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Abstract

Understanding the directionality of the relationship between artificial light at night (ALAN)
and economic activity is crucial for evidence-based policymaking aimed at accelerating
and sustaining development. In particular, this knowledge may help to ensure that ALAN
does not serve just a proxy for economic activity, when information is unavailable, but
may also become a meaningful development indicator on its own. However, the question
remains about the directionality of the GDP-ALAN relationship: Does an increase in GDP
simply leads to more nighttime light emissions, while the reverse link is negligible, or is
this relationship two-directional, with ALAN affecting economic development as well. The
present study attempts to answer this question by applying the Granger directionality
test to time series panel data available for 1300+ EU NUTS-3 regions over the period of
2001-2021. The study aims to determine the directionality of the relationship between GDP
and ALAN in European NUTS-3 regions, distinguishing between Western and Eastern
Europe and between different measurement eras (DMSP-OLS vs. VIIRS). The analysis
reveals a complex and bidirectional relationship that varies in strength. In particular, for
the years 20012013, the analysis showed that GDP led to more ALAN emissions, while
the reverse link was much weaker and negative. However, after 2013, this relationship has
become unidirectional, with GDP continuing to lead to more ALAN emissions, but not
vice versa. These findings highlight the importance of considering long-term trends when
interpreting ALAN emissions as an indicator of economic development, which is widely
used in empirical studies at present.
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1. Introduction

Establishing the link between economic activity and measurable environmental factors,
such as light emissions, is essential for evidence-based policymaking, as it allows decision
makers to justify investments in lighting while optimizing energy efficiency [1,2].

Artificial Light at Night (ALAN) has become a widely used indicator of economic
performance, especially in regions where traditional indicators, such as GDP or PPP, are un-
available or unreliable. Despite its popularity, significant gaps remain in our understanding
of the causality of relationship between ALAN and economic development. In particular,
the temporal and regional variability of this interaction remains underexplored, raising
concerns about potential endogeneity and misinterpretation of results in empirical studies.
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Previous studies have shown that ALAN can reflect economic activity on the ground,
particularly in developing regions, and has therefore been widely used to predict GDP,
monitor urbanization, and assess infrastructure development (e.g., [3-5]). However, these
studies often treat ALAN as a one-way proxy, without exploring its potential feedback
effects or how its link with GDP evolves over time and across different contexts [6,7].
Understanding the two-way connection is not only a methodological concern but also a
practical one. If ALAN is used as an indicator of economic performance without accounting
for its potential feedback effects, it can lead to biased interpretations of development trends
and misinform policy decisions, particularly in regions undergoing rapid structural or
technological change.

The present study aims to address two key research objectives: (1) to examine the
direction and strength of the relationship between GDP and ALAN, and (2) to assess how
this interaction varies across time periods and regional contexts. To carry out the study,
Granger directionality tests were used for panel data [8]. This method allows for testing
temporal precedence and potential causality in both directions across multiple regions,
making it particularly suitable for evaluating dynamic and bidirectional relationships such
as those between GDP and ALAN on the NUTS-3 level. The analysis was based on time
series data available for European NUTS-3 regions and examined the links between GDP
and ALAN for two separate periods: 2001-2013, covered by the Defence Meteorological
Satellite Programme (DMSP-OLS), and the period between 2013 and 2021, covered by
the Visible Infrared Imaging Radiometer Suite (VIIRS) programme. Fixed effects panel
regressions were used to assess long-term trends.

Theoretical mechanisms underlying this relationship include the lighting saturation
effect, where economic growth in developed regions no longer leads to increased light
emissions due to infrastructure maturity and energy-saving technologies [2,9]. On the
contrary, in developing regions, economic expansion often results in increased lighting due
to growth and electrification of the infrastructure. Improvements in energy efficiency, such
as the adoption of LED lighting and smart systems, further complicate this relationship by
decoupling light emissions from economic output [10].

The conceptual model, presented in the study, provides the theoretical framework
for the empirical analysis and interpretation of findings, particularly in relation to the
bidirectional causality and potential endogeneity that may arise when ALAN is used as a
proxy for GDP. The study also discusses the implications of using separate satellite datasets
(DMSP and VIIRS) and the limitations associated with each, further contributing to the
understanding of ALAN as a development indicator.

2. The Use of ALAN in Development Studies

The growing availability of ALAN data offered a way of examining socioeconomic
and environmental dynamics at a subnational level [2,3,11,12]. However, understanding
and interpreting the relationship between ALAN and economic growth is more important
rather than simply acknowledging it [2,13,14]. In addition, the possibility of a reverse
influence is critical. If increases in GDP lead to greater nighttime light emissions, while the
impact of nighttime light on stimulating economic activity is limited, then using ALAN as
a proxy for GDP could be accurate. However, if ALAN emission significantly affects GDP
as well, such an approximation can be misleading, resulting in an endogeneity bias [15,16].

As widely acknowledged, ALAN, emitted by human-made sources during night,
provides a consistent and continuous proxy for human presence and activity [17]. In
addition, ALAN becomes a potent indicator of territorial development, particularly in
contexts where conventional socioeconomic data is scarce or aggregated at scales being too
broad for generating detailed insights [18].



Sustainability 2025, 17, 10287

30f18

In recent empirical studies, ALAN is commonly employed as a proxy for economic
output, helping to track growth, identifying periods of stagnation, and evaluating the
efficacy of policy interventions [3,5,19,20]. It also helps to delineate urban footprints [1,21],
monitors urban sprawl [22], and pinpoint emerging urban centers [23].

Furthermore, ALAN data help to shed light on regional energy consumption patterns,
help assess efficiency, and identify areas heavily affected by light pollution [24]. During
crises, shifts in ALAN can swiftly signal the impact of natural disasters or conflicts on
human settlements and infrastructure, facilitating rapid damage assessment and recovery
monitoring [25]. Moreover, the intensity of ALAN often correlates with population density,
allowing for more accurate growth estimations in areas where traditional census data may
be infrequent or unreliable [26].

However, despite these advantages, the use of ALAN is beset by significant challenges. A
primary concern revolves around data quality issues, which historically included sensor saturation
in brightly illuminated areas, blooming effects, and difficulties with inter-satellite calibration [27].

While newer generations of ALAN sensors largely mitigate these problems, they
remain crucial considerations in data interpretation [7,21,27]. The relationship between
ALAN and economic development is often non-linear and can be time-varying and possibly
bidirectional [2]. This inherent complexity introduces the critical risk of endogeneity bias
when ALAN is used to infer economic conditions without explicitly accounting for potential
reverse effects [4,16].

Other contextual factors, such as the urban-rural divide, sectoral specialization, and
the overall level of development, also play a role in shaping the consistency and strength of
the ALAN-economic activity linkage [2,6,10,23,28].

It should also be noted that the effect of economic development on ALAN emissions is
supported by solid empirical evidence (see, e.g., [3,10,29,30]), while the empirical evidence
about the reverse effect appears to be limited [7,29]. Furthermore, as empirical studies
show, the relationship between nighttime lights and economic indicators is shaped by
several exogenous factors:

e  Urban-rural divide: the impact of ALAN on economic development appears to be
stronger in urban areas than in the rural hinterland [3,29].

e  Development levels: An increase in ALAN emission on economic growth appears to
be stronger in developing economies than elsewhere, and tends to decrease in places
with higher development levels [2,5,7,10].

e  Population density tends to be negatively associated with ALAN emissions in already
densely populated urban regions showing smaller marginal increases in ALAN relative
to GDP growth [6].

e  Sectoral differences: The intensities of ALAN emission appear to be stronger in the
regions specializing on services, and weaker in the primary (agriculture) sector [10,30].

e  Temporal stability: ALAN is a robust proxy for long-term economic growth [31].

e Type and quality: VIIRS data consistently show more robust results than the
DMSP source [19,29].

Limitations associated with the use of ALAN emission and economic development
proxies are also consistently reported in the literature, such as data noise and saturation
issues, especially for the data available before 2013 [27]; considerable variation in model
fit and estimates across urban and rural areas [3,29]; insufficiently accurate capturing of
informal and agricultural activities [10,30].

As several studies also show, while ALAN reflects GDP growth, it does not necessarily
drive it, as in developed economies, where lighting saturation has been reached [2,10]. As a
result, an increase in ALAN does not necessarily increase proportionally with economic ex-
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pansion, and, as a result, nighttime light emissions become less predictive of real economic
dynamics, thus warranting further investigation.

3. Conceptual Model

Figure 1 below aims to conceptualize the complex interaction between economic
development and ALAN. It focusses on two main paths. The first pathway describes how
GDP affects ALAN, and the second pathway describes the inverse link.

Ilumination
needs

Production,
infrastructure,
services

Human and
ecosystem
health

Ilumination
efficiency

Figure 1. Conceptual diagram describing the relationship between GDP and ALAN.

According to the first pathway, when economic activities (e.g., “Production, Infrastruc-
ture, and Services”) increase, more ALAN is emitted. A sizable part of these light emissions
escape into outdoor space and is captured by satellite sensors [3]. The relationship between
GDP and ALAN is expected to be generally positive because economic growth results in
increased demand for light (“Illumination Needs”). However, it may also become negative,
as stakeholders, especially in developed economies, recognize the value of energy efficiency
and might afford larger investments in ALAN improvements (“Illumination Efficiency”)
by implementing technical innovations, such as focused and efficient lighting or improved
infrastructure. As a result, this relationship is not expected to be constant at all stages of eco-
nomic development. In advanced economies, additional economic growth could lead only
to marginal increases in ALAN due to already extensive illumination infrastructure [2,10],
while in developing economies, economic growth may produce a rapid and visible increase
in nighttime illumination, driven by expanding infrastructure, industrialization, and in-
creased access to electricity. As income levels increase and urban areas grow, the demand
for public lighting, commercial activity, and residential illumination increases, resulting in
a strong positive link between GDP and ALAN.

The second pathway describes how ALAN might influence GDP: increased nighttime
illumination could have a positive effect on the economy, as people can work longer
and engage more in commerce and entertainment after dark, which in turn may boost
“Production, Infrastructure, and Services.” However, excessive ALAN, if not managed well,
can cause problems, such as circadian disturbance, obesity, cancer, and poor sleep [24,32].
These associated environmental and health costs might, in turn, hurt long-term productivity
of workers, and, in turn, slow down economic growth.

4. Research Hypotheses

Building on the gaps identified in the literature and the objectives of the study, we
propose the following three hypotheses to guide the empirical analysis.
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As previous studies show, the association between ALAN and economic growth ap-
pears to be unidirectional, with economic growth found to be increase nighttime light emis-
sions, but not necessarily the opposite [3,4], while empirical evidence for the reverse effect
of ALAN on economic growth appears to be limited [3,7,29]. Therefore, our first hypothesis
is that the association between GDP and ALAN is unidirectional: GDP —> ALAN (H1).

The existing literature also highlights that the relationship between ALAN and GDP
is not uniform across geographic space and exhibits considerable variation in different
geographical and economic settings. In particular, empirical studies have consistently de-
tected differences in the ALAN-GDP links for urban vs. rural areas, as well as differences
attributed to sectoral specialization—e.g., agriculture vs. services [3,6,28,29]. Therefore,
our second hypothesis is that the association between GDP and ALAN depends on re-
gional setting, that is, responding to development differences between different regions,
e.g., between Western and Eastern Europe (H2).

The quality and characteristics of satellite data used for ALAN measurements are also
well established [27]. As we previously noted, the DMSP data, available for 1992-2013,
suffered from limitations such as coarse spatial resolution, sensor saturation in brightly lit
urban areas, lack of onboard calibration, and blurring effects [7,27,33]. On the contrary, the
VIIRS satellite observations that became available since 2012 offer substantial improvements,
including much finer resolution, higher radiometric sensitivity, and better calibration [21].
As a result, the choice of satellite data source (also called ‘measurement era’) could be
critical to the accuracy and consistency of the findings. Therefore, we hypothesize that
the association between GDP and ALAN should vary between different input sources of
information used (H3).

It should be noted that the relationship between ALAN and economic activity can be
shaped by many additional factors, including differences in settlement patterns, industrial
composition, and demographic density. In this research, the analysis focuses specifically on
three aspects—directionality, regional development level, and measurement era—as these
dimensions best reflect the structural and temporal diversity underlying variations in the
ALAN-GDP connection.

5. Data Sources and Methodology

The ALAN data for the study were obtained from the Earth Observation Group at the
NOAA National Geophysical Data Centre that provides long-term nightlight composites
from the DMSP-OLS and VIIRS sensors [34]. In particular, we used DMSP-OLS data for the
period 2001-2013, and VIIRS data for the period 2013-2021 obtained as annual compos-
ites. DMSP-OLS provides annual composites with a spatial resolution of approximately
2.7 x 2.7 km at the nadir and reports relative values (0-63) rather than absolute radiometric
ones [27,33]. Concurrently, VIIRS data have a much finer spatial resolution of approxi-
mately 500 x 500 m at nadir, with daily observations aggregated into monthly or annual
composites; VIIRS also offers calibrated radiance values ("W /cm?/sr), resulting in a much
wider dynamic range and improved sensitivity to low light, thus significantly reducing
saturation issues, and features better on-board calibration with lower noise [34].

To make the data consistent and reduce possible measurement errors, both the DMSP-
OLS and VIIRS nightlight datasets were cleaned and adjusted before analysis. In particular,
the DMSP-OLS data, which are recorded as relative brightness values (from 0 to 63), were
standardized for each year to correct for differences between satellites and to reduce the
effects of light saturation [27]. Concurrently, the VIIRS data, which provide actual radiance
values (in nW/cm? /sr), were cleaned by removing stray light and negative readings using
quality masks from the Earth Observation Group [34].
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Because the two datasets use different measurement units and calibration methods,
they were not combined into a single series. Instead, we analyzed them separately as
two distinct periods: 2001-2013 for DMSP and 2013-2021 for VIIRS. This approach keeps
each dataset internally consistent and avoids artificial jumps between the two data sources.
Because the DMSP-OLS and VIIRS sensors differ fundamentally in their spatial resolution,
radiometric calibration, and measurement scales, we chose to analyze them separately
rather than merging them into a single continuous series. Combining these datasets directly
could introduce inconsistencies and artificial discontinuities, potentially biasing the results.
Although harmonized products such as the Simulated VIIRS Nighttime Light (SVNL)
dataset have been developed to merge DMSP and VIIRS data into a unified long-term
series [35], such model-based datasets may propagate errors due to interpolation and
calibration. For this reason, we preferred to rely on the original satellite observations
and perform the analysis for separate periods (2001-2013 for DMSP and 2013-2021 for
VIIRS). Nonetheless, future studies could explore harmonized datasets like SVNL to further
validate and extend the analysis of the ALAN-GDP relationship.

These satellite products were downloaded in raster format and processed using
ArcGISPro v3.x software in the following three steps: (1) extracting raster values for
NUTS-3 boundaries using the ‘mask’ tool; (2) converting the extracted raster values to
points using the ‘raster-to-point’ tool, and (3) spatial aggregation of points to calculate the
average ALAN values per NUTS for each year under analysis.

In parallel, GDP data, area, and population size data were obtained for NUTS3 regions
from the EU statistical office [36]. From these data, we calculated annual GDP values per
capita and per km? for each NUTS-3 region for each year, between 2001 and 2021. Although
GDP per capita can offer insight into individual welfare and consumption patterns, GDP
per km? (economic density) provides an important alternative for a comparison with ALAN
data, as the calculation of economic density is considered to be a more relevant comparison
for ALAN-based analysis in which ALAN values were also calculated as NUTS-3 averages
for areal units, that is, per pixel.

To perform the analysis, we constructed panel datasets separately for the DMSP (2001-2013)
and VIIRS (2013-2021) periods. The original dataset included 1314 NUTS-3 regions of the EU.
However, due to missing observations in either GDP or ALAN for certain years and to ensure
consecutive data across the full period of analysis, we had to drop regions with incomplete time
series to meet the requirements of the Granger directionality test [8].

As some regions showed inconsistent or non-consecutive time coverage, such regions
were omitted from the analysis. As a result, we retained 903 NUTS-3 regions for the
DMSP period and 1223 regions for the VIIRS period. These efforts included removing
NUTS-3 regions with missing or non-consecutive observations in either GDP or ALAN
variables, ensuring that each region had a complete time series for the full period under
analysis. This step was necessary to meet the requirements of the Granger directionality
test and to avoid bias from uneven data coverage. Table 1 provides descriptive statistics to
summarize the distribution and variation in the key variables: GDP per km? and ALAN
for the DMSP (2001-2013) and VIIRS (2013-2021) periods.

The selection of DMSP-OLS and VIIRS datasets was guided by their temporal cover-
age and established use in economic and environmental research. DMSP-OLS provides
consistent historical data from 2001 to 2013, while VIIRS offers improved spatial resolution
and radiometric accuracy from 2013 onwards. These characteristics make them particularly
suitable for analyzing long-term trends and regional variations in ALAN emissions across
European NUTS-3 regions. However, both datasets have limitations. DMSP-OLS suffers
from sensor saturation and lacks on-board calibration, while VIIRS, despite its improve-
ments, may still be affected by atmospheric conditions and stray light. These limitations
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were addressed by separating the analysis into two distinct periods and applying consistent

pre-processing techniques.

Table 1. Descriptive statistics of research variables by year and ALAN data source.

Year Obs. 2 GDP (Million € per km?) ALAN (Digital Number)
Mean SD Mean SD
A. Time period covered by the DMSP data
2001 903 11.991 34.650 15.081 14.100
2002 903 12.317 36.065 15.834 14.323
2003 903 12.498 36.717 15.406 14.300
2004 903 12.934 38.263 13.079 12.880
2005 903 13.286 39.722 14.659 13.575
2006 903 13.947 41.602 14.243 13.613
2007 903 14.736 44271 13.681 13.236
2008 903 15.151 45.923 16.083 14.285
2009 903 14.598 44.691 15.984 14.155
2010 903 15.157 46.474 22.812 16.091
2011 903 15.634 47.086 17.633 14.594
2012 903 15.792 47.653 19.223 15.210
2013 903 16.061 48.702 17.693 14.689
B. Time period covered by the VIIRS data
Year Obs. @ GDP (Million € per km?) ALAN (nW/cm? /sr)
Mean SD Mean SD

2013 1223 18.915 134.600 3.104 11.552
2014 1223 19.418 136.739 3.061 10.912
2015 1223 20.195 141.330 3.052 11.007
2016 1223 20.782 145.379 3.059 10.933
2017 1223 21.541 150.186 3.130 10.414
2018 1223 22.246 155.835 3.249 10.714
2019 1223 23.074 162.302 3.204 10.616
2020 1223 22.221 152.688 3.167 9.490
2021 1223 24.061 166.875 3.328 9.385

a8 Number of NUTS-3 units with available data.

Data Analysis

In the study, fixed-effects panel regressions on log values of the variables were used to

estimate long-term relationships. Fixed-effects panel regressions were selected because they

control for unobserved, time-invariant heterogeneity across regions, which is essential when

analyzing spatially diverse units like NUTS-3 regions. This method improves the reliability
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of causal inference by isolating within-region variation over time and therefore, reducing
the risk of omitted variable bias and clarifying the temporal sequence of effects [16]. Granger
causality tests were used to assess the temporal directionality of the relationship between
GDP and ALAN, allowing us to evaluate whether changes in one variable preceded changes
in the other, which is central to our research objectives.

These models make it possible to control unobserved, time-invariant heterogeneity
that may be correlated with independent variables [16]. The models were estimated in
restricted and unrestricted forms, with the restricted model (1) estimated the values of a
dependent variable based only on its own lagged values, while the unrestricted model
(2) estimated the dependent variable based on its own lagged values and the lagged values
of the independent variable:

Yit — Yi = B1 % (Yiee1 — Vi) + (eie — &), (1)
Yie — Yi = B1 X (Yie—1 — Yi) + Ba x (Xie—1 — Xi) + (eie — &), 2)
where Y and X are log (ALAN) or log (GDP); Y and X is team means of log (ALAN) or

log (GDP).

In line with the annual frequency of the data and the relatively short time frame
of the panel (13 years for DMSP and 9 years for VIIRS), the lag order in the Granger
directionality tests was restricted to one year (t — 1). Including higher-order lags (for
example, t — 2) would have significantly reduced the number of effective observations and
degrees of freedom, leading to unstable parameter estimates and potential bias. Thus, a
single-lag structure represents a balanced approach between capturing short-run temporal
dependencies and preserving sufficient data for robust estimation, consistent with standard
practice in macro-panel Granger testing [8,37].

The Wald test was run to compare the comparison between restricted and unrestricted
versions of these models. The modelling was performed using plm() and waldtest() in
open-source R software [38]. The fixed effects modelling method was applied separately to
the data from the DMSP (2001-2013) and VIIRS (2013-2021) satellites, providing insights
into long-run dynamics.

Although Granger-type panel models do not fully resolve endogeneity, the use of
lagged variables and separate models in both directions (ALAN GDP and GDP ALAN)
helps to mitigate the risk of simultaneity [39]. By estimating fixed effects, we further
accounted for unobserved time-invariant heterogeneity and dynamic structure, reducing
the risk of omitted variable bias and clarifying the temporal sequence of effects [16].

6. Results
6.1. General Trends

Figure 2 illustrates the mean and standard error values of the illuminance emitted
from the EU NUTS3 regions calculated using DMSP and VIIRS data. The analysis shows a
marked discontinuity between the two data sources that occurred around 2013. Although
the DMSP (2001-2013) data, measured in digital numbers (DN), exhibit a generally upward
trend, with ALAN peaking sharply around 2010, the VIIRS data (2013-2021), measured
in nWatts/cm? /sr, begin at substantially lower values but remain stable and gradually
increasing. Furthermore, the DMSP values fluctuate moderately over the years, with a
previously noted spike in 2010. In contrast, VIIRS provides more consistent measurements,
probably because of higher spatial resolution and better radiometric performance.

Concurrently, Figure 3 illustrates the standardized mean values of the GDP and ALAN
for the EU NUTS3 regions. In particular, Figure 3A shows the standardized trends of ALAN
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and GDP during the DMSP-OLS satellite period, while Figure 3B displays the standardized
trends of ALAN and GDP for the period covered by VIIRS data.

VIIRS (2013-2021)
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Figure 2. Mean and SD values of illuminance by EU NUTS-3 region estimated from the DMSP satellite
database for 20012013 (digital numbers) and VIIRS satellite database for 2013-2021 (nW/ cm? /sr).
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Figure 3. Change in GDP vs. ALAN by year (A)—time period covered by DSMP satellite data,
(B)—time period covered by VIIRS satellite data. (Note: the graphs feature z-standardized averages
calculated for the NUTS-3 regions under analysis).
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As this figure shows, from 2001 to 2004, both ALAN and GDP show a general de-
cline, with standardized values of ALAN dropping below those of GDP in 2004. Al-
though the overall alignment between ALAN and GDP is noticeable, ALAN appears to be
more volatile and exhibits more pronounced fluctuations, exhibiting a sharp peak around
2010 and a subsequent drop; from 2013 onwards, GDP increases steadily. ALAN also
increases, albeit with some minor fluctuations before a notable dip for both ALAN and
GDP around 2020 that is likely to correspond to the period of the COVID-19 pandemic.
This dip is followed by a sharp recovery and a surge in both indicators in 2021. The visual
alignment between ALAN and GDP appears stronger and more consistent compared to
Figure 3A, especially in the later years (2017-2021) and during the 2020 downturn and
subsequent rebound.

Figure 4 illustrates the spatial distribution of economic density (GDP per km?) in
European NUTS-3 regions for the years 2001 (Figure 4A) and 2021 (Figure 4B). The maps
reveal a persistent core—periphery pattern, with the highest GDP concentrations located
in western and Central Europe—especially in regions that include major metropolitan
areas such as Paris, Amsterdam, northern Italy, and southern Germany. However, the
overall spatial structure of economic density remains highly uneven, demonstrating the
long-term stability of Europe’s economic geography and the dominance of established
urban-industrial regions.

BREE[

(A) (B)

Figure 4. GDP per capita (A,B) estimated for NUTS-3 regions. (A) GDP in 2001 (Million € per km?)
(B)—GDP in the year 2021 (Million € per km?).

Figure 5 shows the spatial pattern ALAN for the same periods as in Figure 4, based on
DMSP (Figure 5A,B) data (2001-2013) and VIIRS (Figure 5C,D) data (2013-2021). The distri-
bution of light closely mirrors the geography of GDP, with the brightest (close to yellow)
regions corresponding to the most economically developed areas of western and Central
Europe. During the DMSP era, light expansion was evident around large metropolitan
centers and coastal zones, indicating continued urbanization and infrastructure growth.
In the later VIIRS period, improved sensor resolution highlights finer spatial contrasts:
light intensity appears to increase in many eastern European regions undergoing elec-
trification and industrial modernization. These patterns suggest that the dynamics of
ALAN increasingly reflect both technological improvements and regional differences in the
development trajectories.
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Figure 5. ALAN averages (A-D) estimated for NUTS-3 regions. (A) ALAN averages in 2002 (digital
numbers); (B) ALAN averages in 2013 (digital numbers); (C) ALAN averages in 2014 (nW/cm? /sr);
(D) ALAN averages in 2021 (nW/ cm? /sr).

6.2. Fixed-Effect Regressions

Table 2 reports Granger directionality tests of the association between GDP and ALAN
estimated using different parametric specifications: GDP->ALAN and ALAN->GDP. As
Table 2 shows, the models for both the DMSP and VIIRS periods demonstrate highly
significant F-statistics (p < 0.01) and a reasonable high explanatory power, with R? val-
ues ranging from 0.267 to 0.870, that suggests a moderate-to-good fit. As the models
also show, in the DMSP period (2001-2013), lagged GDP values are significantly and
positively associated with ALAN (Model 1: GDP,,_1 t-stat = 33.702, p < 0.01), while the
reverse effect of ALAN on GDP is also statistically significant but is smaller and negative
(Model 2: ALAN;,_; t-stat = —5.593, p < 0.05). Currently, for the VIIRS period (2013-2021),
the statistically significant and positive influence of GDP on ALAN remains (Model 3:
t-stat = 27.453, p < 0.01), while ALAN does not show statistical significance in the models
estimated for GDP (ALAN,_q t-stat = 0.048 ™5).
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Table 2. Granger test of the association between GDP and ALAN (Method: Panel linear regres-
sions with Wald test; separate models estimated for the DMSP and VIIRS data; input variables are
represented by logarithmically transformed values).

Predictor

Model 1: Dependent Variable—ALAN (In)

Model 2: Dependent Variable—GDP (In)

B? t-Value b B? t-Value P
DMSP Data (2001-2013)
ALAN,_; (In) 3.106 x 1071 33.339 *** —1.412 x 1072 —5.593 **
GDP in Million Euro 4507 x 1071 33.702 #+* 8.737 x 10! 240.986 *+*
per km~,_1 (In)
Number of obs. 11,739 11,739
R? 0.267 0.870
F-statistic 1810.64 *** 33,341.7 ***
Wald F test © 1135.8 *** 31.284 ***
Model 3: Dependent variable—ALAN (In) Model 4: Dependent variable—GDP (In)
Predictor
B? t-value P B2 t-value P
VIIRS data (2013-2021)
ALAN,_; (In) 6.752 x 1071 71.018 *** 2.342 x 1074 0.048 s
GDP in Million Euro 3.415 x 107! 27.453 ##* 8.520 x 10! 133.827 ***
per km~,_1 (In)
Number of obs. 11,007 11,007
R? 0.46065 0.69187
F-statistic 3655.03 *** 9609.23 ***
Wald F test 753.67 *** 23 x1073ms

2 regression coefficient; P ¢ statistic and its significance level; © Wald F indicates whether adding lagged GDP or
ALAN significantly improves the model fit; *** statistically significant at the 1% level; ** statistically significant at
the 5% level; ™ not significant.

6.3. Regional Differences

Table 3 further reports the results of the Granger directionality tests that examine the
association between GDP and ALAN, estimated using VIIRS data separately for western
and Eastern Europe.

As this table shows, the estimated models have highly significant F-stats (p < 0.01), and
generally exhibit good explanatory power, with R? values ranging from 0.314 to 0.745. For
Western Europe (2013-2021 VIIRS data), the results indicate that lagged GDP is significantly
and positively associated with ALAN (Model 5: t-statistic = 25.240; p < 0.01), while if GDP
is used as dependent variable (Model 6), lagged ALAN is also statistically significant and
positively predicts GDP (t-statistic = 6.033; p < 0.05). For Eastern Europe, when ALAN is
the dependent variable (Model 7), lagged GDP is significantly and positively related to
ALAN (t-stat = 15.757; p < 0.01). However, when GDP is used as the dependent variable
(Model 8), the lagged ALAN shows its statistically significant but negative effect on GDP
(t-statistic = —2.988; p < 0.05). Wald F tests for all the models are generally significant,
indicating that the addition of lagged GDP or ALAN variables significantly improves the
model fit.
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Table 3. Granger test of the association between GDP and ALAN (Method: panel linear regressions
with Wald test; separate models estimated for western and Eastern Europe; input variables are
represented by logarithmically transformed values, VIIRS data only).

West Europe VIIRS Data (2013-2021)

Model 5: Dependent Variable—ALAN (In)

Model 6: Dependent Variable—GDP (In)

Predictor b b
B? t-Value B? t-Value
ALAN,_; (In) 4.606 x 101 37.080 *** 3.617 x 102 6.0327 **
GDP in Million Euro 4122 x 1071 25.240 7.825 x 1071 240.986 ***
per km~,_; (In)
Number of obs. 8307 8307
R? 0.314 0.641
F-statistic 1477 .87 *** 5777 .6 ***
Wald F test® 637.06 *** 36.394 ***
Eastern Europe VIIRS data (2013-2021)
Model 7: Dependent variable—ALAN (In) Model 8: Dependent variable—GDP (In)
Predictor b b
B2 t-value B@ t-value
ALAN,_1 (In) 8.768 x 107! 57.334 *** —2.704 x 102 —2.988 **
GDP in Million Euro 3.139 x 10~ 15.757 **+* 9.118 x 10~ 77.350 ***
per km~,_; (In)
Number of obs. 2700 2700
R? 0.657 0.745
F-statistic 2012.84 *** 9609.23 ***
Wald F test © 248.27 *** 8.9308 **

2 regression coefficient; P ¢ statistic and its significance level; © Wald f indicates whether adding lagged GDP or
ALAN significantly improves the model fit; *** statistically significant at the 1% level; ** statistically significant at
the 5% level; ™ not significant.

7. Discussion

This study examines how the relationship between ALAN and economic development,
measured as economic density (GDP per km?), evolved in the European NUTS-3 regions
over the past decades. The analysis used Granger tests estimated long-term trends in
panel regressions. Our findings appear to challenge an overly simplistic interpretation
of directionality of the ALAN-GDP nexus. In particular, our analysis reveals that the
association between GDP and ALAN is not unidirectional over the entire study period, but
time-varying, which leads to the rejection of our initial hypothesis (H1) that assumes a
unidirectional relationship. In particular, as the study shows, in an earlier period covered
by the DMSP data (2001-2013), GDP generally led to increased ALAN emissions, while the
reverse link was much weaker and negative. However, in the later period (2013-2021), the
relationship became unidirectional, with GDP continuing to be a Granger-cause of ALAN,
but not the opposite. These conclusions support the existing literature that economic
growth drives ALAN, but the reverse effect is limited, especially as economies develop and
the lighting infrastructure becomes saturated [2—4,9,10,40]. These effects can be explained
by lighting saturation, improvements in energy efficiency, and a sectoral transition toward
service and knowledge-based industries [2,9,10]. Therefore, these findings demonstrate
that the relationship between GDP and ALAN is dynamic and not strictly one-way, thereby
rejecting our initial hypothesis (H1) that assumed a unidirectional causal link from GDP
to ALAN.
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The results highlight the fact that the ALAN-GDP relationship is shaped not only
by the economic structure and development level, but also by the quality and sensitivity
of satellite data. In this respect, the superior technical performance of the VIIRS sen-
sor, particularly its enhanced spatial resolution, radiometric calibration, and dynamic
range, may reduce a random measurement noise and improve temporal consistency,
thereby mitigating potential sources of endogeneity that can arise from measurement
errors. These technical improvements significantly reduce potential endogeneity bias
compared to DMSP data by minimizing random noise, sensor saturation, and calibration
drift [34]. Moreover, the enhanced spatial resolution ensures a more reliable correspondence
between observed light intensity and economic activity on the ground, as emphasized by,
e.g., Yuetal, 2023; Duerler et al., 2023; and Cheng et al., 2024 [19,28,34]. Consequently,
more stable relationships between GDP and ALAN, observed in the VIIRS period, may re-
flect both real economic dynamics and methodological improvements in data quality. This
underscores the importance of accounting for effects when interpreting the ALAN-GDP
relationship and demonstrates that enhanced data precision can substantially reduce bias in
causal inference [27,29].

The study also shows that the association between GDP and ALAN depends on
the regional setting, specifically between Western and Eastern Europe. In particular, in
Western Europe, a positive bidirectional relationship was observed, where lagged GDP
significantly predicted ALAN, and lagged ALAN also significantly and positively predicted
GDP, suggesting that in more developed Western Europe, increased economic activity leads
to more lighting, and increased lighting contributes to economic productivity, potentially
by extending working hours or enhancing commerce and safety. In contrast, in Eastern
Europe, while GDP lags are positively and significantly associated with ALAN, lagged
ALAN exhibits a statistically significant but negative association with GDP.

This unexpected relationship could reflect different development trajectories, with
potential impacts from rapid industrial restructuring, wasteful energy policies, and satu-
ration effects compared to Western Europe [20,40]. Beyond structural economic change,
several policy processes can help explain the negative association observed in Eastern
Europe. Following EU accession, many countries in the region adopted ambitious energy
efficiency and modernization programs aimed at reducing electricity use and upgrading
public lighting systems. These initiatives, often supported by the EU cohesion and energy
directives, led to widespread installation of LED technology and stricter control of night-
time illumination [41,42]. Consequently, light emissions declined even as GDP continued
to grow, producing an apparent negative correlation. In parallel, the shift from energy-
intensive industries to service-orientated sectors reduced the intensity of the illumination
of economic activity, while demographic decline and urban shrinkage in smaller towns
further reduced overall light output. These patterns, consistent with recent analyses of
postindustrial transition and uneven development in eastern Europe [9,40,43], highlight
how regional and policy dynamics can weaken or reverse the typical positive ALAN-GDP
linkage. Therefore, these findings underscore the necessity of accounting for varying
development levels when analyzing the ALAN-GDP nexus, effectively supporting our H2.

These findings suggest that ALAN is a reliable proxy for economic activity primarily
in the earlier stages of development, but its utility diminishes in saturated lighting envi-
ronments. This reinforces the need for context-aware interpretation when using ALAN in
empirical studies and policy evaluations. These regional differences may reflect broader
structural and institutional disparities. In Western Europe, mature infrastructure, stable
energy systems, and diversified economies can allow nighttime lighting to reflect and
support economic activity. On the contrary, the unidirectional and sometimes negative
relationship of eastern Europe may be due to transitional economies, inefficient energy
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use, or uneven development, where increased lighting does not necessarily translate into
productivity gains. It should also be noted that while H2 also referenced other contextual
factors such as urban—rural differences and sectoral specialization, the empirical analysis
focused on the level of regional development (Western vs. Eastern Europe) due to the
availability of consistent and comparable data in NUTS-3 regions. Other factors were
discussed in the literature review but could not be tested directly due to data limitations.
The study also examined the association between GDP and ALAN to find that it varies
between different input sources of information. Our analysis clearly demonstrated this
variation, as evidenced by the distinct results obtained for the DMSP (2001-2013) and VIIRS
(2013-2021) data periods which supports our H3.

Misinterpreting ALAN as a universal proxy may lead to flawed policy decisions,
especially in high-income regions where the lighting infrastructure is already saturated.
This could result in overestimating economic performance or misallocating development
resources. In particular, the role of the energy sector is critical in the European context.
Recent studies highlight that fluctuations in energy demand and security strongly influence
both nighttime luminosity and economic output [1,41,42,44]. Periods of energy crisis or
rapid demand growth can alter the intensity of lighting independently of GDP, producing
short-term divergences in the ALAN-GDP relationship. Recognizing this link underscores
the need to integrate energy efficiency and energy security indicators when interpreting
luminosity-based measures of economic performance.

We should acknowledge that this study has several limitations. Although efforts were
made to clean and balance the panel data, the omission of regions with inconsistent or
incomplete time coverage could have introduced a selection bias, potentially excluding
more volatile different trends. Second, the models employed in the study primarily focus
on the direct relationship between ALAN and GDP, thereby omitting other potential
drivers of economic activity, such as demographic change, industrial composition, or
technological transformation.

The strength and directionality of these two pathways are critically influenced by
mediating factors. Technology and policy, for example, govern illumination efficiency,
where the adoption of energy-saving technologies (like LEDs) and environmental regula-
tions (such as EU directives) can lead to light saturation, a phenomenon where economic
growth continues while ALAN intensity stabilizes or decreases, particularly in developed
economies. Additionally, climate, weather, and social factors introduce noise or short-term
variation, such as temporary luminosity drops due to extreme weather or shifts in energy
consumption patterns.

Finally, the analysis was limited to linear specifications, which may not fully capture
complex non-linear or threshold effects that could better represent the real-world inter-
action between ALAN and economic growth. Future research should thus explore these
possibilities through dynamic non-linear modelling, sector-specific disaggregation, and
broader international comparisons to deepen the understanding of how artificial light
interacts with diverse economic structures and development paths. These constraints limit
the generalizability of the findings to regions with consistent and high-quality ALAN and
GDP data. Moreover, the reliance on linear models may overlook threshold effects or
non-linear dynamics that could be critical in certain contexts.

Although several contextual factors, such as urban-rural differences, sectoral spe-
cialization, and population density, can influence the ALAN-GDP relationship, the study
focusses, as previously mentioned, on directionality, regional development level, and mea-
surement era only, while other factors require more specific data could be considered in
future investigations.
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8. Conclusions and Implications

This study provides new evidence on the dynamic and context-dependent relationship
between nighttime light emissions and economic growth, using panel data from over
1300 EU NUTS-3 regions. By applying Granger-type models across two satellite datasets,
we show that GDP generally leads to increased ALAN, but the reverse effect is limited and
varies by region and development level. These findings refine the understanding of ALAN
as a development indicator and highlight its limitations in saturated lighting environments.

The study contributes to the growing body of research on the use of nightlight emis-
sions as a proxy for economic activity. By applying Granger-type panel models to a large
dataset of EU NUTS-3 regions, we found that the relationship between GDP and ALAN
is dynamic, context-dependent, and influenced by both regional development levels and
the type of satellite data used. Our findings confirm that, while GDP generally leads to
increased ALAN, the reverse effect is limited and varies over space and time.

In terms of practical implications, the findings of this study have several implications
for policymakers and researchers. First, ALAN remains a useful proxy for economic
activity, particularly in data-scarce regions, but its interpretation must consider regional
development levels and measurement periods. Second, the weakening of the ALAN-GDP
link in developed regions suggests that relying solely on light emissions may lead to biased
conclusions in high-income contexts. Finally, the choice of satellite data source (DMSP
vs. VIIRS) significantly affects the results, highlighting the need for careful selection and
calibration when using ALAN in empirical research and policy evaluation. Thus, for
policymakers, this means that nighttime light data should be interpreted with caution and
in context. In developed regions, ALAN may serve as a stable proxy, while in transitional or
rapidly changing regions, it may misrepresent economic dynamics unless combined with
other indicators. Policymakers should consider regional development levels and lighting
saturation when using ALAN data to guide investment decisions, urban planning, or
sustainability assessments. For example, in western Europe, where ALAN and GDP show
a bidirectional relationship, nighttime light data can be used to monitor both economic
performance and infrastructure efficiency. On the contrary, in eastern Europe, where the
relationship is weaker or negative, ALAN should be used with caution and supplemented
with other indicators such as employment or energy consumption.

The study thus leads to the conclusion that policymakers should interpret ALAN
data with caution, especially in high-income regions, and consider integrating it with
other indicators such as energy efficiency, infrastructure expansion, or social well-being,
while future research could explore the relationship with additional socioeconomic fac-
tors, including education, health, or inequality, to better assess its role in monitoring
sustainable development.

Beyond these general implications, several specific policy pathways emerge from our
findings. First, national and regional authorities could integrate ALAN data into existing
development monitoring systems (such as Eurostat’s regional dashboards or EU cohesion
policy frameworks), to track spatial inequality and infrastructure performance in near real
time. Second, municipalities can use ALAN maps to identify over- or under-illuminated
and design targeted energy-efficiency interventions, such as LED retrofitting programmes
or adaptive ‘smart lighting” policies that balance safety and sustainability. In addition,
regions that show persistently weak or negative ALAN-GDP links could be prioritized for
investment in modern energy infrastructure or innovation funding to stimulate balanced
development. Finally, linking ALAN-based indicators with environmental and economic
policies can improve cross-sector coordination—ensuring that lighting, energy, and eco-
nomic goals are pursued together within sustainable regional development strategies.
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