

	
	
	



Digitalization and Carbon Emissions: A Panel Data Analysis of ICT Development in Emerging Economies
[bookmark: _Toc230278868]Abstract
Although there is an increasing body of research on the environmental implications of digitalization, the empirical connection between expansion of information and communication technology (ICT) and carbon dioxide (CO₂) emissions is so far not undisputed, especially in emerging economies. Most of the work to-date focuses on developed countries or use cross-country panels that are not homogeneous and mask the unique dynamics of emerging markets where industrialization, fossil fuel dependence, and accelerated digital uptake all play a role at the same time. Furthermore, the potential non-linear income–emissions relation hypothesized by the Environmental Kuznets Curve (EKC) has mostly been studied in conjunction with factors other than ICT, and there is a critical empirical gap in the literature.
This paper fills this research void by estimating the impact of ICT development on per-capita CO₂ emissions for a well-balanced panel of 24 emerging economies during 2010–2023 (N = 334 country-year observations). Two-way fixed effects (FE) panel regression models with panel-robust standard errors are estimated to account for both unobserved country-specific effects and common shocks over time. A Hausman specification test is performed to compare and contrast the fixed and random effects estimators, and an F-test of redundant fixed effects is performed to determine the suitability of the pooled OLS specification. An extension to EKC further adds the squared log-GDP per capita term to see if it is possible to have a non-linear income–emissions relationship; the income turning point is also analytically derived from the estimated coefficients. Internet user penetration and fixed broadband subscriptions are used as an instrument to operationalize digitalization, and GDP per capita, energy consumption per capita and share of renewable energy are used as control variables.
The empirical results show that energy use per capita is the most important factor influencing emissions (β = 0.815, p < 0.001), GDP per capita (β = 0.202, p < 0.001), and the share of renewable energy consumption has a significant effect on reducing CO₂ (β = −0.012, p < 0.001). Importantly, Internet penetration and broadband subscriptions do not have a statistically significant direct impact on emissions after controlling for income and energy structure, suggesting that the diffusion of ICT technologies doesn't automatically lead to environmental gains. The EKC theory is confirmed by the analysis of the income–emissions relationship, which shows a seemingly inverted-U shape with an estimated turning point of around USD 17,187 per capita. The within-sample R² values of the two-way FE models are 0.78-0.79, indicating strong explanatory power.
These results suggest that the adoption of integrated policy measures to address emissions is key for effective emission mitigation in emerging economies, and such measures must go beyond just clean energy transition to digital development strategies. ICT infrastructure expansion alone will not result in measurable environment co-benefits unless energy-structure reform is also taking place, thereby highlighting the critical need for energy-structure reform as the key lever for environmental sustainability in emerging markets.
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[bookmark: _Toc230278869]1. Introduction
[bookmark: _Int_w6ROIYBt][bookmark: _Int_cqXqe96j]One of the most urgent issues of the twenty-first century globally is climate change. The carbon dioxide emission (CO2) is on the increase that is caused by industrialization, the use of fossil fuel, as well as the rapid expansion of the urban areas that have increased environmental degradation [6]. At the same time, there is a rapid digital transformation of the world economy. The development of information and communication technologies (ICT), broadband network, and the internet have transformed the way production, services, and economic interaction occur [26]. This concomitant rise of digitalization and environmental pressure brings up one of the central questions, namely, does digital transformation contribute to reduced carbon emission or does it contribute to environmental stress by increasing energy consumption?
The impact of digitalization on the environment is ambiguous. On the one hand, the development of ICT has the potential to make energy consumption more efficient and efficient, optimize logistics and supply chains, develop intelligent infrastructure, and offer information on environmental monitoring [9]. Dematerialization and more fruitful utilization of resources are also possible with the help of these technologies, and they can reduce emissions. The digital infrastructure, including information centers, telecommunication networks and end-user devices, consumes significant amounts of electricity on the other side. Electricity has been generated using sources that are carbon based on most emerging economies. Besides, an increase in internet adoption may stimulate economic activity and consumption that may offset the efficiency gains [28]. This makes the general effect of digitalization on the environment an empirical issue.
This is of particular concern to emerging economies. These nations are simultaneously striving towards growth, industrialization, and digitalization. Most emerging countries, in contrast to developed economies, are still dependent on fossil fuels and have institutional and infrastructural difficulties to contend with. Therefore, digital growth does not necessarily result in environmental benefits. According to the Environmental Kuznets Curve (EKC) hypothesis, there is an increasing level of pollution, which then decreases when the country reaches a particular level of income. What is not clear is whether this trend is accelerating or altering digitalization in emerging economies [34].
[bookmark: _Int_eMBnKrpv]Regardless of the increasing studies on ICT and environmental sustainability, there are a number of gaps. The majority of the research is concentrated on developed economies, which reduces the extent of their applicability to emerging ones. Additionally, there is little interest among scholars in the potential nonlinear effects of digitalization on emissions. These gaps can be filled by a panel data methodology that captures cross-country differences and what is happening with time [14].
The research question that is being researched is the impact of ICT development on carbon emission in emerging economies between 2010 and 2023. Internet penetration and broadband subscriptions are used as the measure of digitalization, and CO2 emission/capita is the dependent variable. The methods of panel regression used by the researchers are fixed and have random effects. The study enlightens the question of whether digital transformation can facilitate environmental sustainability in such economies as it presents current empirical data [7].
[bookmark: _Toc230278870]2. Literature Review
The current literature review is an analytical assessment of the existing theoretical frameworks and empirical data on the emergent nexus of information and communication technologies (ICTs) and carbon emission with a heavy emphasis on the literature output of developing economies [10] [17]. This part combines the evidence on both direct and indirect effects, questioning the dual potential of ICTs to reduce the environmental degradation due to efficiency gains and the existence of opposing forces of increased energy use and economic stimulation [22] [29].
[bookmark: _Toc230278871]2.1 ICT Development and Environmental Sustainability
The interplay of information and communication technologies (ICT) and the concept of environmental sustainability have created a lot of scholarly discussions. The two opposing views that exist in the existing literature are the efficiency-enhancement hypothesis, and the energy-intensification hypothesis.
The efficiency enhancement hypothesis assumes that digitalization has positive environmental effects. ICT is used to support real-time monitoring, intelligent energy-management systems, optimization of logistics, and data-driven production processes [10]. These technologies could reduce transaction costs, improve coordination in the supply chains, and also increase efficiency in the process of allocating resources. In industrial applications, automation and intelligent manufacturing have proven to minimize the use of energy and the production of waste [32]. Moreover, online networks create the possibility of dematerialization whereby material processes are replaced by digital equivalents, which have the potential to reduce carbon footprints. In that perspective, ICT serves as a facilitating technology enhancing a structural change to service-based and knowledge-intensive industries, traditionally less carbon-intensive than traditional heavy industries [19].
This positive point of view is not always supported by empirical evidence. Digital infrastructure energy-intensification hypothesis predicts the growing carbon footprint explainable by digital infrastructure. Multiplication of data centers, cloud-computing resources, telecommunications infrastructure, and digital devices requires a lot of electricity. As the level of digital uptake rises, the size of the energy required to run servers, cooling systems, and network maintenance also goes up. In the regions where the production of electricity is still based on fossil fuels, this increased demand can immediately create an increased level of carbon emissions. Additionally, digitalization can lead to carbon-intensive production processes through economic activity and consumption trends that instead of replacing it can support them [12].
One of the side effects is the rebound effect. Efficiency gains generated by digital technology due to expense reduction in operations have the potential to trigger increased output and consumption, thus alleviating the net environmental benefits of efficiency gains [27]. An example would be the utilization of more efficient logistics infrastructure systems, which can reduce transportation costs and subsequently improve trade volumes and cumulatively increase emissions. Similarly, deeper digital connectivity can trigger industrial growth and urbanization, which can be linked to perceivable environmental consequences [20]. Digitalization therefore does not necessarily come with a reduction in emissions, the final effect on the environment depends on whether the complementary policy actions are coordinated, what is the current energy mix and whether the institutions are well-equipped or not.
Recent research attempts to unite these conflicting empirical results by hypothesizing the intrinsic nonlinearity of the relationship between ICT advancement and greenhouse gas emissions. In the early stages of digital adoption, the proliferation of digital infrastructure and the associated increase in energy use seems to take the lead, increasing the emissions [25]. In the long-term perspective, though, the coming of age of technology and the incorporation of cleaner energy sources can make digitalization a force of net environmental amelioration. This dynamic approach points to the need to question both cross-country as well as time heterogeneity, instead of assuming homogeneous effects in different contexts. The consequential inverted-U-shaped pattern, which would be closer to the Environmental Kuznets Curve, would suggest that the initial wave of digitalization might result in the increase of carbon intensity as infrastructure builds up, but as digital technologies become more mature and uptake more widespread, then their efficiency-promoting qualities can lead to a reduction in carbon emissions (Xu et al., 2025).
On balance, there is high heterogeneity in the findings of literature. Differences in data selection, digitalization operationalization, time levels, and samples of countries lead to different outcomes. Such contradictions highlight the importance of additional empirical research, especially in the context of emerging economies where the spread of digital infrastructure and ecological demands are mutually present.
[bookmark: _Toc230278872] 2.2 Environmental Kuznets Curve (EKC) Theory
The Environmental Kuznets Curve (EKC) hypothesis provides a substantive framework for the intensive study of the interrelationship between economic growth and environmental deterioration. The EKC assumes an inverted U-shaped curve of the correlation between national income and the level of pollution [30]. In the early stages of economic progress, degradation of the environment is a common phenomenon that accompanies the increase in the level of industrialization, urbanization, and energy consumption. Above some levels of per capita income, however, the growth of subsequent income is correlated with an increase in environmental quality. This has been made possible through upgrading technology, an increase in the enforcement of regulation and restructuring of advantageous sectors that are clean and more sustainable [24].
Environmental Kuznets Curve (EKC) has widely been used in studying carbon emissions in comparison to economic growth. Advocates argue that higher per-capita income will increase the demand of the population on environmental protection and will bring capital to cleaner technologies. Also, the economy of developed economies is often characterized by a shift towards the service-based economy, which is generally less emissions-intensive [11]. This rearrangement of structure is seen to be a key process of the weakening stage of the inverted U-shaped relationship.
Although it seems intuitive, empirical studies of the Environmental Kuznets Curve (EKC) have a lot of variability. Certain studies find a curvilinear inversely U-shaped relationship between environmental degradation and income; some find monotonic increases, and some find other forms of nonlinear forms [31]. The opponents argue that the EKC does not capture the complex nature of growth environment nexus because it does not consider the global trade dynamics, spread of technology, and institutional heterogeneity. Specifically, it is not always the case that developing and emerging economies follow the same pattern as the developed ones, particularly in cases where the former continues to depend on fossil fuels or in situations where the countries do not have effective environmental governance mechanisms [3].
The Environmental Kuznets Curve (EKC) framework is more complicated in the framework of digitalization. Technological upgrading and efficiency enhancement might be speeded up when information and communication technologies (ICT) are developed, which may in turn potentially reduce the income level at which the emission starts decreasing [29]. On the other hand, digital growth may increase energy needs at growth stages, thus postponing the improvement of the environment. The question of whether or not digitalization supports or changes the EKC pattern therefore remains an unsolved empirical one. The overall dynamic of the interactions between ICT and income levels is needed in assessing sustainable development patterns in the emerging economies [1].
[bookmark: _Toc230278873]2.3 Research Gap
Despite the fact that enough studies have been conducted on nexus of ICT development, economic growth, and environmental sustainability, there are still a number of gaps. First, empirical data is largely located in developed or OECD areas, thus limiting the knowledge on emerging markets where the digital infrastructure expansion is paralleling the carbon-intensive growth. The institutional capacity, structure of the energy sector, and regulatory systems in both advanced and emerging setups are significantly different and may transform the connection between digitalization and emissions [34].
Second, the available literature is often based on cross-sectional or national case study analyses. Thus, it may fail to capture dynamic temporal impacts and cross-country heterogeneity. It is urgent to have a panel-data structure that takes into account country-specific factors and time variations to provide stronger findings [8].
Third, there has been a visible lack of research on the issue of potential nonlinear impacts of digitalization on emissions. Although theory proposes that information and communication technologies (ICT) can see threshold or inverted U-shaped dynamics similar to the Environmental Kuznets Curve, empirical data to support said dynamics is still lacking [35].
To fill in these gaps, this paper draws on panel data of 2010-2023 of emerging economies to determine linear and nonlinear relationships between information and communications technology (ICT) development and carbon emissions. The study also adds value through the inclusion of digitalization metrics with income and structural control variables to the human comprehension of the impact of digital transformation on environmental sustainability.
[bookmark: _Toc230278874]3. Methodology / Model Specification
This part outlines the methodology framework and model specifications that will be used to analyze the complex nexus between ICT development and carbon emissions in the emerging economies on the basis of the theoretical frameworks developed earlier. In particular, it will be a full description of the data sources, how variables are operationally defined, and the econometric models used to fill the gaps in the literature review [25].
[bookmark: _Toc230278875]3.1 Data and Sample Selection
The paper will use a balanced panel data of 24 key emerging economies during the year 2010 and 2023. The sample will consist of the countries referred to as developing or emerging market economies according to international economic groupings [15]. The chosen countries will cover different geographical areas such as Asia, Latin America, Africa, and Eastern Europe hence offering cross-regional coverage.
The data are all collected by World Bank through World Development Indicators (WDI) database [21]. There are indicators that are to do with the internet penetration and the broadband subscriptions sourced to the WDI framework through internationally harmonized ICT statistics built into the WDI (citation). The data was purged and arranged into country-year panel data. The linear interpolation within each country was used to address the missing values so as not to destroy the time-series' continuity [18].
The last dataset comprises 334 observations, which represent 24 countries with 14 years.

	Variable
	N
	M
	Mdn
	SD
	Min
	Max
	Skewness
	SE
	Kurtosis
	SE

	log_CO2
	334
	0.811
	0.865
	0.926
	−1.225
	2.220
	−0.316
	0.133
	−0.933
	0.266

	log_GDP
	334
	8.488
	8.659
	0.786
	6.850
	9.760
	−0.244
	0.133
	−1.211
	0.266

	Internet
	334
	49.681
	50.725
	24.887
	3.700
	97.690
	−0.071
	0.133
	−1.141
	0.266

	Broadband
	334
	10.082
	7.996
	9.385
	0.008
	44.730
	1.032
	0.133
	0.588
	0.266

	log_Energy
	334
	6.905
	6.790
	0.740
	5.276
	7.980
	−0.194
	0.133
	−1.225
	0.266

	Renewable
	334
	28.805
	26.750
	19.180
	2.000
	86.000
	1.022
	0.133
	0.718
	0.266


Table 1: Descriptive Statistics of Study Variables
Note. M = mean; Mdn = median; SD = standard deviation; Min = minimum; Max = maximum; SE = standard error. Variables with log_ prefix are natural log-transformed. Internet = internet users (% of population); Broadband = fixed broadband subscriptions (per 100 people); Renewable = renewable energy consumption (% of total final energy consumption). Source: Author’s calculations based on World Bank World Development Indicators (2024).
[bookmark: _Toc230278876]3.2 Variable Definition
The amount of carbon emissions is calculated in the form of carbon per capita (CO2 in metric tons per capita), which is the dependent variable. The proxy of economic growth is the population of GDP at constant prices. Digitalization is gauged by two variables, one of which is the percentage of the population who are internet users, and the other is the number of subscribers of the fixed broadband per 100 individuals. On the energy structure, the energy uses per capita and renewable energy consumption as a percentage of the final energy consumption is captured.
CO2 emission, GDP per capita, and energy use per capita are converted to the natural logarithm to reduce skewness and make the interpretation of the elasticity of energy use possible [16]. 
[bookmark: _Toc230278877]3.3 Model Specification
[bookmark: _Int_DsVOutOX]A two-way fixed effects panel regression model is estimated to analyse the effect of digitalization on carbon emission in emerging economies. Panel data models permit to control both the country-specific heterogeneity that cannot be observed and the time-specific effects potentially affecting the dynamics of emissions [2].
The baseline model is specified as follows:
ln(CO₂_it) = β₀ + β₁ ln(GDP_it) + β₂ Internet_it + β₃ Broadband_it + β₄ ln(Energy_it) + β₅ Renewable_it + μ_i + λ_t + ε_it
Where:
· i denotes country
· t denotes year
· μ_i represents country fixed effects
· λ_t represents time fixed effects
· ε_it is the idiosyncratic error term
The EKC model extends the baseline specification by including the squared term of log GDP per capita to capture the potential non-linear income–emissions relationship:
ln(CO₂_it) = β₀ + β₁ln(GDP_it) + β₂[ln(GDP_it)]² + β₃INTERNET_it + β₄BROADBAND_it + β₅ln(ENERGY_it) + β₆RENEWABLE_it + μ_i + λ_t + ε_it (2)
where the EKC hypothesis is confirmed when β₁ > 0 and β₂ < 0, producing an inverted-U relationship between income and CO₂ emissions. The turning point GDP* is derived analytically as:
ln(GDP*) = −β₁ / (2β₂)   (3)
Country fixed effects incorporate time-loving structural features like quality of institutions, geography and long-term industrial trends. Time-fixed effects are used to explain shocks in the world, changes in the cost of energy, and international climate agreements, which impact all nations at the same time [5]. In panel designs, powerful standard errors are used to eliminate possible heteroskedasticity and serial correlation errors.
More specifically, panel-robust (clustered) standard errors are used to correct for within-country serial correlation between time and cross-sectional heteroskedasticity, leading to asymptotically valid inferences even when the traditional assumptions of homoskedasticity and independence are violated. The concerns about non-stationarity are reduced, as the time dimension of the panel is relatively short (T = 14), but all the log-transformed skewed continuous variables (CO₂ per capita, GDP per capita, and energy use per capita) are natural log-transformed to help stabilize the variance and allow for the direct elasticity interpretation of the estimated coefficients. The two-way FE structure captures cross-country differences in both permanent and temporary nature, such as institutional quality, geographic endowment, or long-run differences in the structure of industries, as well as temporal shocks hitting the world at large, like the international energy price shocks or multilateral climate-policy shocks that affect all countries.
[bookmark: _Toc230278878]3.4 Model Selection Procedure
The fixed effects model as well as random effects model is estimated in order to decide on the right estimator. Hausman specification test is a test that measures whether the regressors are in correlation with unobserved country specific effects. A statistically significant Hausman test is an indicator of the necessity to use the fixed effects estimator. Also, the F-test of poolability is performed to determine the suitability of pooled OLS [23].
The Hausman specification test in this study is significant and the null hypothesis of a random effects model is rejected, indicating that the country-level effects are not uncorrelated with the country-level effects. This demonstrates the lack of consistency of the random effects estimator and thus the necessity of the fixed effects specification to be the correct estimator. The fixed effects F-test also fails to accept the pooled OLS null and thus shows that the country and year fixed effects together account for a significant amount of systematic variation in per-capita CO₂ emissions not accounted for by the observed regressors. These two diagnostic procedures form what is known as the two-way fixed effects model with panel-robust standard errors and are the statistically preferred and theoretically most consistent estimator for the present panel setting.
[bookmark: _Toc230278879]4. Data Analysis and Empirical Results
[bookmark: _Toc230278880]
4.1 Descriptive Trends and Preliminary Analysis
To explain the characteristics of digitalization, energy consumption, and carbon emissions in the new economies, a set of descriptive visualizations up to the year 2023 were created in the following timeframe 2010-2023.
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Figure 1: Trends in Energy Use, Internet Access, CO₂ Emissions, Broadband, and GDP (2010–2023)
Source: Author’s calculations based on World Bank WDI (2024).
Figure 1 illustrates overall trends that are seen in the chosen emerging economies. Internet penetration and broadband subscriptions recorded a steady increasing trend during the study period, which is a sign of rapid digital growth. The usage of the Internet increased and reached at least 70 percent by 2023, as compared to about 30 percent in 2010. In a similar gradual upward trend, broadband subscriptions were going.
GDP per capita also showed a continuous increase though a significant decrease was noted around 2020 which could be due to global economic upheaval. The per-capita energy consumption showed an average upward trend over time, interspersed with a temporary decline in the year 2020. The per capita CO 2 emission showed a slight increasing trend up to 2019, followed by a decrease in 2020 and a partial recovery.
These tendencies show that in developing economies, the promotion of digitalization and economic growth has been accompanied by an increase in both energy demand and emissions.
[bookmark: _Toc230278881]4.2 Correlation Analysis
The correlation analysis also provides information on the interrelationships between the main variables. The heatmap indicates that the positive relationship between energy consumption and CO₂ emissions (ρ = 0.96) is strong, which supports the significant role of energy consumption in increasing emissions.   The GDP per capita also shows that it is significantly positively correlated with the CO₂ emissions (ρ = 0.81).
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Figure 2: Spearman Correlation Heatmap of Key Variables (2023)
Source: Author’s calculations based on World Bank WDI and ITU (2023).
There is a significant negative relationship between the consumption of renewable energy and the CO₂ emissions (ρ = -0.76), implying that the greater the share of renewable energy used, the fewer the emissions. The penetration of the internet and subscribing to broadband is positively related to GDP and energy consumption, which implies that digitalization is more likely to grow along with economic growth.
Although correlation does not indicate causation, these provisional results confirm the theoretical hypothesis that energy structure and income levels are among the key determinants of emissions.
[bookmark: _Toc230278882]4.3 GDP–Emissions Relationship (Graphical Evidence)
The scatter plot that was plotted between GDP per capita and CO₂ emissions per capita shows that there was a definite positive relationship among the countries. The emerging economies that have higher incomes are associated with higher per capita emissions. The estimated curve is convex in nature, which is in line with the initial age of the Environmental Kuznets Curve (EKC) theory.
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Figure 3: GDP per Capita and CO₂ Emissions (2023)
Source: Author’s calculations based on World Bank WDI (2023).
This graphical evidence underlines the necessity of the panel regression analysis to test the hypothesis of whether the impact of income remains when the effects of energy structure and digitalization are controlled.
[bookmark: _Toc230278883]4.4 Panel Regression Results
A fixed effects panel regression model that included the country's effect and time effect was estimated using robust standard errors in order to provide a formal evaluation of the effect of digitalization on carbon emission.
The estimation results indicate that:
Emissions are positively and significantly influenced by GDP per capita (log_GDP; = 0.2021, p < 0.01). The rise in GDP per capita by 1 per cent will be linked to the rise of CO₂ emission by 0.20 per cent. The energy per capita (log_Energy) has a positive and very significant (0.8149, p < 0.01) effect and it means that energy consumption is the key factor that drives emissions in emerging economies. There exists a significant negative effect of renewable energy consumption (0.0123, p < 0.01) indicating that an upsurge in the proportion of renewable energy sources has a negative impact on the emission levels. Controlling income and energy use, internet penetration, and subscriptions to broadband are not statistically significant. This means that online digitization does not directly decrease emissions when structural energy factors are taken into perception.
	Variable
	Coefficient
	Std. Error
	t-Statistic
	p-value

	log_GDP
	0.2021***
	0.0465
	4.3426
	0.0000

	Internet
	0.0005
	0.0005
	1.1414
	0.2547

	Broadband
	-0.0015
	0.0011
	-1.4051
	0.1611

	log_Energy
	0.8149***
	0.0941
	8.6600
	0.0000

	Renewable
	-0.0123***
	0.0022
	-5.6214
	0.0000

	Constant
	-6.1869***
	0.6100
	-10.143
	0.0000


Table 2: Fixed Effects Regression Results for CO₂ Emissions (2010–2023)
Source: Author’s calculations based on World Bank WDI (2024).
Estimated Empirical Model:
Replacing the estimated coefficients of Table 1, the empirical specification of the model may be presented as follows:
The model has high explanatory power and within R² is 0.7802. The strong F-test indicates the combination of significance of the regressors (p < 0.01). The probability F-test rejects the pooled OLS model, which is why it is reasonable to use fixed effects to explain the country-specific heterogeneity.
In general, empirical evidence indicates that as economic growth and energy consumption increase, the effect of renewable energy on mitigating effects on carbon emissions is alleviated. Digitalization, on the other hand, does not seem to have an independent effect but rather an indirect effect on emissions, namely through the interaction with economic and energy structures.

	Statistic
	Value

	Observations
	334

	Countries
	24

	Time Period
	2010–2023

	Fixed Effects
	Country & Year

	R² (Within)
	0.7802

	R² (Overall)
	0.9329

	F-statistics (Robust)
	166.32

	Prob > F
	0.0000


Table 3: Author’s calculations based on World Bank WDI (2024)

ln(CO₂_it) = −6.1869 + 0.2021 ln(GDP_it) + 0.0005 Internet_it − 0.0015 Broadband_it + 0.8149 ln(Energy_it) − 0.0123 Renewable_it + μ_i + λ_t + ε_it
Interpretation of the Estimated Model: 
Replacing the estimated coefficients, the empirical findings showed that economic growth has a positive and statistically significant influence on carbon emissions of emerging economies. In particular, the coefficient of the log GDP per capita (0.2021, p < 0.01) suggests that an increase in the income per capita by 1 percent will lead to a 0.20 percent rise in the CO₂ emissions, other factors being equal. This observation represents the scale effect of economic growth, whereby an increase in the level of production and consumption increases the rate of environmental pressure. The positive impact is highest in energy consumption per capita (0.8149, p < 0.01), which shows that a 1% change of energy consumption will increase the emissions by approximately 0.81. This outcome endorses the fact that energy structure is the leading factor of emissions in emerging economies.
Conversely, the use of renewable energy shows negative statistically significant correlation with emissions (-0.0123, p < 0.01). The share of renewable energy in total energy consumption increases the contribution to the decrease in per capita CO₂ emissions, and this is why energy transition policies are essential. Nonetheless, the coefficients of internet penetration and broadband subscriptions are statistically insignificant, which demonstrates that digitalization in terms of the ICT diffusion indicators does not have a direct effect of reducing emissions after the controlling variables of income levels and energy consumption are taken into account. This implies that the process of digital transformation may not ensure environmental sustainability without structural alterations in the pattern of energy production and consumption. Generally, the model highlights the primary position of economic size and energy consumption in the formation of carbon emissions, and the introduction of renewable energy turns out to be one of the most important mitigation variables.
[bookmark: _Toc230278884]4.5 Environmental Kuznets Curve (EKC) Analysis
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Figure 4: Environmental Kuznets Curve (2010–2023)
Source: Author’s calculations based on World Bank WDI (2024).
In order to explore more the non-linear association between economic growth and environmental degradation, we consider the Environmental Kuznets Curve (EKC) hypothesis by incorporating the squared variable of log GDP per capita into a two-way fixed effects panel model. According to the EKC framework, carbon emissions will start increasing with income but after some threshold level of economic development is reached then it will decrease.

	Variable
	Baseline FE
	SE
	EKC FE
	SE

	
	b
	(SE)
	b
	(SE)

	Constant
	−6.1869***
	(0.6100)
	−11.4844***
	(2.1729)

	log(GDP)
	0.2021***
	(0.0465)
	1.5330***
	(0.4470)

	log(GDP)²
	—
	
	−0.0786***
	(0.0258)

	Internet users (%)
	0.0005
	(0.0005)
	0.0003
	(0.0005)

	Broadband subscriptions
	−0.0015
	(0.0011)
	0.0010
	(0.0014)

	log(Energy use)
	0.8149***
	(0.0941)
	0.7625***
	(0.0773)

	Renewable energy (%)
	−0.0123***
	(0.0022)
	−0.0102***
	(0.0026)

	Controls

	Country fixed effects
	Yes
	
	Yes
	

	Year fixed effects
	Yes
	
	Yes
	

	Robust standard errors
	Yes
	
	Yes
	

	Model Fit Statistics

	Observations
	334
	
	334
	

	Countries
	24
	
	24
	

	Years
	14
	
	14
	

	Within R²
	0.7802
	
	0.7866
	

	Overall R²
	0.9329
	
	0.9327
	


Table 4: Fixed Effects Panel Regression Results: Baseline and EKC Models
Note. Dependent variable is log(CO₂ per capita). SE = standard error reported in parentheses. *** p < .001, ** p < .01, * p < .05. Country and year fixed effects included in all models. Robust standard errors applied throughout. Source: Author’s calculations based on World Bank World Development Indicators (2024).
EKC Turning Point Calculation
The EKC turning point is derived from the estimated coefficients β₁ = 1.5330 and β₂ = −0.0786:
ln(GDP*) = −β₁ / (2β₂) = −1.5330 / [2 × (−0.0786)] = 9.7519   (4)
GDP* = exp(9.7519) ≈ USD 17,187 per capita   (5)
This turning point suggests that in emerging economies, higher income is accompanied by higher CO₂ emission levels until income levels reach around USD 17,187 (constant 2015 prices) per capita, and further income growth by decreasing levels of CO₂ emissions. The result is consistent with the inverted-U shape of Environmental Kuznets Curve and also confirms the suggested text: “The turning point occurred at an income level of USD 17,100-17,200 per capita based on the estimated coefficient (β₁ = 1.5330; β₂ = −0.0786). This indicates that CO₂ emissions increase with income at a lower income level but start to decline when income per capita exceeds this threshold.”
The estimation findings provide strong support for the inverted-U structure. The coefficient of the logarithm of GDP per capita is also positive and statistically significant (β = 1.533, p < 0.001) which implies that on lower income levels, economic growth is a factor to an increase in CO₂ emission. However, the quadratic coefficient of logarithm GDP per capita has a negative and statistically significant coefficient (β = −0.079, p = 0.003) and this fact is what supports the presence of a non-linear income-emissions nexus that fits the Environmental Kuznets Curve hypothesis.
Based on the estimated coefficients, the turning point of the Environmental Kuznets Curve (EKC) lies at USD 17,119 (constant 2015 prices) per capita. Accordingly, economic growth in countries with lower incomes is linked to emission growth. At these and higher levels, a rise in income is associated with a reduction in emissions, indicating that structural change, technological modernization, and more environmental regulations may start counteracting the scale of effects of growth.
In line with the findings of the baseline regression, it is clear that energy consumption is a powerful and statistically significant predictor of emissions (β = 0.763, p < 0.001), which reflects the key influence of energy intensity on carbon outcomes. The consumption of renewable energy is still demonstrating a strong mitigating effect (β = −0.010, p < 0.001), which proves the relevance of energy transformation policies in the up-and-coming economies. In the meantime, the digitalization indicators (Internet penetration and broadband subscriptions) are statistically insignificant, which suggests that the ICT expansion does not have a direct effect on the non-linear income-emissions relationship.
The EKC specification is found to have a good amount of explanatory power by demonstrating a within-sample R² of 0.79 and a general R² of 0.93. These statistics suggest that the two-way fixed-effects model is a good model in explaining cross-country heterogeneity and time-specific shock variables. Accordingly, the empirical data points to the fact that in the emerging economies the initial stages of economic growth are linked with the increased levels of environmental degradation; however, the achievement of a higher income level seems to, ultimately, sustain the decline in emissions, as long as the corresponding structural and energy-transition reforms are implemented thereof.
[bookmark: _Toc230278885]5. Discussion
Empirical evidence gives valuable information on the factors that determine carbon emissions in emerging economies. The beneficial and statistically significant impact of GDP per capita signifies that the growth of the economy is ever increasing the pressure on the environment. This is along with the scale effect argument, according to which the rise in income and production will result in the rise of energy demand and emissions [13]. This finding indicates that most of the emerging economies are still in the development stages of which development is highly dependent on carbon-intensive industrial and energy structures.
The consumption of energy turns out to be the leading cause of emissions. High elasticity of emissions to energy consumption indicates the structural reliance of developing economies on their energy systems that are based on fossil fuels. The discovery aligns with the evidence of the current literature, which shows that the intensity of energy, as well as fuel makeup, are a key factor in the carbon dynamics [4]. The size of the coefficient is an indication that the energy policy is the most critical tool to be used in the reduction of emissions.
Conversely, there is a statistically significant negative correlation between the renewable energy consumption and CO₂ emissions. This finding indicates the relevance of energy transition strategies and justifies the position that raising the proportion of renewable energy is a direct contributor to the emission reduction [2]. The observation supports the policy applicability of increasing the renewable capacity in emerging markets through climate mitigation measures.
Interestingly, indicators of digitalization, such as internet penetration as well as broadband subscriptions, do not show statistically significant direct effects on emissions when variables of economic scale and energy consumption are adjusted. This implies that the growth of digital infrastructure does not necessarily lead to benefits to the environment. The first reason is that the use of digital technologies can raise electricity demand by utilizing data centers, expanding networks, and using their devices, which can compensate for possible efficiency gains [33]. Alternatively, some types of digitalization can have an indirect effect on emissions, impacting a country and productivity, and structural change instead of a direct effect on energy intensity.
In general, the findings show that despite the high speed of digital transformation in emerging economies, these processes have a conditional effect on the environment depending on the energy level of the infrastructure. Economic growth and energy consumption remain the main drivers of emission, and the main mechanism mitigating is the adoption of renewable energy. As such, the implementation of policies that focus on sustainable online development is supposed to be coupled with the strategies of clean energy transitions to be attained to attain significant environmental progress.
[bookmark: _Toc230278886]6. Conclusion & Policy Implications
This paper investigated the connection between digitalization and carbon emissions in 24 emerging economies between the year 2010 and 2023 as a two-way fixed effects panel model. According to the empirical results, economic growth and energy consumption are still the major sources of carbon emissions within the emerging markets. Specifically, the impact of energy consumption on emissions is the most significant, which proves that the growth structures reliant on fossil fuels remain the overwhelming factor of environmental performance.
However, similar to renewable energy consumption, the statistical significance of mitigating effect is observed. A rise in the proportion of renewable energy in overall energy consumption helps to reduce CO2 emissions per capita by a measurable amount. The research results highlight the urgent need to promote energy transition processes in non-developed economies.
On the contrary, digitalization as an indicator based on internet penetration and broadband network does not have a statistically significant direct effect on carbon emissions after income levels and energy consumption are accounted. This implies that digital growth cannot be used to realize environmental sustainability. Although digital technologies can enhance efficiency and productivity, their benefits to the environment seem to be conditional upon the energy structure and regulatory framework.
The results of the regression are directly and quantitatively backed up by these conclusions. With a within-sample R² of 0.7802 and an overall R² of 0.9329, the two-way fixed effects model performs well on the data, which is composed of N = 334 country-year observations across 14 years spanning 24 emerging economies. The largest coefficient in absolute value in the model is the one for energy consumption, with the estimated elasticity β₄ = 0.8149 (p < 0.001) suggesting that a 1% increase in energy per capita results in a change of 0.81% in CO₂ emission. The scale-effect argument, namely that increased energy demand from production and consumption is reflected in economic growth also has a significant positive impact (β₁ = 0.2021, p < 0.001). The coefficient for the renewable energy shares instead has a statistically significant negative sign (β₅ = −0.0123, p < 0.001), which indicates that for every percentage point increase in RE consumption, the per-capita CO₂ consumption decreases by about 1.2%. The quantitative results for internet penetration and broadband subscriptions support the conclusion that the diffusion of ICTs alone does not directly help to reduce emissions, as both are statistically insignificant in both the baseline and EKC specifications (p > 0.05).
These findings are confirmed by data using the Environmental Kuznets Curve (EKC) model. Data from Environmental Kuznets Curve (EKC) model support these findings. The squared income term is statistically significant (p = 0.003) and has the negative quadratic coefficient (β₂ = −0.0786), while the linear income term is relatively high and has a strong positive correlation (β₁ = 1.533, p < 0.001). Combined, these two estimates arrive at an analytically derived income turning point of USD 17,187 per capita, at which empirical evidence suggests that CO₂ emissions will decrease when income increases. The EKC specification fits the model slightly better, with a gain of an extra model fit parameter in the within-R² (from 0.7802 to 0.7866), suggesting that the non-linear income term is informative. The regression results, as a whole, support the main finding; that is, that structural energy reform is the main source of emission reduction in emerging economies at their current development phase, and the EKC turning point indicates that continued growth of the economy could eventually be beneficial for improving the environment provided energy-transition policies are implemented.
Combined, the findings suggest that sustainable development in developing economies is an integrated process that must bring digital transformation with clean energy transition. The policies of digitalization must be supported by investments into renewable energy infrastructure, energy efficiency, and the regulatory incentives that encourage low-carbon innovation.
There are three implications that can be drawn from a policy perspective. To start with, emission reduction strategies in emerging markets should still focus on energy transition. Increasing the size of renewable energy and lessening the dependence on fossil fuels can generate powerful environmental benefits. Second, environmental protection should be part of digitalization strategies, including the promotion of data centers that are energy-efficient and low-carbon digital infrastructure. Third, the policies should be coordinated to combine economic growth, digital innovation, and environmental regulation in order to achieve stability between development goals and climate commitments.
In general, this research is valuable to the current body of literature on digitalization and environmental sustainability because it emphasizes the point that digital transformation does not necessarily result in a reduction of emissions. Rather, structural energy reform is the key determinant in the determination of environmental performance in emerging economies.
[bookmark: _Toc230278887]6.1  Limitations and Future Research Directions
There are a number of caveats in interpreting these results. The first limitation is the focus on 24 emerging economies where balanced panel data could be obtained for the complete period 2010–2023, which results in 334 observations. The countries with incomplete or problematic data tend to be systematically omitted, which may create a selection bias for systems with relatively more advanced capabilities in digital data and statistics. Therefore, the results should not be extrapolated outside the 24 countries used in the analysis and are likely to be specific to the countries included in the sample used.
Second, the two-way fixed effects specification does not allow for causal inference as it only adjusts for time-invariant country effects and common shocks. Estimated associations might also be affected by other countries and year fixed effects that are not fully accounted for by the omitted time-varying confounders (e.g., trade openness, environmental regulatory stringency, institutional quality, foreign direct investment). Moreover, the time frame of the observations (14 years) is more than adequate to capture within-country variation but may be too short to capture the entire trajectory of the EKC for countries where the per capita GDP is still below the estimated turnaround point of USD 17,187. Instrumental variable (IV) methods, panel vector autoregression (PVAR) methods, and quasi-experimental designs that use exogenous variation in the ICT adoption rate or energy policy changes to more rigorously identify causal mechanisms could be used to address these limitations in future research.
Third, the operationalization of digitalization relies on two widely used but coarse ICT access indicators — internet user penetration and fixed broadband subscriptions per 100 inhabitants. These measures capture the diffusion of connectivity infrastructure rather than the productive or efficient use of digital technologies. More nuanced dimensions, such as ICT capital investment, e-commerce activity, smart-grid deployment, or composite digitalization indices, may capture the channels through which ICT affects energy demand and emissions more precisely. Future research should therefore incorporate multi-dimensional proxies of digital development, explore interaction effects between ICT indicators and energy-mix variables, investigate threshold and non-linear digitalization effects using panel threshold regression models, and extend the geographic scope to compare results across distinct emerging-economy regions — such as East Asia, Sub-Saharan Africa, and Latin America — to assess the contextual conditionality of the digitalization–emissions relationship.
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