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Abstract

This research investigates the spatial correlation among per capita electricity consumption, per capita 
industrial electricity consumption, and economic growth by employing various regression models, including 
linear regression, geographically weighted regression, and multi-stage geographically weighted regression.  
The primary goal is to illustrate the presence of spatial effects in the connection between electricity consumption 
and economic growth. In this context, this study made for Turkey distinguishes itself from previous research  
by utilizing the multi-stage spatially weighted regression model to examine this relationship. The findings 
reveal that the multi-scale spatial regression model is the most effective in explaining the relation between 
economic growth at the provincial level and per capita electricity consumption and per capita industrial 
electricity consumption. Moreover, the study emphasizes that per capita Gross Domestic Product emerges  
as the most influential regional economic indicator when assessing its impact on per capita electricity consumption  
and per capita industrial electricity consumption.
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INTRODUCTION
The relationship between electricity consumption and economic growth is a complex issue. This 
relationship can vary depending on various factors and is often shaped by factors such as the country‘s 
economic structure, energy policies, technological developments, and energy efficiency. Firstly,  
the positive relationship between electricity consumption and economic growth is generally associated with 
industrialization and the development process. Economic growth often comes with increased production 
and industrial activities. Turkey has experienced significant developments in the energy sector in recent 
years and has strengthened its strategies for energy production in line with its economic growth objectives. 

Semra Türkan1  | Hacettepe University, Ankara, Turkey

DOI

https://doi.org/10.54694/stat.2024.2 

Received 16.1.2024 (revison received 14.4.2024), Accepted (reviewed) 22.4.2024, Published 14.6.2024



2024

213

104 (2)STATISTIKA

In this context, electricity production plays a critical role in Turkey‘s energy independence and sustainable 
development goals. The relationship between electricity production and growth provides an important 
perspective for understanding both economic dynamics and changes in the energy sector. Turkey‘s economic 
growth objectives, along with expansion in industry, trade, and service sectors, result in an increased 
energy demand. This rise in demand increases the need for energy production, consequently raising 
the country‘s electricity consumption. Electricity production holds strategic importance in responding 
to this increased demand and ensuring energy supply security. Moreover, the increase in electricity 
production can positively impact employment in the energy sector, thus contributing to economic growth. 
Investments in renewable energy sources, sustainable energy policies, and energy efficiency measures 
provide a balance between environmental sustainability and economic growth. However, sustainability 
and environmental effects in the energy sector should be considered alongside this growth. The increase 
in electricity production should focus on factors such as the effective and efficient use of energy resources, 
the adoption of environmentally friendly technologies, and the reduction of carbon emissions.

Turkey places a significant importance on the industrial sector to achieve its economic development 
goals and maintain a competitive advantage. In this context, industrial electricity consumption plays a key 
role in Turkey‘s economic growth dynamics by increasing production capacity and supporting industrial 
activities. The relationship between industrial electricity demand and economic growth offers a crucial 
perspective for the country‘s industrial transformation and sustainable development goals. The industrial 
sector can be described as the locomotive of the Turkish economy, and the energy needs of this sector 
increase proportionally with economic growth. The expansion of production capacities, new investments, 
and the adoption of technological advancements are fundamental reasons for the increasing electricity 
demand. The presence of energy-intensive industries significantly contributes to the rise in industrial 
electricity consumption. The relationship between industrial electricity consumption and economic growth 
emphasizes the importance of enhancing efficiency in production processes, increasing competitiveness, 
and creating employment, while also strengthening the country‘s industrial infrastructure. However, it is 
crucial to consider this increase in energy demand from a sustainability perspective. Energy efficiency, 
a shift to renewable energy sources, and the reduction of environmental impacts are vital elements  
to maintain a balance between industrial electricity consumption and economic growth.

In this study, the linkage between electricity consumption, industrial electricity consumption,  
and economic growth in Turkey for the year 2021 is spatially examined. By incorporating spatial 
dependence in energy consumption using spatial data, the aim is to reveal the relationship between 
energy consumption among Turkish provinces and regional growth. 

1 LITERATURE REVIEW
There is a vast literature examining the relationship between electricity consumption and economic growth, 
with numerous studies published in recent years addressing these topics. Cui et al. (2021) conducted  
a spatio-temporal analysis across prefecture-level cities in China from 1999 to 2014, revealing a positive 
correlation between industrial electricity consumption and economic growth. Their study emphasizes 
the significant role of energy-intensive industries in driving urban economic expansion. Li et al. (2023) 
explored the effects of urban sprawl on electricity consumption in 283 prefecture-level cities in China, 
providing empirical evidence of the impact of urban development on energy usage patterns. Chen 
and Fang (2018) examined the relationship between human capital investment, industrial electricity 
consumption, and economic growth in Chinese cities, highlighting the importance of education  
and skills training in fostering sustainable development. Shakouri et al. (2020) investigated the impact 
of financial development on urban electricity consumption through spatial and heterogeneity analysis, 
revealing insights into the interconnectedness of financial systems and energy usage patterns. Qi et al. 
(2023) explored the allometric growth relationship between electricity consumption and economics  
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in China, offering insights into the evolving patterns of energy usage and economic development. 
Chica-Olmo et al. (2020) conducted a spatial analysis of the relationship between economic growth and 
renewable energy consumption in European countries, contributing to the understanding of renewable 
energy transitions and their economic implications. Yang and Cui (2022) examined the effect of energy 
consumption on China‘s regional economic growth from a spatial spillover perspective, highlighting 
the importance of considering spatial interdependencies in energy and economic systems. Zhao et al. 
(2021) modeled the spatial correlations among energy consumption, economic growth, and the ecological 
environment, providing insights into the complex interactions between energy usage, economic activity, 
and environmental sustainability. Radmehr et al. (2021) analyzed the nexus between renewable energy 
consumption, CO2 emissions, and economic growth in EU countries using simultaneity spatial modeling 
techniques, contributing to the understanding of renewable energy transitions and climate change 
mitigation efforts. Formánek (2020) explored semiparametric spatio-temporal analysis of regional GDP 
growth with respect to renewable energy consumption levels, providing valuable insights for policy 
formulation and sustainable development strategies.

Electricity consumption and its relationship with economic growth have been extensively examined 
both globally and specifically within the Turkish context. However, there is a limited body of research 
directly exploring the correlation between electricity consumption in the industrial sector and the size  
of the industrial sector in Turkey, with due consideration to spatial effects. A summary of recent literature 
on the subject in Turkey is provided below: In a study by Karaca and Karacan (2016), the data influencing 
electricity consumption and production in Turkey were evaluated using the multiple regression method. 
The analysis revealed a significant relation between electricity consumption and gross domestic product 
(GDP), indicating that changes in GDP positively impact electricity consumption. Güvenoğlu and Aydın 
(2018) examined the relationship between electricity consumption and economic growth at the provincial 
level in Turkey. Their study covering the years 2007–2014 identified a mutual causality relationship between 
the two variables. Öz and Togay (2018) investigated the effects of structural reforms in the electricity sector 
on economic growth in Turkey from 1980 to 2015. The study established cointegration and a long-term 
relationship between the two variables, with causality tests confirming a causal relationship from GDP 
to electricity consumption. Yıldırım and Dağdemir (2018) analyzed the relationship between electricity 
consumption and economic growth in Turkey for the period 1999–2015, revealing a unidirectional causal 
relationship from electricity consumption to GDP.

Turkan and Ozel (2019) conducted a study that examined the predictors of electricity consumption 
utilizing a panel data approach for NUTS2 regions. Ayol (2020) conducted a study testing the relationship 
between electricity consumption and economic growth using panel cointegration tests at the NUTS 2 
level. The analysis showed that electricity consumption had a long-term impact on economic growth. 
Akarsu and Berke (2020) investigated the presence of absolute and conditional beta convergence of per 
capita total electricity consumption across the provinces of Turkey between 1986 and 2013. Türkmen et al. 
(2022) explored the regional level of per capita total and industrial electricity consumption convergence 
(divergence) with spatial panel data for the period 2007–2017. The analyses revealed both absolute and 
conditional convergence mechanisms in terms of both total and industrial consumption values among 
the provinces in Turkey. Eralp (2023) examined the structural relationship and potential inverted U-shape 
relationship between industrial sector electricity consumption and the size of the industrial sector using 
panel time series analyses covering 81 provinces at the NUTS 3 level for the period 2004-2019. The study 
suggested that, under total spatial effects, the scale effect of the industrial sector size is expected to dominate 
up to 280 billion US dollars, followed by the dominance of composition and technical effects. Kurkcuoglu 
(2023) delved into the concept of energy justice within the framework of natural gas distribution. 
Their research, based on an analysis of 356 neighborhoods in the Izmir Metropolitan Area, employed 
various regression models including linear regression (LR), geographically weighted regression (GWR),  
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and multiscale geographically weighted regression (MGWR). The results indicated that population, 
income, employment, and areas identified as disadvantaged play crucial roles as determinants influencing 
natural gas investments.

2 METHODOLOGY OF ANALYSIS AND DATA DESCRIPTION
The research was primarily conducted by initially describing spatial data and subsequently estimating 
empirical models to draw inferences (Aral and Bakır, 2022). In the process of describing spatial data, 
the summary statistics were computed and global spatial autocorrelation was utilized. Additionally,  
the spatial relationship between electricity consumption and economic growth was analyzed using both 
the GWR model and the MGWR model.

2.1 Exploratory spatial data analysis
Before applying GWR, calculating global Moran’s I index is a common practice to assess the presence  
of spatial autocorrelation in the data. Moran‘s I, proposed by Moran (1950), is an indicator  
of whether there is spatial clustering, dispersion, or randomness in the data. The formula for Moran’s I  
is as follows:
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where n is the number of the regions, xi is the observed value of the region i, i, jω  are the spatial 
weights that denote the spatial proximity between regions  i  and  j. Various methods exist for 
determining spatial weights. In this study, queen contiguity, based on shared borders, is utilized to 
establish interactions among the examined provinces in Turkey. The adjacency binary matrix for this  
study is:

 is assumed to be zero (  = 0).

The p-value associated with the standardized Moran‘s I statistics, 
 

, if statistically significant, indicates the presence of a spatial effect. Furthermore,  
in this study, Moran‘s I value has been computed for the residuals to assess the existence 
of spatial dependence in the regression model. A positive Moran‘s I value detected during 
regression analysis might suggest the presence of spatial autocorrelation within the model, 
underscoring the significance of acknowledging such spatial dependency. Conversely, a negative 
Moran‘s I value could indicate a breach of the assumption of spatial independence within  
the model.

2.2 Geographically Weighted Regression
The linear regression (LR) model is written as follows:
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The LR model in (2) is rewritten in vector-matrix form as:

 �y X + ε�� ,                                                                                            � (3)

where y is the nx1 vector of reponses, X is the nxp matrix of explanatory variables, β is the px1 vector  
of unknown parameters and ε is the nx1 vector of error with E(ε)=0 and 2

nV( ) � �ε I ,  2

nN( )�ε ~ 0, I .  
The  1ˆ ( )�� �� XX X y��  is the estimation of β and ˆˆ �y  is the fitted vector of y. The estimation of σ2  
is 2 ˆ ˆs ( ) ( ) / (n p) / (n p)� �� � � � � �y y y y e e .  

In practical applications, the relationships between variables can exhibit spatial variations. Unlike  
LR model, GWR model allows for local variations in the estimation of coefficients (Gwarda, 2018; Millo 
and Piras, 2012). The GWR model can be expressed as follow:

                                                   ,                                        � (4)
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weighting of each observed data for regression point i at location (ui , vi). This weighting is determined  
by a kernel function. The weight matrix is obtained from a kernel function that assigns weight  
to observations closer to the location i. One commonly used kernel function is the bi-square nearest 
neighbor function: 
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where the distance between location i and location j denoted as dij, and b represents the distance  
to the Nth nearest neighbor. Bi-square kernel exhibits similar discontinuity by assigning null weights  
to observations with a distance greater than b. They assign weights that decrease as the distance 
between observation points increases, up to the distance b. Therefore, these kernels are considered as 
distance-decay weighting kernels, similar to Gaussian and exponential kernels (Wheeler, 2007; Wheeler,  
2009). 

The outcomes of GWR model are influenced by the choice of bandwidth for the weighting function. 
Therefore, selecting the most appropriate bandwidth value is a crucial aspect of GWR model. To determine 
the optimal bandwidth, the Cross-Validation (CV) approach proposed by Cleveland (1979) is employed. 
This approach involves:

n
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ˆCV (y y (b))�
�

� ��
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where  iŷ (b)�  is the fitted value of yi with the ith observation omitted from the data. The b that minimizes 
CV is the optimal b value (Fotheringham et al., 2002; Wheeler, 2007). The optimal kernel bandwidth  
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for GWR can be determined by minimizing certain model fit diagnostics. These diagnostics may include  
a leave-one-out cross-validation (CV) score (Bowman 1984), which focuses solely on model prediction 
accuracy, or the Akaike Information Criterion (AIC; Akaike 1973), which takes into account model 
parsimony.

2.3 Multiscale Geographically Weighted Regression (MGWR)
A recent improvement in GWR, known as Multiscale GWR (MGWR), eliminates the single bandwidth 
assumption and enables the optimization of covariate-specific bandwidths (Fotheringham et al., 2017). 
This allows each parameter surface to have a distinct degree of spatial variation, capturing variations 
across covariate-specific processes. Consequently, MGWR can discern local, regional, and global processes 
by optimizing a different bandwidth for each covariate. Furthermore, in MGWR, bandwidths serve  
as explicit indicators of the scale of various processes that are in operation. The transition from a single-
scale local model (GWR) to a multiscale local model (MGWR) introduces flexibility and improves model 
fit, albeit at the expense of increased computational complexity. This increased complexity is a result  
of multiscale models having more parameters to be estimated compared to their single-scale  
counterparts.

MGWR builds upon geographically weighted regression (GWR). It is a local regression model that 
allows the coefficients of the explanatory variables to vary across space. Each explanatory variable 
may operate at a different spatial scale. GWR does not account for this, but MGWR does by allowing  
a different neighborhood (bandwidth) for each explanatory variable. The neighborhood (bandwidth) of an 
explanatory variable determines the features that are used to estimate the coefficient of that explanatory 
variable in the linear regression model that is fit for a target feature. MGWR methods are expanded  
by investigating linkage at different spatial scales using varying bandwidths, as opposed to relying  
on a single, constant bandwidth. This flexibility in utilizing different bandwidths allows MGWR  
to model a broader spectrum of geographic phenomena compared to other regression models.The MGWR  
is expressed as:

                                                         ,   � (7)
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where  i ibwk(u ,v )�  is the estimated coefficient of k-th explanatory variable for the  i-th with the bw bandwidth. 
The optimal bandwidth was determined by the CV verification method.  

2.4 Data description
In this study, indicators of electricity consumption and economic growth at the 81 provincial level for  
the year 2021 were examined. Upon reviewing the literature, Gross Domestic Product (GDP) has commonly 
been used as an indicator of economic growth. The study analyzed data on per capita total electricity 
consumption (PEC) and per capita industrial electricity consumption (PIEC). Per capita residential 
building area (PRBA), per capita industrial building area (PIBA) and per capita GDP (PGDP)  were also 
considered as indicators of economic growth. LR, GWR, and MGWR model results were obtained and 
compared for two types of electricity consumption. The data is obtained from TURKSTAT. The variables 
used in the analysis were determined based on the previous studies. The variables, variable abbreviations 
and institutions from which the variables were obtained are given in Table 1. The descriptive statistics 
for all variables are provided in Table 2. 

The border neighborhoods were extensively examined using the Moran‘s I test. The map in Figure 1, 
it is created to delineate the border neighborhoods of the provinces for calculation.
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Table 1  Variables, variable abbreviations and sources of data

Source: Author's own construction

Dependent variables Variable abbreviations Source of data

Per capita electricity consumption (kWh) PEC TURKSTAT

Per capita industrial electricity 
consumption (kWh) PIEC TURKSTAT

Independent variables TURKSTAT

Per capita residential building area (m2) PRBA TURKSTAT

Per capita industrial building area (m2) PIBA TURKSTAT

Per capita gross domestic product (TL) PGDP TURKSTAT

Table 2  Descriptive statistics of variables

Variables Min. Q1 Mean Median Q3 Max.

PEC 0.9435 2.9596 3.9576 3.5521 4.9829 11.0044

PIEC 0.0075 0.5093 1.9110 1.3750 2.6066 9.5827

PRBA 0.5737 1.1341 1.4948 1.4889 1.8572 4.9268

PIBA 0.0006 0.1054 0.1528 0.1474 0.1852 0.5044

PGDP 26.0500 63.1900 81.6500 80.0200 88.9400 151.8100

Source: Author's own calculation

Figure 1  Neighborhood boundaries map

Source: Author's own construction

The gobal Moran’s I statistics and the p values related to standardized Moran’s I statistics is obtained  
as in Table 3. Moran’s I statistics given in Table 3 validate spatial autocorrelation with a significant p-value 
for all dependent variables (He et al., 2021).
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Table 3  Values of global Moran’s I statistics

Note: ** significiant level 0.01, * significiant level 0.05.
Source: Author's own calculation

Dependent variables Moran’s statistic I p value

PEC 0.0875 0.0000**

PIEC 0.1106 0.0371*

3 EMPIRICAL RESULTS
Initially, the LR model was employed to identify the relationships between PEC and PIEC with 
PRBA, PIBA, and PGDP. It is evident from the VIF values presented in Table 4 that there is no issue  
of multicollinearity among PRBA, PIBA, and PGDP. However, upon examination the Breusch-Pagan 
statistics in Table 4 and the scatter plots depicted in Figure 2, it becomes apparent that there exists a problem  
of heteroscedasticity.

The significance of the Breusch-Pagan test indicates changing variance statistically. Additionally,  
the scatter plot of residuals against predictions indicates non-randomness, hence confirming  
the presence of changing variance. Furthermore, upon examining Figure 2, the red dots represent the 
outliers in the dataset. In such cases, the standard errors for the regression coefficients become unreliable.  
To address these issues, robust standard errors, which provide more accurate estimates of the standard 
error values, have been calculated.

Figure 2  The scatterplot of predicted values and deleted studentized residuals: a) PEC, b) PIEC
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Table 4  Summary of the LR model via robust standard errors

Source: Author's own construction

Note: ** significiant level 0.01, * significiant level 0.05.
Source: Author's own calculation

Coefficient Std. error t value VIF p value

PEC

Intercept 0.3211 0.5041 0.6372 – 0.5259

PRBA –0.1425 0.1971 –0.7228 1.0208 0.4720

PIBA 4.3093 1.5371 2.8036 1.3947 0.0063**

PGDP 0.0403 0.0104 3.8596 1.3773 0.0002**

Breusch-Pagan test statistics: 8.413; p value = 0.0381*
Morans’I for residuals: 0.4693, p value = 0.0000**

PIEC

Intercept –0.9415 0.4897 –1.9224 – 0.0582

PIBA 4.0247 1.6087 2.5018 1.3769 0.0144*

PGDP 0.0330 0.0104 3.1669 1.3769 0.0021**

Breusch-Pagan test statistics: 7.172; p value is 0.0276*
Morans’I for residuals:0.3834,  p value = 0.0000**

b)

Figure 2                                                                                                                                                                                  (continuation)
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After conducting the Moran‘s I tests and examining the spatial distribution of residuals, spatial 
dependence has been observed in the data. Therefore, spatial regression techniques, namely GWR and 
MGWR, are used to more accurately capture the spatial nuances within the data. The results obtained 
from GWR and MGWR models presented in Tables 5–6.

According to results in Table 4, PIBA and PGDP display statistically significant influences on both 
PEC and PIEC. Particularly, the variables PIBA and PGDP exhibit a positive correlation with PEC and 
PIEC in the LR model. At the median level, MGWR produces similar estimations for the variables PIBA 
and PGDP concerning PEC and PIEC when compared to GWR results in Table 5-6. The local impact  
of PIBA and PGDP on both PEC and PIEC is generally positive.

Figure 3  The spatial distribution of residuals of a) PEC, b) PIEC

Source: Author's own construction

By considering the residual distribution maps in Figure 3 a–b, it can be inferred that the clustered 
patterns might arise from random chance, indicating notable spatial autocorrelation and spatial 
heterogeneity. The residuals indicate the presence of numerous cities exhibiting either high or low 
standard residuals, with their distributions appearing somewhat uneven and clustered. Moran’s I statistics 
is calculated for residuals whether there is no spatial autocorrelation during linear regression analysis.  
The Moran‘s I values of 0.4693 for PEC and 0.3834 for PIEC suggest a moderate level of positive spatial 
autocorrelation in the estimated LR model. These values indicate a tendency for observations to cluster 
in regions where similar values are close to each other geographically.

a)

b)

–3.0 to –0.1
–0.1 to 0.1
0.1 to 4.5

–2.8 to –0.1
–0.1 to 0.1
0.1 to 4.8
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Table 5  Summary of GWR model

Source: Author's own calculation

Source: Author's own calculation

Table 6  Summary of MGWR model

Min. Q1 Median Mean Q3 Max.

PEC

Intercept –0.022 0.2310 1.3172 1.0432 1.6915 1.7784

PRBA –0.5472 –0.4769 –0.3418 –0.2669 –0.0145 0.0577

PIBA 1.8724 2.5353 3.2190 4.1149 6.2400 6.3845

PGDP 0.0258 0.0328 0.0346 0.0340 0.0358 0.0374

PIEC

Intercept –0.8853 –0.8365 –0.6324 –0.6947 –0.5942 –0.4702

PIBA 2.3875 2.7443 2.9320 3.6146 4.8114 5.1908

PGDP 0.0271 0.0283 0.0316 0.0306 0.0326 0.0334

Bandwidth Min. Q1 Median Mean Q3 Max.

PEC

Intercept 37 0.0221 0.5595 2.1023 1.6404 2.4442 2.7492

PRBA 64 –0.6972 –0.4905 –0.2693 –0.2581 0.0141 0.0719

PIBA 78 1.4694 2.0272 2.3026 2.3559 2.8066 3.1457

PGDP 74 0.0169 0.0256 0.0277 0.0268 0.0285 0.0291

PIEC

Intercept 37 –0.7752 –0.5173 –0.0113 –0.0761 0.3440 0.5872

PIBA 78 1.4361 2.0200 2.2864 2.2627 2.6071 2.8557

PGDP 78 0.0201 0.0221 0.0225 0.0231 0.0246 0.0254

In addition to comparing the model fit, the maps are generated and compared for GWR and 
MGWR results in Figures 4–5. These maps illustrate local variation and the local statistical significance  
of coefficients. In Figures 4–5, the highlighted provinces within the red frame indicate the regions where 
the parameter is statistically significant.

Maps are used to illustrate whether GWR and MGWR yield similar or disparate estimates for each 
variable and their geographic distribution. In the GWR model, the PRBA variable is found to be insignificant 
in all observations, while in the MGWR model, it is insignificant in 38% of the observations (refer  
to Figure 5 a). The coefficient values of PRBA were found to be statistically insignificant for the eastern 
regions of Turkey. Additionally, they demonstrate lower magnitudes and a negative effect in the central 
and western regions on PIEC (refer to Figure 5 a). 

The PIBA variable is insignificant in in 59% of the observations in the GWR model and is insignificant 
in 51% of the observations in the MGWR model for PEC (refer to Figure 4 a, Figure 5 a). The coefficients  
of the PIBA variable derived from the GWR model were statistically significant for Turkey‘s eastern 
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Figure 4  Spatial distribution of the parameters of the GWR model for a) PEC and b) PIEC

a)

b)

PIBA

PGDP

PGDP

PIBA

1 to 2
2 to 3
3 to 4
4 to 5
5 to 6
6 to 7

0.024 to 0.026
0.026 to 0.028
0.028 to 0.030
0.030 to 0.032
0.032 to 0.034
0.034 to 0.036
0.036 to 0.038

0.027 to 0.028
0.028 to 0.029
0.029 to 0.030
0.030 to 0.031
0.031 to 0.032
0.032 to 0.033
0.033 to 0.034

2.0 to 2.5
2.5 to 3.0
3.0 to 3.5
3.5 to 4.0
4.0 to 4.5
4.5 to 5.0
5.0 to 5.5

Source: Author's own construction
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regions, while those obtained from the MGWR model were statistically significant except for the eastern 
regions. The associated coefficient values are lower in the central and western parts both GWR and 
MGWR (see Figure 4 a, Figure 5 a).  When examining the model results obtained for PIEC, it is observed 
that the PIBA variable is deemed insignificant in 67% of the neighborhoods in the GWR model and 51%  
of the observations in the MGWR model (refer to Figure 4 b, Figure 5 b). The coefficient values obtained 
from the GWR model are statistically significant for Turkey‘s eastern regions (see Figure 4 b), while those 

Figure 5  Spatial distribution of the parameters of MGWR model for a) PEC and b) PIEC

a)

PRBA
–0.8 to –0.6
–0.6 to –0.4
–0.4 to –0.2
–0.2 to 0.0
0.0 to 0.2

1.0 to 1.5
1.5 to 2.0
2.0 to 2.5
2.5 to 3.0
3.0 to 3.5

PIBA

PGDP
0.016 to 0.018
0.018 to 0.020
0.020 to 0.022
0.022 to 0.024
0.024 to 0.026
0.026 to 0.028
0.028 to 0.030

Source: Author's own construction
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Figure 5                                                                                                                                                                                   (continuation)

b)

obtained from the MGWR model are statistically significant except for most provinces in Turkey‘s eastern 
and northeastern regions (see Figure 5 b). Additionally, it is observed that the coefficient values of PIBA 
are lower in the regions where they are statistically significant.

When examining the PGDP indicator, it is observed that it is significant in all locations in the 
estimated GWR model for both PEC and PIEC (see Figure 4 a–b). Additionally, the coefficients  
of PGDP are higher in the western regions where industrial areas are predominantly located. Upon 
inspection of the MGWR model results, it is observed that the PGDP variable is significant in nearly 
all regions for both PEC and PIEC, with coefficients notably higher in the western regions compared 
to other areas (refer to Figure 5 a–b). The disparity between the two models becomes evident, 
especially concerning statistically significant neighborhoods, particularly for the PRBA and PIBA  
variables.

Table 7 presents the model performance criteria of LR, GWR, and MGWR models. R-squared 
assesses the model fit, where elevated values signify a greater explanation of variability in the 
dependent variable. AIC,  AICc and BIC offer a more precise diagnostic for model fit, with lower 
values indicating a superior fit. The results demonstrate that the MGWR model outperforms the 
others, exhibiting lower values for AIC and AICc along with higher R-squared for modeling on PEC  
and PIEC. 

PIBA
1.0 to 1.5
1.5 to 2.0
2.0 to 2.5
2.5 to 3.0

PGDP
0.020 to 0.021
0.021 to 0.022
0.022 to 0.023
0.023 to 0.024
0.024 to 0.025
0.025 to 0.026

Source: Author's own construction
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Source: Author's own calculation

Table 7  Model performance criteria for LR, GWR and MGWR

LR GWR MGWR

PEC

R2 0.4606 0.5090 0.5826

AIC 294.3731 283.2820 273.9483

AICC 295.1731 293.5915 290.3986

BIC 247.3176 224.4637 228.1130

PIEC

R2 0.3681 0.3881 0.4635

AIC 297.9660 292.3253 284.9482

AICC 298.4923 300.4186 297.876

BIC 244.1216 228.1936 231.9474

CONCLUSION
This study investigates the relationship between electricity consumption and economic growth using 
spatial regression models. LR, GWR, and MGWR models were employed for this analysis. Detecting 
the presence of spatial effects, the study compares the results of GWR and MGWR models, with MGWR 
being identified as superior in terms of performance. When examining the MGWR model results for  
the PEC and PIEC variables, it was found that PRBA and PIBA were generally statistically significant except 
for the eastern regions, while PGDP is statistically significant for all regions. PRBA values have a negative 
impact on PEC in the western regions (Figure 5 a). In the western regions of Turkey, there is an inverse 
relationship observed between per capita residential building area and per capita electricity consumption. 
This phenomenon is likely due to more widespread energy efficiency measures in these regions, which 
typically have higher income levels and more modern infrastructure. Additionally, the presence of densely 
populated cities and smaller average household sizes in the western regions may contribute to lower per 
capita electricity consumption. However, it should be noted that economic, social, and environmental 
policies may also play a role in shaping this inverse relationship. These findings provide valuable insight 
into understanding the differences in residential building structures and energy consumption patterns 
across different regions of Turkey and can inform the development of energy policies.

According to the MGWR model results, it is observed that the PIBA variable has a positive effect  
on both PEC and PIEC. The coefficients of the PIBA variable have a consistent regional effect on PEC 
and PIEC. The PIBA variable is generally statistically significant in affecting both PEC and PIEC, except 
for the eastern regions of Turkey, and the coefficient values in the western regions are lower compared 
to the eastern regions. The reasons for the lower PIBA in western regions affecting PEC and PIEC 
(Figure 5 a–b) are based on various factors. These regions generally have higher income levels and more 
advanced infrastructure. Therefore, industrial facilities may use more modern equipment and more 
effective energy efficiency measures. Additionally, western regions may be more focused on the service 
sector, and industrial facilities may be less intensive or smaller in scale. In areas with higher population 
density, industrial facilities are likely to have less space compared to residential areas. The combination 
of these factors may contribute to the lower per capita industrial building variable in western regions 
affecting PEC and PIEC.
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In MGWR models, a positive and statistically relationship was observed between PGDP and PEC  
as well as PIEC in all regions. According to the results of the MGWR model, the effect of PGDP on PEC 
showed similar trends in both eastern and western regions of Turkey (Figure 5 a). One reason for its 
higher significance in western regions is that these areas generally possess more advanced economic 
infrastructure and industrial activities. Higher income levels and economic growth in these regions 
may lead to increased electricity consumption. Additionally, the population density in western regions 
is usually higher, which is associated with higher electricity consumption. In cities with high population 
density, electricity consumption tends to be higher, thereby enhancing the impact of PGDP on per capita 
total electricity consumption. Consequently, the higher coefficient values of PGDP on per capita total 
electricity consumption in western regions may be attributed to the advanced economic structure, high 
population density, and presence of modern industrial facilities in these areas. The combination of these 
factors may contribute to a more pronounced effect of PGDP on electricity consumption in western 
regions. The main reason for the higher impact of PGDP on electricity consumption in eastern regions 
compared to the interior regions is likely due to the infrastructure being older and less developed. Older 
and less developed industrial facilities generally tend to be less efficient and consume more energy. This 
can result in an increase in per capita total electricity consumption. The PGDP has a positive effect  
on PIEC, with this effect being higher in the western regions (Figure 5 b). There are several possible reasons 
for this phenomenon. Firstly, western regions generally have more advanced industrial infrastructure 
and technology. Industrial facilities and factories in these regions typically utilize modern equipment 
and more efficient production processes, which can enhance the impact of PGDP on industrial electricity 
consumption. Secondly, industrial activities in western regions are often more intensive and diversified. 
These regions may have a larger share in production, manufacturing, and other industrial activities, making 
the effect of PGDP on industrial electricity consumption more pronounced. Thirdly, economic growth 
and income levels are typically higher in western regions. Higher income levels may lead to increased 
electricity consumption by both consumers and industries, further amplifying the impact of PGDP  
on industrial electricity consumption.

The findings of this study emphasize the complexity of the spatial relationship between electricity 
consumption and economic growth, highlighting the significant role of geographical factors in this 
relationship. Furthermore, the multiscale geographically weighted regression model was found to more 
effectively explain this complex relationship. In conclusion, economic activities and industrial zones 
have a decisive impact on electricity demand. These findings can provide valuable insights for energy 
planning, economic development, and sustainability strategies.
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