yao
(2019), this relationship suggests that the region or province has begun transitioning
from infrastructure investments to economic activities that yield higher technical and
economic returns. The significant rise in per capita nighttime light intensity,
particularly in less developed provinces, coupled with the comparatively slower
growth in per capita income, suggests that low-income and developing regions focuses
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on strengthening their infrastructure. In contrast, in provinces that have moved beyond
this phase, the relationship appears to have shifted, with per capita income growth

outpacing the increase in nighttime light intensity.
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Figure 8: Nighttime light intensity and GDP per capita, log, 2004-2020

As an alternative to the widely used nighttime light intensity indicator in the literature,
the number of lit pixels and electricity consumption can serve as complementary data
sources. These measures not only provide valuable insights into regional economic
development but also allow for meaningful comparisons across different metrics to

better understand the nuances of economic activity.

Figure 9 displays the relationship between the number of lit pixels and GDP per capita
across provinces. It shows a positive relationship between the number of lit pixels and
economic output, as is the case for nighttime light intensity, suggesting more lights per
capita is associated with higher GDP per capita. Notably, the quadratic relationship
observed in the previous figure diminishes in developed cities but remains evident in

low-income cities. In developed cities, increasing lit areas at night—driven by factors
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such as industrialization and urbanization beyond city centers—does not exhibit as
strong a relationship with economic activity as it does in low-income provinces. This
illustrates the scenario where production facilities established in rural areas may
contribute more significantly to the provincial economy compared to those located in

highly urbanized regions.

W
0

w

®_-

GDP per capita, chain linked volume, log
. b

1:54

-8 =7:5 =7 =6i5 =6 =55 =5 -45 -4 =3:5
Lit cell per capita, log

Other Provinces @ ISTANBUL ANKARA ® [ZMIR KOCAELI GAZIANTEP
® BAYBURT MANISA ARTVIN ® HAKKARI

Figure 9: Lit cell count per capita and GDP per capita, log, 2004-2020

Figure 10 displays the nighttime light maps of the Akkuyu Nuclear Power Plant region,
illustrating the area both before and after the construction of the facility. The gray
rectangles on the maps highlight the area in the Giilnar district of Mersin where the
Akkuyu Nuclear Power Plant is being constructed, shown for the years 2012 and 2023.
Key milestones in the plant's development include the foundation of its marine
structures and harbor in 2015, the first reactor unit in 2018, the second unit in 2020,
the third unit in 2021, and the fourth unit in 2022. While, in the specified area, the
degree of light intensity was near zero in 2012, by 2023, light intensity levels

exceeding the average were observed.
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Istanbul Airport is located in Aranavutkdy district in the north of Istanbul (Figure 11).
Its construction began in 2015 and it was inaugurated on October 29, 2023. It has an
area of approximately 76.5 square kilometers. The size of the airport also allows the
nighttime lights to be captured. Increased nighttime light intensity in the marked area
indicates that infrastructural and economic activity in the region has also increased

with the construction of the airport.

e/

Figure 10: Akkuyu Nuclear plant by nighttime lights
Source: Chen et al., 2021

Figure 11: Istanbul Airport by nighttime lights
Source: Chen et al., 2021

Finally, when electricity consumption and GDP per capita variables are observed in
Figure 12, it is noticable that the quadratic relationship observed before is only
partially present. It is evident that the quadratic relationship is not valid for all
provinces. It can be seen that the convex relationship, which is mostly seen in the
figures above, albeit to different degrees, turns into a concave relationship in electricity

consumption.
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Table 2 provides a comprehensive overview of the nighttime light intensity, number
of lit pixels, electricity consumption and GDP per capita. The table is organized into
three main sections: total values, per capita values and first differences of natural

logarithms, i.e. growth rates.
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Figure 12: Electricity consumption per capita and GDP per capita, log, 2004-2020

The first section contains total values. The “sum_NTL” variable in the table shows the
total nighttime light intensity of the provinces. The average light intensity value of the
provinces 1s 22,139.27 with a standard deviation of 38,957.38. This indicates that there
is a high variation in the total light intensity values of the provinces and thus high
differences in the level of development. The “sum_LIT” variable refers to the number
of pixels with values higher than one and the “electricity total” variable refers to the
total electricity consumption of the provinces, finally the “gdp 2009” variable refers
to the GDP of the province. In parallel to the nighttime light intensity, these variables
also have high standard deviations compared to their averages. Naturally, these
differences between provinces are directly related to their surface area, therefore, by
dividing these variables by provincial populations, we can get a better idea about the

dynamics between GDP and the other variables in the regions.
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The second part of the table presents the summary statistics of the above-mentioned
variables converted to per capita terms. The variable “NTL pp” represents the average
nighttime light intensity per capita. The fact that the mean value of this variable is
0.026 and the maximum value is 0.134 highlights the persistence of economic
disparities between provinces. The mean value of the variable “dif In NTL pp”,
which shows the change in nighttime light intensity per capita, is 0.158, and the
minimum and maximum values of -1.288 and 1.658, respectively, indicate that some
regions have seen significant declines over certain periods, while others have

experienced rapid growth.

Observations Mean Sta'?d?rd Minimum Maximum
Deviation

sum_NTL 1377 22139.27 38957.38 87.84 369266.29
sum_LIT 1377 3622.88 4219.32 54.00 29276.00
electricity_total 1377 2395313.07 4496814.35 44188.00 40425644.00
gdp_2009 1377 16323562.52  48957992.24 533450.94 560599692.37
NTL_pp 1377 0.026 0.023 0.000 0.134
LIT_pp 1377 0.006 0.005 0.000 0.032
electricity_total_pp 1377 2.359 1.654 0.309 9.799
gdp_2009_pp 1377 13.431 5.728 4.235 44.097
dif_In_NTL_pp 1296 0.158 0.349 -1.288 1.658
dif_In_LIT_pp 1296 0.141 0.255 -0.841 1.655
dif_In_electricity_total_pp 1296 0.051 0.095 -0.537 0.710
dif_In_gdp_2009_pp 1296 0.038 0.051 -0.283 0.260

Table 2: Summary statistics for the nighttime lights and TURKSTAT variables

Figure 13 displays the distribution of nighttime light intensity and spatial population
by landuse type. The horizontal axis shows the landuse categories and the vertical axis
shows the percentage distribution of the variables within these categories.

Grasslands, agricultural lands and urban areas stand out as the landuse types with the
highest share in total nighttime light intensity and population. Urban areas stand out
as the regions with the highest share in nighttime light intensity and population.

Additionally, grasslands and agricultural lands emerge as the most significant landuse
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types, accounting for notable shares of both total nighttime light and population. In
2020, the share of grasslands, agricultural land, natural forests and urban areas in

Tiirkiye's total land area were 61.8%, 26.06%, 6.08% and 1.3%, respectively.
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Figure 13: Nighttime light intensity and population distribution by landuse types,
2020

The figures below examines the relationship between nighttime light intensity per
capita and GDP per capita in logarithms for different landuse types. The Y-axis shows
GDP per capita and the X-axis shows nighttime light intensity across land types.
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Figure 14: Rural nighttime light intensity per capita and GDP per capita, log, 2004-
2020
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Figure 15: Urban nighttime light intensity per capita and GDP per capita, log, 2004-
2020

There is a positive relationship between GDP per capita and nighttime light intensity
per capita for both landuse types. When we compare the two landuse types, the curves
in urban areas are steeper than the curves in rural areas. This may be due to the fact
that the agricultural sector, which does not emit nighttime light, has a high intensity in
rural areas, while in urban areas, the industrial and services sectors, which have much
higher value added than agriculture, are more active. As the nighttime light intensity
per capita increases, GDP per capita increases at different rates in urban and rural
areas. In rural areas, this relationship tends to follow a more linear pattern. However,
in urban areas, where light intensity is already high, the stronger and more gradual
reflection of increases in light intensity on GDP through economic activities could

explain this difference.
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CHAPTER 5

RESULTS

The main results of the study are presented under three main sections. The first section
examines the elasticity of nighttime light intensity per capita with respect to GDP per
capita. Subsequently, the relationships between per capita lit pixel count, per capita
electricity consumption, and per capita GDP are analyzed to provide a comprehensive
comparison framework and to validate robustness of the models. The second part takes
the main findings of the first part to the next level and re-examines the relationship
between nighttime light intensity per capita and GDP per capita within the author's
landuse specification as defined above. Finally the last section evaluates the selected
model predictions and their error structures. This approach provides us the province
level variations of the results and helps us to understand the regional dynamics of the

nighttime light and GDP dynamics better.

5.1. Results of Base and Alternative Models

Table 3 presents the results of random coefficients regression models and its random
effects parameters examining the relationship between nighttime light intensity per
capita and GDP per capita, where model (1.2) and (2.2) allows for correlating
coefficients specification. These models present the characteristics of the linear and
nonlinear relationship between the two variables. “In NTL pp” is the natural
logarithm of nighttime light intensity per capita and ‘In NTL pp squared’ is the
square of this variable. The logarithm of GDP per capita is expressed as

“In_gdp 2009 pp”.
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(1.2) (1.2) (2.1) (2.2)
NTL NTL NTL NTL
linear linear quadratic quadratic
In_NTL_pp 0.030*** 0.031%** 0.140*** 0.116***
(0.008) (0.008) (0.036) (0.037)
In_NTL_pp_squared 0.012%** 0.009**
(0.003) (0.004)
Observations 1,377 1,377 1,377 1,377
Year FE YES YES YES YES
Random Coefficients YES YES YES YES
AIC -3832 -3842 -3849 -3931
BIC -3722 -3727 -3729 -3795
Number of groups 81 81 81 81
Correlated Coefficients NO YES NO YES
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Table 3: Results for the base models
Model Random-effects parameters Estimate Robust std. err. 95% conf. interval
var(In_NTL_pp) 0.003 0.001 0.002 0.004
(1.1) var(_cons) 0.131 0.024 0.092 0.186
var(Residual) 0.002 0.000 0.002 0.002
var(In_NTL_pp) 0.003 0.001 0.002 0.005
12) var(_cons) 0.134 0.024 0.094 0.190
1.2 -
cov(In_NTL_pp,_cons) 0.008 0.002 0.004 0.012
var(Residual) 0.002 0.000 0.002 0.002
var(in_NTL_pp) 0.0031 0.0005 0.0022 0.0044
0.0000 0.0000 0.0000 6.9440
2.1) var(In_NTL_pp_squared)
var(_cons) 0.1218 0.0236 0.0833 0.1782
var(Residual) 0.0019 0.0002 0.0016 0.0022
var(In_NTL_pp) 0.0390 0.0119 0.0215 0.0709
var(In_NTL_pp_squared) 0.0004 0.0001 0.0002 0.0007
var(_cons) 0.2919 0.0558 0.2007 0.4246
(22) cov(In_NTL pp, In_NTL_pp__squared) 0.0037 0.0012 0.0012 0.0061
cov(In_NTL_pp,_cons) 0.0838 0.0208 0.0431 0.1246
cov(In_NTL_pp_squared, cons) 0.0079 0.0021 0.0037 0.0121
0.0017 0.0001 0.0014 0.0020

var(Residual)

Table 4: Random-effects parameters for the base models

Random-effects parameters for the base models

In (1.1) and (1.2) the natural logarithm of nighttime light intensity per capita is the

only independent variable. Regardless of the covariance structure both models give

statistically significant coefficients for “In NTL pp”. In both linear models the

28



coefficients are very similar, namely, 0.03 for (1.1) and 0.031 for (1.2), which means
1% increase in nighttime light intensity per capita is associated with a nearly 0.03%
change in GDP per capita. The similar coefficients in (1.1) and (1.2) suggests that
allowing correlations in random effects does not substantially change the outcomes.In
models (2.1) and (2.2) the quadratic term of per capita nighttime light intensity is
introduced. This allows us to examine the possible nonlinear relationship between
these two variables. Quadratic terms in both models are statistically significant which
supports the nonlinear relationship mentioned in descriptive statistics section. The
addition of the quadratic term also leads to an increase in the coefficient of the linear

terms of the models (1.1) and (1.2) to 0.14 and 0.116 respectively.

It is worth taking into account that the quadratic models have lower AIC and BIC
compared to the linear ones. Also the AIC and BIC values in the results suggest that
allowing the models for correlating coefficients fits the data slightly better than those

without.

In the linear models the choice of allowing for coeffient correlations has minimal
impact on the coefficients and the fit. However in quadratic models (2.1) and (2.2) it
improves the model fit relatively more (AIC and BIC). In summary, quadratic models,
specifically model (2.2) is the most preferable, since the both independent variables
have significant coefficients and it has the lowest AIC and BIC values compared to

the others.

In the tables below (Table 5 and Table 6) the model results with alternative variables
and their variance/covariance structure are shown respectively. Both linear and
quadratic specifications of the models are constructed and tested with the alternative
variables namely logarithm lit pixel count per capita, “In_LIT pp”, and logarithm of

electricity consumption per capita, “In_electricity total pp”.
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(3.1) (3.2) (4.1) (4.2) (5.1) (5.2) (6.1) (6.2)
uT uT uT uT Electricit.y Electricit‘y Electricit_y Electricit_y
consumption consumption consumption consumption
linear linear quadratic quadratic linear linear quadratic quadratic
In_LIT_pp 0.026** 0.023* 0.168%** 0.134**
(0.012) (0.012) (0.051) (0.062)
In_electricity_total_pp 0.201*** 0.191*** 0.277*** 0.272%**
(0.034) (0.035) (0.040) (0.033)
In_LIT_pp_squared 0.012%** 0.009*
(0.004) (0.005)
In_electricity_total_pp_squa -0.034** -0.027**
(0.015) (0.013)
Observations 1,377 1,377 1,377 1,377 1,377 1,377 1,377 1,377
R-squared
Year FE YES YES YES YES YES YES YES YES
Random Coefficients YES YES YES YES YES YES YES YES
Adjusted R-squared
AIC -3881 -3923 -3907 -3989 -3893 -3913 -3924 -3942
BIC -3771 -3808 -3786 -3853 -3783 -3798 -3804 -3806
Number of groups 81 81 81 81 81 81 81 81
Correlated Coefficients NO YES NO YES NO YES NO YES

Robust standard errors in parentheses
*** n<0.01, ** p<0.05, * p<0.1
The base constant for year fixed effects is set to 2020.

Table 5: Results for the alternative models

Models (3.1), (3.2), (4.1) and (4.2) examine the lit pixel count as an alternative measure
of nighttime light intensity. The linear and quadratic terms for per capita lit pixel count
are positive and statistically significant across all models, albeit with varying levels of
significance. When unconstructed covariance specification is introduced in both linear
and quadratic models, the coefficients and statistical significances of independent

variables are reduced slightly.

Since electricity consumption is related to GDP, it is incorporated into this study as a
robustness check. The electricity consumption variables evaluated in models (5.1),
(5.2),(6.1) and (6.2) consistently outperforms the models with nighttime light intensity
and lit pixel count per capita variables. Both linear and quadratic terms’ coefficients
of the electricity consumption models are higher than the models with nighttime light
intensity and lit pixel count models. When allowing for correlating coefficients the
magnitudes and statistical significances of coefficients reduces slightly.
Comparatively, among the all models the ones with electricity consumption emerge as
the strongest one in terms of coefficient magnitude and model fit. The quadratic lit
pixel count per capita model outperforms the quadratic nighttime light model in model
selection terms, however, although the lit pixel count variable stands out as a key
indicator of the spatial distribution of economic activities, it is acknowledged that

nighttime light intensity is a more widely recognized and utilized independent variable
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in the literature. Unlike the number of lit pixels variable, it provides a deeper
understanding of regional economic activities by reflecting the intensity of luminosity

rather than merely the number of illuminated cells.

Finally quadratic specifications and the allowance for correlating coefficients should
be favored to enhance the accuracy and flexibility of the models in capturing complex
dynamics. Thus, the model with correlating coefficients and the quadratic term for

nighttime light intensity emerges as the preferred one among the other nighttime light

models.

Model Random-effects parameters Estimate  Robust std. err. 95% conf. interval
var(In_LIT_pp) 0.005 0.001 0.004 0.007

(1) var(_cons) 0.188 0.031 0.136 0.259
var(Residual) 0.002 0.000 0.001 0.002
var(In_LIT_pp) 0.005 0.001 0.004 0.007
var(_cons) 0.196 0.032 0.142 0.269

G2 cov(in_LIT_pp,_cons) 0.021 0.004 0.013 0.029
var(Residual) 0.002 0.000 0.001 0.002
var(in_LIT_pp) 0.0010 0.0008 0.0002 0.0044
var(in_LIT_pp_squared) 0.0000 0.0000 0.0000 0.0001
@ var(_cons) 0.1188 0.0249 0.0788 0.1791
var(Residual) 0.0018 0.0002 0.0015 0.0021
var(in_LIT_pp) 0.1077 0.0432 0.0491 0.2363
var(In_LIT_pp_squared) 0.0007 0.0003 0.0003 0.0016
var(_cons) 1.0048 0.3033 0.5561 1.8155
(4.2)  cov(In_LIT_pp, In_LIT_pp_squared) 0.0087 0.0036 0.0017 0.0157
cov(in_LIT_pp,_cons) 0.3098 0.1135 0.0874 0.5322
cov(In_LIT_pp_squared, cons) 0.0246 0.0094 0.0062 0.0429
var(Residual) 0.0015 0.0001 0.0013 0.0018
var(In_electricity_total_pp) 0.034 0.006 0.024 0.048

(5.1)  var(_cons) 0.103 0.020 0.071 0.151
var(Residual) 0.002 0.000 0.002 0.002
var(In_electricity_total_pp) 0.038 0.007 0.026 0.055

5.2) var(_cons) 0.114 0.022 0.077 0.167
' cov(In_electricity_total_pp, _cons) -0.034 0.011 -0.056 -0.012
var(Residual) 0.002 0.000 0.002 0.002
var(in_electricity_total_pp) 0.0186 0.0040 0.0122 0.0284
©.1) var(In_electricity_total_squared) 0.0102 0.0040 0.0047 0.0220
var(_cons) 0.0820 0.0150 0.0573 0.1173
var(Residual) 0.0018 0.0002 0.0015 0.0022
var(In_electricity_total_pp) 0.0153 0.0031 0.0102 0.0228
var(In_electricity_total_squared) 0.0073 0.0033 0.0030 0.0179
var(_cons) 0.0800 0.0144 0.0563 0.1139
(6:2)  cov(In_electricity_total_pp, In_electricity_total_squared) 0.0047 0.0025 -0.0002 0.0096
cov(In_electricity_total_pp, _cons) 0.0008 0.0070 -0.0130 0.0145
cov(In_electricity_total_squared, _cons) -0.0190 0.0056 -0.0299 -0.0080
var(Residual) 0.0018 0.0002 0.0015 0.0023

Table 6: Random-effects parameters for the alternative models
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5.2. Landuse Spesification

The regression analyses so far have been kept simple to provide a baseline for
understanding the relationship between nighttime lights and GDP. In this section, the
relationship is analyzed across different landuse categories which enables us a more

detailed examination.

(7.1) (7.2) (8.1) (8.2) (9.1) (9.2) (10.1) (10.2) (11.1) (11.2) (12.1) (12.2)
Rural NTL  Rural NTL  Rural NTL ~ Rural NTL  Urban NTL Urban NTL Urban NTL Urban NTL Other NTL  Other NTL  Other NTL  Other NTL
linear linear quadratic  quadratic linear linear quadratic  quadratic linear linear quadratic  quadratic
In_rural_NTL_pp 0.013 0.013* 0.051* 0.045
(0.008) (0.008) (0.027) (0.032)
In_urban_NTL_pp 0.014 0.013  0.231%**  0.077
(0.009) (0.009) (0.057) (0.054)
In_other_NTL_pp -0.007 -0.007 0.000 -0.021
(0.005) (0.005) (0.016) (0.017)
In_rural_NTL_pp_squared 0.004 0.003
(0.002) (0.003)
In_urban_NTL_pp_squared 0.026*** 0.007
(0.007) (0.006)
In_other_NTL_pp_squared 0.001 -0.001
(0.001) (0.001)
Constant 2.830%** 2.832%%*%  2.909%** 2.891%** 2.830%**  2.828%** 3.253%**%  2.95]%** 2.780%**  2.781%** 2.798%**%  2.746%**
(0.044) (0.044) (0.070) (0.074) (0.045) (0.046) (0.117) (0.118) (0.039) (0.039) (0.056) (0.058)
Observations 1,377 1,377 1,377 1,377 1,377 1,377 1,377 1,377 1,361 1,361 1,361 1,361
Year FE YES YES YES YES YES YES YES YES YES YES YES YES
Random Coefficients YES YES YES YES YES YES YES YES YES YES YES YES
AIC -3894 -3899 -3895 -3979 -3427 -3448 -3454 -3549 -3153 -3152 -3151 -3253
BIC -3785 -3784 -3775 -3843 -3317 -3333 -3334 -3413 -3044 -3038 -3031 -3117
Number of groups 81 81 81 81 81 81 81 81 81 81 81 81
Correlated Coefficients NO YES NO YES NO YES NO YES NO YES NO YES
Robust standard errors in parentheses
*4% 5<0.01, ** p<0.05, * p<0.1
The base constant for year fixed effects is set to 2020.
Table 7: Landuse model results
(13.1) (13.2) (14.1) (14.2) (15.1) (15.2)
U-R land NTL U-Rland NTL U-Rland NTL U-Rland NTL
ar‘n use ar\ use an use. an us€ Reduced Landuse Reduced Landuse
linear linear quadratic quadratic
In_rural_NTL_pp 0.000 -0.012 0.028 0.004 0.004 -0.008
(0.008) (0.009) (0.029) (0.037) (0.009) (0.009)
In_urban_NTL_pp 0.013* 0.025%** 0.084** 0.093** 0.099*** 0.086**
(0.007) (0.007) (0.041) (0.046) (0.038) (0.037)
In_other_NTL_pp 0.001 0.001
(0.001) (0.001)
In_rural_NTL_pp_squared 0.002 0.001
(0.002) (0.003)
In_urban_NTL_pp_squared 0.008* 0.009* 0.010** 0.007*
(0.005) (0.005) (0.004) (0.004)
In_other_NTL_pp_squared
Observations 1,361 1,361 1,377 1,377 1,377 1,377
Year FE YES YES YES YES YES YES
Random Coefficients YES YES YES YES YES YES
AIC -3917 -3954 -3899 -4021 -3901 -3956
BIC -3786 -3792 -3758 -3828 -3770 -3794
Number of groups 81 81 81 81 81 81
Correlated Coefficients NO YES NO YES NO YES

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
The base constant for year fixed effects is set to 2020.

Table 8: Landuse combined model results
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The tables above examines the relationship between nighttime light intensity per capita
and GDP per capita in the author's broadly defined landuse categorization. Here,
“In_rural NTL pp” represents the logarithm of nighttime light intensity per capita in
rural areas, “In urban NTL pp” in urban areas, and “In_other NTL pp” in the

remaining landuse types.

Model Random-effects parameters Estimate Robust std. err. 95% conf. interval
var(In_rural_NTL_pp) 0.002 0.000 0.002 0.003
(7.1) var(_cons) 0.124 0.022 0.087 0.176
var(Residual) 0.002 0.000 0.001 0.002
var(In_rural_NTL_pp) 0.002 0.000 0.002 0.003
72) var(_cons) 0.125 0.023 0.088 0.178
cov(In_rural_NTL_pp,_cons) 0.005 0.002 0.001 0.008
var(Residual) 0.002 0.000 0.001 0.002
var(In_rural_NTL_pp) 0.0023 0.0004 0.0017 0.0031
8.1 var(In_rural_NTL_pp_squared) 0.0000 0.0000 0.0000 0.0000
var(_cons) 0.1191 0.0222 0.0826 0.1717
var(Residual) 0.0018 0.0002 0.0015 0.0021
var(In_rural_NTL_pp) 0.0218 0.0072 0.0114 0.0416
var(In_rural_NTL_pp_squared) 0.0002 0.0001 0.0001 0.0004
var(_cons) 0.1925 0.0337 0.1366 0.2714
(8.2) cov(In_rural_NTL_pp, In_rural_NTL_pp_squared) 0.0019 0.0007 0.0004 0.0033
cov(In_rural_NTL_pp,_cons) 0.0414 0.0112 0.0195 0.0633
cov(In_rural_NTL_pp_squared, _cons) 0.0034 0.0011 0.0013 0.0055
var(Residual) 0.0016 0.0001 0.0013 0.0018
var(In_urban_NTL_pp) 0.007 0.001 0.005 0.010
(9.1) var(_cons) 0.149 0.026 0.105 0.211
var(Residual) 0.003 0.000 0.002 0.003
var(In_urban_NTL_pp) 0.007 0.001 0.005 0.010
9.2) var(_cons) 0.157 0.028 0.111 0.222
cov(In_urban_NTL_pp,_cons) 0.018 0.004 0.009 0.026
var(Residual) 0.003 0.000 0.002 0.003
var(In_urban_NTL_pp) 0.0066 0.0139 0.0001 0.3989
(10.1) var(In_urban_NTL_pp_squared) 0.0000 0.0000 0.0000 .
var(_cons) 0.1353 0.1671 0.0120 1.5220
var(Residual) 0.0026 0.0002 0.0022 0.0031
var(In_urban_NTL_pp) 0.1437 0.0316 0.0934 0.2211
var(In_urban_NTL_pp_squared) 0.0015 0.0004 0.0009 0.0024
var(_cons) 0.6887 0.1530 0.4455 1.0646
(10.2) cov(In_urban_NTL_pp, In_urban_NTL_pp_squared) 0.0146 0.0034 0.0079 0.0213
cov(In_urban_NTL_pp,_cons) 0.2862 0.0653 0.1582 0.4141
cov(In_urban_NTL_pp_squared, _cons) 0.0288 0.0070 0.0151 0.0425
var(Residual) 0.0024 0.0002 0.0020 0.0029
var(In_other_NTL_pp) 0.001 0.000 0.001 0.002
(11.1) var(_cons) 0.112 0.020 0.078 0.160
var(Residual) 0.003 0.000 0.002 0.004
var(In_other_NTL_pp) 0.001 0.000 0.001 0.002
(11.2) var(_cons) 0.113 0.021 0.079 0.163
cov(In_other_NTL_pp,_cons) 0.002 0.002 -0.002 0.005
var(Residual) 0.003 0.000 0.002 0.004
var(In_other_NTL_pp) 0.0013 0.0004 0.0007 0.0023
(12.1) var(In_other_NTL_pp_squared) 0.0000 0.0000 0.0000 0.0000
var(_cons) 0.1103 0.0204 0.0768 0.1584
var(Residual) 0.0031 0.0005 0.0023 0.0043
var(In_other_NTL_pp) 0.0082 0.0018 0.0053 0.0127
var(In_other_NTL_pp_squared) 0.0000 0.0000 0.0000 0.0000
var(_cons) 0.1589 0.0305 0.1090 0.2316
(12.2) cov(In_other_NTL_pp, In_other_NTL_pp_squared) 0.0005 0.0001 0.0002 0.0007
cov(In_other_NTL_pp,_cons) 0.0186 0.0061 0.0065 0.0306
cov(In_other_NTL_pp_squared, _cons) 0.0010 0.0004 0.0003 0.0017
var(Residual) 0.0029 0.0005 0.0021 0.0040

Table 9: Random — effects parameters for the landuse models

In models (7.1) and (7.2), different covariance specifications are implemented for only
linear rural nighttime light intensity per capita variables. The model restricting
correlating coefficients does not yield statistically significant results whereas the
coefficients in the model which allows for correlating coefficients show only limited
statistically significance. In models (8.1) and (8.2) the quadratic rural nighttime light

intensity per capita variables are found to be statistically insignificant (at the 10%
33



level), where only the linear term of the model (8.1) is statistically significant at 0.1

significance level.

Model Random-effects parameters Estimate Robust std. err. 95% conf. interval
var(In_rural_NTL_pp) 0.0025 0.0005 0.0017 0.0036
var(In_urban_NTL_pp) 0.0002 0.0003 0.0000 0.0023

(13.1) var(In_other_NTL_pp) 0.0001 0.0000 0.0000 0.0002
var(_cons) 0.1210 0.0223 0.0843 0.1736
var(Residual) 0.0016 0.0001 0.0013 0.0019
var(In_rural_NTL_pp) 0.0044 0.0007 0.0031 0.0061
var(In_urban_NTL_pp) 0.0017 0.0007 0.0008 0.0038
var(In_other_NTL_pp) 0.0001 0.0000 0.0000 0.0002
var(_cons) 0.1282 0.0252 0.0872 0.1885
cov(In_rural_NTL_pp, In_urban_NTL_pp) -0.0024 0.0007 -0.0038 -0.0010

(13.2) cov(In_rural_NTL_pp, In_other_NTL_pp) -0.0001 0.0001 -0.0003 0.0001
cov(In_rural_NTL_pp,_cons) 0.0013 0.0031 -0.0047 0.0073
cov(In_urban_NTL_pp, In_other_NTL_pp) 0.0000 0.0001 -0.0002 0.0002
cov(In_urban_NTL_pp,_cons) 0.0023 0.0032 -0.0041 0.0087
cov(In_other_NTL_pp,_cons) -0.0001 0.0008 -0.0016 0.0014
var(Residual) 0.0015 0.0001 0.0013 0.0018
var(In_rural_NTL_pp) 0.0023 0.0005 0.0016 0.0034
var(In_rural_NTL_pp_squared) 0.0000 0.0000 0.0000 0.0000

(14.1) var(In_urban_NTL_pp) 0.0003 0.0003 0.0001 0.0021
var(In_urban_NTL_pp_squared) 0.0000 0.0000 0.0000 0.0000
var(_cons) 0.1151 0.0219 0.0792 0.1671
var(Residual) 0.0017 0.0002 0.0014 0.0021
var(In_rural_NTL_pp) 0.0308 0.0077 0.0188 0.0504
var(In_rural_NTL_pp_squared) 0.0002 0.0001 0.0001 0.0004
var(In_urban_NTL_pp) 0.0615 0.0296 0.0240 0.1578
var(In_urban_NTL_pp_squared) 0.0006 0.0004 0.0002 0.0019
var(_cons) 0.2676 0.1010 0.1278 0.5606
cov(In_rural_NTL_pp, In_rural_NTL_pp_squared) 0.0023 0.0007 0.0009 0.0037
cov(In_rural_NTL_pp, In_urban_NTL_pp) -0.0276 0.0118 -0.0507 -0.0045

(14.2) cov(In_rural_NTL_pp, In_urban_NTL_pp_squared) -0.0027 0.0014 -0.0054 0.0000
cov(In_rural_NTL_pp,_cons) 0.0060 0.0163 -0.0259 0.0379
cov(In_rural_NTL_pp_squared, In_urban_NTL_pp) -0.0017 0.0009 -0.0036 0.0001
cov(In_rural_NTL_pp_squared, In_urban_NTL_pp_squared) -0.0002 0.0001 -0.0004 0.0000
cov(In_rural_NTL_pp_squared, _cons) 0.0012 0.0013 -0.0014 0.0039
cov(In_urban_NTL_pp, In_urban_NTL_pp_squared) 0.0062 0.0032 -0.0001 0.0126
cov(In_urban_NTL_pp,_cons) 0.0687 0.0439 -0.0174 0.1548
cov(In_urban_NTL_pp_squared, _cons) 0.0069 0.0046 -0.0020 0.0159
var(Residual) 0.0014 0.0001 0.0012 0.0017
var(In_rural_NTL_pp) 0.0024 0.0005 0.0016 0.0035
var(In_urban_NTL_pp) 0.0003 0.0003 0.0000 0.0026

(15.1) var(In_urban_NTL_pp_squared) 0.0000 0.0000 0.0000 .
var(_cons) 0.1173 0.0221 0.0811 0.1697
var(Residual) 0.0017 0.0002 0.0015 0.0021
var(In_rural_NTL_pp) 0.0041 0.0007 0.0029 0.0059
var(In_urban_NTL_pp) 0.0355 0.0240 0.0094 0.1334
var(In_urban_NTL_pp_squared) 0.0004 0.0002 0.0001 0.0013
var(_cons) 0.2912 0.1181 0.1316 0.6446
cov(In_rural_NTL_pp, In_urban_NTL_pp) -0.0027 0.0029 -0.0085 0.0030

(15.2) cov(In_rural_NTL_pp, In_urban_NTL_pp_squared) 0.0000 0.0004 -0.0007 0.0007
cov(In_rural_NTL_pp,_cons) -0.0005 0.0064 -0.0129 0.0120
cov(In_urban_NTL_pp, In_urban_NTL_pp_squared) 0.0035 0.0024 -0.0011 0.0082
cov(In_urban_NTL_pp,_cons) 0.0776 0.0499 -0.0202 0.1755
cov(In_urban_NTL_pp_squared, _cons) 0.0081 0.0049 -0.0015 0.0177
var(Residual) 0.0016 0.0002 0.0013 0.0019

Table 10: Random — effects parameters for the landuse models (continued)

Models (9.1) to (10.2) examines the urban nighttime light intensity per capita.
Introducing correlating coefficient specification does not make much difference in the
linear urban nighttime light intensity models in terms of coefficients and their
statistical significances. When correlated coefficients are allowed in quadratic urban
model (10.2), both the linear and quadratic terms lose their statistical significance (at
the 10% level). The correlated coefficients model improves the model fit (as seen in

the AIC and BIC) but also increases standard errors of coefficient estimates, and
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reduces the (mean) size of coefficients. This makes confidence intervals wider and

reduces statistical significance.

The models from (11.1) to (12.2) includes only nighttime light intensities emitted from
other landuse areas. In the models the coefficients of independent variables are found
to be statistically insignificant (at the 10% level), which is due to other landuse areas’

lower nighttime light and population shares.

The models (13.1) to (14.2) combines the landuse variables in linear and quadratic
specifications. In all models, it is seen that urban landuse variables are the only ones

with statistically significant coefficients.

In summary, allowing for correlating coefficients province level nighttime light
intensity (2.2) and urban nighttime light intensity (10.1) models stand out as the most
prominent ones, however their implications differ. Model (2.2) allows for correlated
coefficients providing greater reliability in capturing the relationship between
nighttime light intensity. However, although model (10.1) coefficients demonstrate
statistical significance it does not allow for correlated coefficients. Furthermore, model
(2.2) outperforms (10.1) in model selection criterias. Thus, in the next section, as
model (2.2) is decided as the best performing model its regional results and error

structures is examined.

5.3. Regional Differences

Figure 16 shows the distribution of the residuals of Model (2.2) by regions. The lower
and upper edges of each box are drawn to cover the interquartile range, the line in the
middle of the boxes is the median, and the whiskers of the boxes are drawn to cover
values within 1.5 times the lower and upper quartiles of the data so the points outside
the whiskers represent outliers. The distribution of error terms varies across regions.
Istanbul (TR1), Western Marmara (TR2), Western Anatolia (TRS), have relatively
narrower boxes. However, Northeast Anatolia (TRA), Central East Anatolia (TRB),
Southeast Anatolia (TRC), Western Black Sea (TRS), Eastern Black Sea (TR9), and,
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Central Anatolia (TR7), stand out as provinces with much higher quartile spacings of

the error terms compared to other regions.
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Figure 16: Regional distribution of residuals, Quadratic NTL Model (2.2)

Figure 17 below displays the values of RMSE of model (2.2) by provinces. In the map,
it is seen that the RMSE values of the eastern provinces from north to south are
generally high. However, Zonguldak, Bartin, Karabiik, Cankir1 are the provinces with
large RMSE values in the West Black Sea Region. In the Mediterranean, Antalya
stands out due to the relativelty larger estimation error of the model in 2020 due to the

impact of the COVID-19 pandemic on tourism.
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Figure 17: RMSE of provinces, Quadratic NTL Model (2.2)

Figure 18 below shows the ratio of GDP per capita values predicted using model (2.2)

to official GDP per capita values by province. Dark blue regions show where this ratio
36



is high and dark red regions show where this ratio is low. The Eastern Anatolia region,
specifically Van, Agri, Sanliurfa, has the highest ratio. The west of Tiirkiye, including
large urban and industrial centers, shows lower rates. Light colored areas close to white

indicate regions where the predicted values are relatively closer to the official data.
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Ratio of Predicted GDP to Actual GDP Per Capita by Province, Quadratic NTL Model (2.2)
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