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Abstract: The paper examines nitrous oxide (N₂O) emissions from an Environmental, Social, and 

Governance (ESG) standpoint with a combination of econometric and machine learning specifications 

to uncover global trends and policy implications. Results show the overwhelming effect of ESG 

factors on emissions, with intricate interdependencies between economic growth, resource 

productivity, and environmental policy. Econometric specifications identify forest degradation, 

energy intensity, and income inequality as the most significant determinants of N₂O emissions, which 

are in need of policy attention. Machine learning enhances predictive power insofar as emission 

drivers and country-specific trends are identifiable. Through the integration of panel data techniques 

and state-of-the-art clustering algorithms, the paper generates a highly differentiated picture of 

emission trends, separating country groups by ESG performance. The findings of the study are that 

while developed nations have better energy efficiency and environmental governance, they remain 

significant contributors to N₂O emissions due to intensive industry and agriculture. Meanwhile, 

developing economies with energy intensity have structural impediments to emissions mitigation. 

The paper also identifies the contribution of regulatory quality in emission abatement in that the 

quality of governance is found to be linked with better environmental performance. ESG-based 

finance instruments, such as green bonds and impact investing, also promote sustainable economic 

transition. The findings have the further implications of additional arguments for mainstreaming 

sustainability in economic planning, developing ESG frameworks to underpin climate targets. 

JEL Codes: Q53; Q54; C23; C45; G32 

Keywords: Nitrous Oxide Emissions; ESG Models; Econometric Analysis; Machine Learning; 

Sustainability Policy 

 

1. Introduction  

The study of nitrous oxide (N₂O) emissions in ESG models on a global level is a new frontier of 

research, characterized by increasing interest in innovative methodology for understanding the 

complexity of the interaction of the environmental, economic, and social determinants. While the 

literature on the emissions of greenhouse gases has been led by CO₂ and methane (CH₄), N₂O is 

relatively uncharted territory despite its high global warming potential and long-term contribution 

to climate change. This research innovation is located at the nexus of environmental economics, 

sustainable finance, and predictive analytics, and takes an innovative methodological inspiration 

from the nexus of econometric techniques and machine learning with the aim of obtaining an 

improved understanding of the determinants of N₂O emissions and their interaction with ESG 

models. The literature gap is evident on several fronts. First, much of the literature on analysis of the 

emissions of N₂O has been focused on sectoral analyses, the most prominent of which is agriculture 
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and soil management practice, with little macroeconomic consideration of the mitigation role of ESG 

models in emissions reduction. While many studies have been done on the relationship between ESG 

performance and carbon emissions mitigation, few studies have made explicit reference to the 

consideration of the role of ESG factors in N₂O emissions on a global level. Second, traditional 

econometric techniques have been the overwhelming tool of examination of the effectiveness of 

environmental policy in the mitigation of the emissions of greenhouse gases, yet the application of 

machine learning methodologies remains limited in this respect. The application of cutting-edge 

clustering and regression algorithms offers new leads in uncovering latent structure in the data and 

in model predictive power, informing a more fine-grained understanding of the underlying 

dynamics of N₂O emissions. The second innovative aspect of the research has to do with the 

application of large global datasets, including the World Bank ESG Database and other global 

datasets, to analyze N₂O emissions from a multidimensional lens. The data cover a long time span 

and include variables on economic, social, and environmental determinants of N₂O emissions, 

permitting close analysis of the interplay between environmental governance, economic growth, and 

abatement policy. The use of panel data models enables the estimation of between-country and 

across-time heterogeneity, and clustering routines enable the determination of clusters of countries 

with the same profile, both in emissions and ESG performance. Methodologically, the research 

combines traditional econometric specifications, including fixed and random effects regressions, with 

machine learning algorithms, including density-based clustering, decision trees, regression via 

support vector machines, and boosting methods. This enables the comparison of predictive 

performance of competing models and tests the significance of ESG variables in explaining N₂O 

emissions. The further exploration of the importance of variables by dropout loss in machine learning 

models enables a quantitative assessment of the contribution of each factor to emissions and informs 

a deeper understanding of the nexus between ESG and environmental sustainability. The research 

question is thus innovative in its potential to bring together different disciplines—economics, 

environmental science, and data science—to analyze a complex phenomenon such as N₂O emissions 

using an ESG lens. The interdisciplinary nature of the research is dictated by the necessity to address 

the issue of sustainability, as through it, we can develop more efficient predictive and abatement tools 

for emissions, and in doing so, we can ease the transition towards low-carbon economies. The 

proposed analysis also has important implications for environmental governance and public policy, 

as it provides empirical insights on the efficacy of ESG strategies in reducing the climate footprint of 

N₂O. In a setting in which investors and policymakers have increasing interest in sustainability, this 

research contributes meaningfully to data-driven emission strategies and the achievement of 

international climate goals. Overall, this research addresses a basic gap in the literature by suggesting 

a novel analysis of N₂O emissions through innovative data analytics and ESG models. The integration 

of econometrics and machine learning surmounts the limitations of traditional approaches and 

provides new empirical insights on the determinants of emissions, with implications for the 

development of more effective climate change mitigation strategies. This research is a step ahead in 

our knowledge of the economy-environment-sustainable finance nexus and provides analytical tools 

valuable to ESG practitioners, policymakers, and academics. 

The article continues as follows. The second section presents the literature review, the third 

section show the data and methodology, the fourth section contains the econometric and machine 

learning analysis, the fifth section concludes.  

2. Literature Review 

Čapla et al. (2025) urge carbon footprinting the agri-food industry, a significant emitter of nitrous 

oxide emissions from fertilizer application and livestock agriculture. They are consistent with ESG 

demands in as much as they call for improved tracking mechanisms to ensure such emissions are 

contained. Al-Sinan et al. (2023) analyze Saudi Arabia's net-zero strategy, including nitrous oxide 

emissions through policy adjustment and energy transition, a harbinger to ESG-compatible climate 

policy. Drago and Leogrande (2024) narrate how the Heat Index 35 generates ESG benchmarks, in 

turn requiring nitrous oxide abatement by spanning environmental drivers and governance 

processes. Sidestam and Karam (2024) write a net-zero alignment model for investment, and how the 
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financial system can catalyze emissions reduction, including from nitrous oxide sources. Turjak 

(2023) decries environmental governance by the EU, and how regulatory gaps enable the continuance 

of nitrous oxide emissions, in turn requiring more stringent ESG regimes. Biswas et al. (2024) conduct 

an industry review specific to the textile industry in Bangladesh, narrating how ESG standards in 

energy management affect greenhouse gas inventories, including nitrous oxide emissions during 

production. Jansson (2023) offers a generic template of greenhouse gas emissions and mitigation, 

most likely including nitrous oxide as a key component in their ESG-informed climate policy. 

Mamatzakis and Tzouvanas (2025) analyze the greenhouse gas emissions-financial disclosure nexus, 

and how transparency in nitrous oxide emissions aligns to ESG standards and investor preference. 

Schuuring (2024) finds the moderating role of governance quality on country ESG scores and 

greenhouse gas emissions and argues that more sophisticated governance institutions are able to 

exert more control on nitrous oxide emissions. Agbo et al. (2024) analyze greenhouse gas disclosure 

and market competitiveness and indicate that firms integrating nitrous oxide emission reduction into 

ESG disclosures enhance the business's competitiveness in the market. 

Grundström and Miedel (2021) entail the mapping of sustainability scores to greenhouse gas 

emissions, i.e., nitrous oxide (N₂O) emissions indirectly by firm environmental performance in ESG 

models. Voicu (2023) entails developing the economics of emissions reduction in energy and oil firms 

in the EU, with sector-level insight to action having an effect on N₂O emissions as part of 

comprehensive greenhouse gas (GHG) abatement. Rothman (2023) entails the predictive power of 

the financial sector for firm emissions, with the predictive power of ESG in forecasting high N₂O 

emissions firms. Biswas et al. (2023) entail review of Bangladesh's textile industry, outlining how ESG 

disclosures assure emissions reduction, with potential impact on N₂O emissions by industrial 

activity. Muller (2021) entails environmental performance data of firms to inform ESG investing, 

influencing indirectly firm-level action toward the mitigation of N₂O emissions. Stinchcombe (2023) 

entails Scope 3 GHG reporting by Norway, covering indirect N₂O emissions, and outlines the promise 

of full ESG reporting in enabling the tracking of supply chain emissions. Kaplan and Ramanna (2021) 

entail critique of ESG reporting frameworks, suggesting standardization that can have the result of 

more disclosure on N₂O emissions. Gu et al. (2024) entail reporting government ESG reporting in 

smart cities, where emissions monitoring, including N₂O, is a primary component of sustainable city 

planning. Wang et al. (2024) entail the application of machine learning in the prediction of the impact 

of aging of biochar on N₂O emissions of crop soil, contributing directly to climate mitigation using 

ESG. 

Cui et al. (2022) provide analytical insight into China's declining cropland N₂O emissions and 

mitigation potential, directly affecting ESG-driven agricultural policy designed to reduce 

environmental footprints. Yoshino and Yuyama (2021) cover ESG-based investment approaches, 

indirectly addressing nitrous oxide emissions by preferring investment in low-emission sectors. 

Kannoa (n.d.) addresses carbon emissions' impact on firm default risk, underlying the importance of 

ESG compliance, potentially discouraging investment in high-N₂O-emission sectors. Blair (2021) 

addresses ESG reporting development in the Canadian energy sector, creating benchmarks for 

standardized N₂O reporting, improving regulatory control. Jiang et al. (2022) use a blockchain to 

enable an ESG reporting system that can track N₂O emissions so that it is also compliant with 

corporate accountability. Harasheh and Harasheh (2021) explore the issue of raw material 

sustainability by indirectly addressing the N₂O issue through promoting sustainable agricultural 

systems. Gruber (2021) explores the issue of long-term N₂O monitoring through wastewater 

treatment. Rafiee et al. (2022) created a digital platform for forecasting carbon emissions that could 

also be used for N₂O monitoring in the ESG context by setting up data analytics systems. Sacco et al. 

(2023) explore the characteristics of ESG investment systems to select low-N₂O assets by providing 

incentives to financial markets to support the green transition. 

Orsini (2022) analyzes the impact of the UK’s 2013 emissions disclosure requirement, illustrating 

its impact on corporate ESG performance and emissions reduction, in the case of nitrous oxide 

emissions in the context of aggregate corporate GHG disclosures. Bolton et al. (2022) estimate the 

economic cost of carbon emissions, illustrating the cost of regulatory non-compliance and its impact 

on corporate emissions reduction incentives, including nitrous oxide. Boubaker et al. (2024) analyze 
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firm-level carbon risk exposure, illustrating the impact of emissions risks on stock returns and 

dividend policies, indirectly affecting ESG investment and corporate mitigation choices. Zhang et al. 

(2024) propose methods to estimate commodity-based emissions, including nitrous oxide, from 

corporate data, making it possible for accurate ESG reporting and risk calculation. Dennis and Iscan 

(2024) build a new climate transition risk measure, making it possible to understand relative firm 

positioning based on emissions efficiency, including nitrous oxide. Brühl (2021) looks at green finance 

approaches, illustrating regulatory levers that can be used to enable nitrous oxide emissions 

reduction through ESG-linked financial instruments. Prieto (2022) analyzes ESG risks in engineering 

and construction, an industry responsible for nitrous oxide emissions through industrial processes. 

Ng and Webber (2023) analyze corporate carbon accounting based on natural climate solutions, 

making it possible to explore emission offsetting strategies relevant to nitrous oxide reduction. Padhi 

et al. (2024) review agricultural waste-based mitigation options, addressing one of the primary 

sources of nitrous oxide emissions. Guermazi et al. (2025) look at GHG abatement in Saudi Arabia, 

making it possible to provide region-specific insight into emission reduction policy. 

Ali et al. (2025) analyze the impact of emissions on Canadian environmental quality, offering 

valuable information on nitrous oxide emissions in light of ESG through a quantitative approach to 

analyze provincial variations. Their findings offer input into targeted mitigation policies in alignment 

with ESG regulations. Park et al. (2024) consider biochar’s potential to mitigate greenhouse gas 

emissions in agri-production, directly affecting nitrous oxide flux from the soil, which is a crucial 

element of ESG-compliant sustainable agri-production. Squillace (2023) discusses the inclusion of 

climate impacts in decision-making, including the consideration of nitrous oxide emissions in ESG 

reporting and compliance. Çıtak and Meo (2024) analyze the effectiveness of green bonds to support 

projects that cut emissions, indirectly influencing nitrous oxide mitigation through ESG-focused 

investment. An et al. (2022) present a comparative analysis of carbon footprints in thermal power 

plants, indirectly linking energy sector emissions to nitrous oxide considerations in ESG evaluation 

of industrial sustainability. Lambiasi et al. (2024) review greenhouse gas emissions from wastewater 

treatment, highlighting nitrous oxide as a major pollutant, thereby highlighting its importance in 

ESG-compliant water and sanitation policy. Yulianti et al. (2023) discuss ESG investment as a route 

to sustainable development goals, highlighting the importance of dealing with nitrous oxide 

emissions in corporate sustainability efforts. Long and Feng (n.d.) analyze innovation and green 

development, potentially informing technological approaches that prevent nitrous oxide emissions 

through ESG-guided policy. Micol and Costa (2023) discuss low-emission beef production in Brazil, 

discussing the place of carbon markets, which indirectly affects the reduction of nitrous oxide 

through sustainable livestock management. 

3. Data and Methodology 

The increasing prominence of environmental, social, and governance (ESG) frameworks in 

global sustainability has generated interest in the determinants of greenhouse gas emissions, 

including nitrous oxide (N₂O), a prime determinant of climate change. Despite being a major 

contributor, research on N₂O emissions has concentrated mostly on sectoral levels with minimal 

integration of macroeconomic and ESG-related determinants. This paper fills this lacuna with the 

first application of state-of-the-art econometric and machine learning techniques in the modeling of 

N₂O emissions (metric tons of CO₂ equivalent per capita) worldwide. Using panel data from the 

World Bank, the paper adopts fixed and random effects regressions to control for unobserved 

heterogeneity, and clustering techniques to classify countries in accordance with ESG performance 

and emissions trajectory. The paper also examines prime determinants like energy intensity, forest 

depletion, economic growth, and governance quality. By integrating conventional econometric 

approaches with machine learning models, this paper enhances predictive capability and delivers a 

granular analysis of the influence of ESG determinants on N₂O emissions in support of efficient 

climate policies. 

The variable used in the model are showed in the following Table 1.  

Table 1. Variables of the model. 
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Variable Acron

ym 

Descriptio

n  

Nitrous oxide emissions (metric tons of CO2 equivalent per capita) NOE This 

metric 

quantifies 

annual 

nitrous 

oxide 

(N₂O) 

emissions 

from 

agricultur

e, energy, 

waste, 

and 

industry, 

excluding 

LULUCF. 

Emissions 

are 

converted 

to carbon 

dioxide 

equivalen

ts (CO₂e) 

using 

Global 

Warming 

Potential 

(GWP) 

factors 

from the 

IPCC’s 

Fifth 

Assessme

nt Report 

(AR5), 

ensuring 

consistenc

y in 

climate 

impact 

assessme

nts. 

Adjusted savings: net forest depletion (% of GNI) ASNF

D 

Net forest 

depletion 

is 

determine

d by 

multiplyi

ng unit 

resource 

rents by 
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the 

amount of 

roundwo

od 

harvested 

beyond 

natural 

forest 

growth. 

This 

metric 

reflects 

the 

economic 

cost of 

unsustain

able 

logging, 

highlighti

ng the 

depletion 

of forest 

resources 

beyond 

their 

regenerati

on 

capacity. 

By 

assessing 

the gap 

between 

harvest 

rates and 

natural 

growth, it 

provides 

insight 

into forest 

sustainabi

lity and 

the long-

term 

environm

ental and 

economic 

impacts of 

excessive 

resource 

extraction

. 

Energy intensity level of primary energy (MJ/$2017 PPP GDP) EIPE The 

energy 
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intensity 

level of 

primary 

energy 

measures 

the ratio 

of energy 

supply to 

GDP at 

purchasin

g power 

parity. It 

reflects 

the 

amount of 

energy 

required 

to 

produce 

one unit 

of 

economic 

output. A 

lower 

energy 

intensity 

indicates 

greater 

efficiency, 

meaning 

less 

energy is 

consumed 

per unit of 

output. 

This 

metric is 

crucial for 

assessing 

energy 

efficiency 

and 

sustainabi

lity in 

economic 

growth, 

guiding 

policies 

toward 

reduced 

energy 

consumpt

ion and 
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improved 

resource 

managem

ent. 

Forest area (% of land area) FA Forest 

area refers 

to land 

covered 

by natural 

or planted 

trees 

reaching 

at least 5 

meters in 

height, 

regardless 

of 

productiv

ity. It 

excludes 

tree 

stands 

within 

agricultur

al 

systems, 

such as 

fruit 

plantation

s and 

agroforest

ry, as well 

as trees in 

urban 

parks and 

gardens. 

This 

definition 

helps 

distinguis

h forest 

ecosystem

s from 

other tree-

covered 

landscape

s, 

ensuring 

accurate 

assessme

nts of 

forest 

resources 
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for 

environm

ental 

monitorin

g, 

conservati

on efforts, 

and 

sustainabl

e land 

managem

ent. 

 

Annualized average growth rate in per capita real survey mean 

consumption or income, total population (%) 

AGRI The 

welfare 

aggregate 

growth 

rate 

measures 

the 

annualize

d average 

increase 

in per 

capita real 

consumpt

ion or 

income 

for the 

total 

populatio

n over 

approxim

ately five 

years. 

Derived 

from 

househol

d surveys, 

this 

metric 

reflects 

overall 

economic 

well-

being and 

living 

standards

. By 

tracking 

changes 

in 

consumpt
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ion or 

income, it 

provides 

insights 

into 

economic 

growth, 

poverty 

reduction, 

and 

inequality

, helping 

policyma

kers 

assess the 

effectiven

ess of 

developm

ent 

strategies 

and social 

programs. 

Fertility rate, total (births per woman) FRT The total 

fertility 

rate 

estimates 

the 

number of 

children a 

woman 

would 

have if she 

lived 

through 

her 

reproduct

ive years 

and 

experienc

ed the 

age-

specific 

fertility 

rates of a 

given 

year. This 

measure 

reflects 

reproduct

ive 

behavior 

and 

populatio
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n growth 

trends, 

serving as 

a key 

demograp

hic 

indicator. 

It helps 

policyma

kers 

assess 

fertility 

patterns, 

plan for 

future 

populatio

n changes, 

and 

develop 

strategies 

for 

healthcare

, 

education

, and 

economic 

developm

ent based 

on 

projected 

birth 

rates. 

Gini index GI The Gini 

index 

quantifies 

income or 

consumpt

ion 

inequality 

within an 

economy, 

indicating 

how far 

distributi

on 

deviates 

from 

perfect 

equality. 

A value of 

0 signifies 

complete 

equality, 
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where 

everyone 

has the 

same 

income, 

while a 

value of 

100 

represents 

total 

inequality

, where 

one 

individua

l holds all 

the 

income. 

This 

metric is 

widely 

used to 

assess 

economic 

disparity, 

helping 

policyma

kers 

evaluate 

social 

equity, 

design 

welfare 

programs, 

and track 

progress 

in 

reducing 

income 

inequality 

over time. 

Income share held by lowest 20% ISL20 The 

percentag

e share of 

income or 

consumpt

ion 

represents 

the 

portion 

received 

by specific 

populatio

n 
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subgroup

s, 

categorize

d by 

deciles or 

quintiles. 

This 

measure 

helps 

analyze 

income 

distributi

on and 

economic 

inequality

. Due to 

rounding, 

the total 

percentag

e across 

quintiles 

may not 

always 

sum to 

100. By 

assessing 

these 

shares, 

policyma

kers and 

researcher

s can 

evaluate 

disparitie

s, monitor 

economic 

trends, 

and 

design 

policies to 

promote 

fairer 

income 

distributi

on and 

social 

equity. 

People using safely managed drinking water services (% of population) WAT

ER 

 

This 

metric 

measures 

the 

percentag

e of 
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people 

using 

improved 

drinking 

water 

sources 

that are 

accessible 

on-site, 

available 

when 

needed, 

and free 

from fecal 

or 

harmful 

chemical 

contamin

ation. 

Improved 

sources 

include 

piped 

water, 

boreholes, 

tubewells, 

protected 

wells and 

springs, 

as well as 

packaged 

or 

delivered 

water. 

Ensuring 

access to 

safe 

drinking 

water is 

crucial for 

public 

health, 

reducing 

waterborn

e diseases, 

and 

supportin

g 

sustainabl

e 

developm

ent and 

well-
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being in 

communit

ies 

worldwid

e. 

GDP growth (annual %) 

GDPG The 

annual 

GDP 

growth 

rate 

measures 

the 

percentag

e increase 

in GDP at 

market 

prices, 

based on 

constant 

local 

currency. 

Aggregat

es use 

constant 

2010 U.S. 

dollars. 

GDP 

represents 

the total 

gross 

value 

added by 

resident 

producers

, 

including 

product 

taxes and 

excluding 

subsidies. 

It does not 

account 

for asset 

depreciati

on or 

natural 

resource 

depletion. 

This 

indicator 

helps 

assess 

economic 
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performa

nce, 

guiding 

policyma

kers in 

evaluatin

g growth 

trends 

and 

formulati

ng 

developm

ent 

strategies. 

Ratio of female to male labor force participation rate (%) (modeled ILO 

estimate) 

FMLP The labor 

force 

participati

on rate 

measures 

the 

percentag

e of 

people 

aged 15 

and older 

who are 

economic

ally 

active, 

contributi

ng labor 

to goods 

and 

services 

productio

n. The 

female-to-

male 

participati

on ratio is 

calculated 

by 

dividing 

the female 

labor 

force 

participati

on rate by 

the male 

rate and 

multiplyi

ng by 100. 

This 
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metric 

helps 

assess 

gender 

disparitie

s in 

employm

ent, 

informing 

policies 

on 

workforce 

inclusion 

and 

economic 

developm

ent.  

Regulatory Quality: Estimate 

RQE Regulator

y quality 

assesses a 

governme

nt's ability 

to 

develop 

and 

enforce 

effective 

policies 

that 

support 

private 

sector 

growth. It 

reflects 

the 

efficiency, 

fairness, 

and 

stability 

of 

regulation

s 

impacting 

businesse

s and 

economic 

activities. 

Strong 

regulator

y 

framewor

ks 

encourage 
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investmen

t and 

economic 

developm

ent 

Research and development expenditure (% of GDP) 

RDE Gross 

domestic 

R&D 

expenditu

res 

measure 

the 

percentag

e of GDP 

spent on 

research 

and 

developm

ent, 

including 

both 

capital 

and 

current 

costs. 

These 

expenditu

res span 

four key 

sectors: 

business 

enterprise

, 

governme

nt, higher 

education

, and 

private 

non-

profit. 

R&D 

activities 

encompas

s basic 

research, 

applied 

research, 

and 

experime

ntal 

developm

ent. This 

indicator 
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reflects a 

country's 

commitm

ent to 

innovatio

n, 

technolog

ical 

progress, 

and 

economic 

growth, 

guiding 

policy 

decisions 

on science 

and 

technolog

y 

investmen

t. 

Scientific and technical journal articles 

STJA Scientific 

and 

technical 

journal 

articles 

represent 

the 

number of 

published 

research 

papers in 

fields 

such as 

physics, 

biology, 

chemistry

, 

mathemat

ics, 

clinical 

medicine, 

biomedica

l research, 

engineeri

ng, 

technolog

y, and 

earth and 

space 

sciences. 

This 

metric 
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reflects a 

country's 

research 

output, 

scientific 

progress, 

and 

contributi

ons to 

global 

knowledg

e. 

Tracking 

publicatio

n trends 

helps 

assess 

innovatio

n, 

academic 

productiv

ity, and 

the 

impact of 

research 

investmen

ts on 

technolog

ical and 

scientific 

advancem

ents. 

Strength of legal rights index (0=weak to 12=strong) 

SLRI The 

Strength 

of Legal 

Rights 

Index 

assesses 

how well 

collateral 

and 

bankruptc

y laws 

protect 

borrowers 

and 

lenders, 

promotin

g secure 

lending. It 

ranges 

from 0 to 

12, with 
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higher 

scores 

indicating 

stronger 

legal 

framewor

ks that 

enhance 

access to 

credit. A 

well-

designed 

legal 

system 

fosters 

financial 

stability, 

encouragi

ng 

investmen

t and 

economic 

growth. 

This index 

helps 

policyma

kers and 

investors 

evaluate 

the 

effectiven

ess of 

credit 

laws in 

supportin

g a robust 

financial 

environm

ent. 

The methodological strategy followed to estimate the effect of nitrous oxide emissions (metric 

tons of CO₂ equivalent per capita) within the ESG domain is consistent and well organized, as it 

integrates econometric models, clustering algorithms, and regression algorithms to have a 

comprehensive view of the phenomenon. The use of panel data regressions with fixed and random 

effects is particularly appropriate when working with a World Bank dataset for 190 nations, as it 

allows the unobserved heterogeneity to be captured and the bias generated by omitted variables to 

be minimized. The strategy is functional in terms of causal identification and estimation of the effect 

of ESG-related variables on nitrous oxide emissions. The use of clustering algorithms, such as density-

based, fuzzy c-means, hierarchical clustering, model-based, neighborhood-based, and random forest, 

is functional in the identification of homogeneous clusters of nations with similar profiles with 

respect to emissions, environmental governance, or other ESG-related aspects. Some points should 

be considered, however, on the appropriateness of each methodology. Density-based clustering is 

appropriate for the identification of non-linear and irregularly shaped clusters but can be highly 

sensitive to the parameter choice. Fuzzy c-means assumes that each observation belongs to more than 
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one cluster with a given probability, which can or cannot be the case with respect to the data structure. 

Hierarchical clustering provides a hierarchical representation of relationships among observations, 

which makes it interpretable, but can be computationally intensive with a large number of countries. 

Random forest clustering is not traditionally used as a direct clustering technique but can be 

functional in the assessment of variable importance in the clustering task. The combination of these 

approaches ensures that a range of clustering structures are examined, but rigorous validation is 

needed in order to determine the most appropriate strategy. In the regression analysis, the use of 

random forest, boosting, decision tree, k-nearest neighbors, linear regression, regularized linear, and 

support vector machine is methodologically sound, insofar as it enables comparison between tree-

based models, statistical regression models, and machine learning regression models. There are some 

methodological matters to be clarified, however. Linear regression and regularized linear models, 

i.e., ridge or lasso, are appropriate where relationships between variables are theorized as linear but 

may be too rigid to capture complex environmental and economic relationships. Tree-based models, 

i.e., decision tree, random forest, and boosting models like XGBoost or LightGBM, are more suitable 

to capture non-linear relationships and variable interactions and give feature importance measures. 

K-nearest neighbors can be sensitive to the choice of the number of neighbors and may not be ideal 

in high-dimensional data. Support vector machine, although able to capture non-linear relationships, 

may have computational problems when fitted to large data such as that for 190 countries. Overall, 

the methodological design is sound and offers a well-balanced synthesis of econometric and machine 

learning approaches to the prediction and analysis of nitrous oxide emissions. To model the reliability 

of the findings, however, it would be preferable to utilize cross-validation across approaches, 

comparing regression model outputs with those of econometric models and testing cluster robustness 

using metrics like the silhouette score or Dunn index. Furthermore, analysis of variable importance 

using tree-based models could give more insight into the key drivers of emissions in the ESG 

framework. The integration of these validation techniques would ensure that the regression and 

clustering models yield interpretable and meaningful results with stability in the estimation process. 

4. Econometric Analysis  

4.1. E-Environment Econometric Results 

In the following analysis we consider the relationship between NOE and some variables related 

to the environmental component in the ESG model. Specifically, we used panel data with fixed and 

random effects to estimate the following equation:  

𝑵𝑶𝑬 = 𝜶 + 𝜷𝟏(𝑨𝑺𝑭𝑵𝑫)𝒊𝒕 + 𝜷𝟐(𝑬𝑰𝑷𝑬)𝒊𝒕 + 𝜷𝟑(𝑭𝑨) 

Where i=190 and t=10 (Table 2).  

Table 2. Results of the panel data regressions. 

 Fixed-effects, using 1930 observations Random-effects (GLS), using 1930 

observations 

 Coefficient Std. Error t-ratio Coefficient Std. Error z 

Constant -1537.59* 875.027 -1.757 -356.662 261.750 -1.363 

ASFND 388.620*** 111.720 3.479 226.326 63.2516 3.578 

EIPE -23.9106*** 6.61187 -3.616 -16.2174 5.23974 -3.095 

FA 45.1940* 26.8273 1.685 11.7874 6.23894 1.889 

Statistics  Mean dependent var 123.4940 Mean dependent var 123.4940 

Sum squared resid 4.20e+10 Sum squared resid 4.48e+10 

LSDV R-squared 0.073296 Log-likelihood -19105.89 

LSDV F(195, 1734) 0.703319 Schwarz criterion 38242.05 

Log-likelihood -19041.77 rho -0.092917 

Schwarz criterion 39566.33 S.D. dependent var 4844.417 

rho -0.092917 S.E. of regression 4823.555 

S.D. dependent var 4844.417 Akaike criterion 38219.79 

S.E. of regression 4918.738 Hannan-Quinn 38227.98 
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Within R-squared 0.012731 Durbin-Watson 2.166681 

P-value(F) 0.999081    

Akaike criterion 38475.54    

Hannan-Quinn 38876.78    

Durbin-Watson 2.166681    

Tests Joint test on named regressors - 

 Test statistic: F(3, 1734) = 7.45344 

 with p-value = P(F(3, 1734) > 7.45344) = 

5.85983e-05 

 

Test for differing group intercepts - 

 Null hypothesis: The groups have a 

common intercept 

 Test statistic: F(192, 1734) = 0.615528 

 with p-value = P(F(192, 1734) > 0.615528) 

= 0.999987 

 

'Between' variance = 2.39935e+006 

 'Within' variance = 2.1737e+007 

 theta used for quasi-demeaning = 

0.31056 

Joint test on named regressors - 

 Asymptotic test statistic: Chi-square(3) 

= 19.4119 

 with p-value = 0.000224696 

 

Breusch-Pagan test - 

 Null hypothesis: Variance of the unit-

specific error = 0 

 Asymptotic test statistic: Chi-square(1) 

= 16.8159 

 with p-value = 4.11866e-05 

 

Hausman test - 

 Null hypothesis: GLS estimates are 

consistent 

 Asymptotic test statistic: Chi-square(3) 

= 7.93254 

 with p-value = 0.0474267 

The positive relationship between nitrous oxide emissions (metric tons of CO2 equivalent per 

capita) and adjusted savings: net forest depletion (% of GNI).  The positive relationship between 

nitrous oxide emissions (metric tons of CO2 equivalent per capita) and adjusted savings: net forest 

depletion (% of GNI) means that where nitrous oxide emissions are greater, forest depletion as a 

proportion of Gross National Income is also greater. This relationship is due to environmental and 

economic reasons. Nitrous oxide is a potent greenhouse gas emitted mainly from agriculture, 

industry, and fuel consumption. Expanding agriculture, particularly across the developing world, 

tends to result in deforestation as forests are cleared for crops or pasture. The use of fertilizer in 

intensive agriculture releases huge amounts of nitrous oxide, while simultaneously degrading soils 

and necessitating additional land conversion, speeding forest loss. Industrialization and urbanization 

also drive nitrous oxide emissions higher through increased energy consumption and inefficiencies 

in waste treatment. These activities also tend to encourage deforestation, either through direct land 

use conversion like logging for infrastructure or indirect economic pressure, like increased demand 

for wood and agricultural products. Where environments are less regulated, economic reliance on 

natural resource extraction pushes this relationship higher, leading to greater forest depletion as a 

proportion of national income. The inclusion of adjusted savings: net forest depletion in the current 

analysis accounts for the economic cost of forest depletion. When forest resources are exploited 

unsustainably without prudent management, their depletion represents a loss of national wealth, 

reducing economic resilience in the future. Nitrous oxide-emitting nations also possess weak 

environmental policies, such that forest degradation and greenhouse gas emissions increments 

happen together. Reversing the correlation requires broad environmental policies supporting 

sustainable agriculture, reforestation, and emissions controls. Carbon pricing systems, land-use 

planning, and green tech investments could tackle nitrous oxide emissions and forest degradation 

together (Fan and Yoh, 2020; Yuan et al., 2023; Anwar et al., 2021). 

The negative relationship betwenn nitrous oxide emissions (metric tons of CO2 equivalent per 

capita) and energy intensity level of primary energy (MJ/$2017 PPP GDP).  The negative relationship 
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between nitrous oxide emissions (metric tons of CO2 equivalent per capita) and the degree of energy 

intensity of primary energy (MJ/$2017 PPP GDP) shows that per capita nitrous oxide emissions rise 

as energy intensity decreases. Several economic, technological, and environmental factors can explain 

the negative relationship. Energy intensity reflects the amount of energy required to produce one 

unit of economic output. Falling energy intensity usually suggests higher energy efficiency, 

technological advancement, or a shift towards less energy-intensive industries. Highly industrialized 

economies with mature manufacturing sectors are likely to see a falling energy intensity due to 

investment in renewable energy, energy-efficient manufacturing, and decarbonization policies. 

However, despite such efficiencies, nitrous oxide emissions can still rise due to rising consumption 

of agricultural fertilizers, industrial processes, and waste management releasing this powerful 

greenhouse gas. Economic growth for most developing countries still depends on high energy use 

from fossil fuels and therefore resulting in rising energy intensity. However, such countries may not 

yet be major contributors to nitrous oxide emissions if their agricultural and industrial sectors are 

still small in scale. In contrast, more developed nations that have become energy efficient can continue 

to see high nitrous oxide emissions due to intensive agricultural production, particularly in livestock 

and fertilizer consumption. This negative relationship reflects the need for combined environmental 

policies. While reducing energy intensity is important to reducing CO2 emissions, it does not 

necessarily reduce nitrous oxide emissions. Policies should be developed to improve fertilizer 

management, sustainable agriculture, and low-emission industrial processes. Simultaneous 

consideration of energy efficiency and nitrous oxide emissions can be incorporated into general 

climate change mitigation policies, trading off economic productivity and environmental 

sustainability (Qamruzzaman, 2022; Baimukhamedova, 2024).  

The negative relationship betwenn nitrous oxide emissions (metric tons of CO2 equivalent per 

capita) and forest area (% of land area). The negative correlation is understandable given the 

environmental and economic processes involved. Forests are sinks of carbon, absorbing greenhouse 

gases and reducing emissions, thereby decreasing atmospheric N₂O concentration. Nations with high 

forest cover also rely less on intensive agriculture, particularly the application of synthetic fertilizers, 

which are the prevailing sources of nitrous oxide emissions. Deforestation for agricultural purposes 

enhances N₂O emissions, as land-use conversion typically involves soil disturbance and fertilizer 

application, both of which increase nitrogen release. Industrialized nations with high agricultural 

output also have lower forest cover, boosting emissions through mechanized farming, livestock, and 

nitrogenous fertilizers. Economic development is also a factor, as nations with higher forest 

conservation policies embrace land-use systems that are sustainable and limit N₂O emissions. On the 

other hand, nations prioritizing industrial and agricultural development may experience 

deforestation, thereby enhancing emissions. Policy interventions, such as afforestation programs and 

sustainable agriculture, can strengthen this negative correlation by promoting forest conservation 

and preventing emission-intensive land-use changes. In addition, the ecosystem service function of 

forests in enhancing soil nitrogen retention reduces the risk of nitrous oxide release from terrestrial 

ecosystems. With these interconnections, processes between forest area and N₂O emissions need to 

be understood in order to institute policy responses to climate change mitigation, particularly in 

balancing economic development and environmental sustainability (Calleja-Cervantes et al.,  2020; 

Yu et al., 2022; Anwar et al., 2021). 

4.1.1. Clusterization model  

In the following analysis we compare 4 different machine learning algorithms applied to 

clustering namely Density Based, Fuzzy C-Means, Hierarchical Clustering, and Neighborhood-

Based. The algorithms are analyzed through the use of a set of statistical indicators namely Maximum 

diameter, Minimum separation, Pearson's γ, Dunn index, Entropy, Calinski-Harabasz index. The 

results are shown in the following Table 3. 

Table 3. Statists of Machine Learning algorithms for clustering. 

  Density-Based  Fuzzy C-Means Hierarchical  Neighborhood-Based  

Maximum diameter 9.377 8.730 4.851 6.373 
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Minimum separation 0.626 0.003 0.233 0.008 

Pearson's γ 0.495 0.312 0.646 0.415 

Dunn index 0.067 3.104×10-4 0.048 0.001 

Entropy 0.059 2.043 0.810 2.060 

Calinski-Harabasz 

index 
157.775 331.266 276.568 966.206 

Cluster  2 9 10 10 

In order to be able to make a comparison between the algorithms based on the identified 

indicators, it is necessary to proceed with the normalization as indicated in the following Table 4. 

Table 4. Normalized Results. 

  
Maximum 

Diameter 

Minimum 

Separation  

Pearson'

s γ 

Dunn 

Index  

Entro

py  

Calinski-

Harabasz 

Density-Based 0.000 1.000 0.549 1.000 1.000 0.000 

Fuzzy C-Means 0.182 0.000 0.000 0.000 0.010 0.212 

Hierarchical 1.000 0.368 1.000 0.716 0.621 0.151 

Neighborhood-

Based 
0.398 0.008 0.308 0.010 0.000 1.000 

In selecting the most appropriate clustering algorithm out of a list of available algorithms, it is 

convenient to have a clear and systematic decision rule based on given performance measures. In the 

current instance, the algorithms were compared on a list of standard criteria, viz. Maximum 

Diameter, Minimum Separation, Pearson's γ, Dunn Index, Entropy, and Calinski-Harabasz. In order 

to make the decision-making process as objective as possible, one useful approach is to tally the 

number of measures on which each algorithm performs best. On the basis of this rule, the Density-

Based algorithm is the best option with optimum performance on several key measures such as 

Maximum Diameter, Minimum Separation, and Dunn Index. The second best option is the 

Neighborhood-Based algorithm with its best performances in Entropy and Calinski-Harabasz 

indices. In turn, the Hierarchical algorithm performs best in terms of Pearson's γ, but without 

comparable performance in other key measures. On the other hand, the Fuzzy C-Means algorithm 

exhibits uniformly poor performance across all measures with a best performance of intermediate 

scores and without leading in any specific category. In instances wherein a tie between algorithms is 

observed, one possible alternative approach is to calculate the average normalized scores on all 

measures and then select the algorithm with the highest overall average. Such an approach assures 

comprehensive and balanced evaluation by taking into account at the same time cluster compactness, 

cluster separation, internal cohesion, and overall quality of clustering. In the current analysis, 

however, there was no tie and thus the simpler approach of tallying "best-performing" measures 

sufficed in the selection of an algorithm. In conclusion, the application of this simple yet effective 

decision rule enables one to effortlessly and accurately decide on the most suitable clustering 

algorithm (Hossen and Auwul, 2020; Da Silva et al., 2020; Ncir et al., 2021).. Thus, for the setting being 

examined, the Density-Based algorithm is by far the preferable alternative due to its general high 

performance across a set of important evaluation metrics, thereby being the most stable clustering 

algorithm among the ones being investigated (Figure 1) 
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Figure 1. Clusters and noisepoint. 

The clustering outcome presents a highly unbalanced clustering structure with a single large 

cluster (Cluster 1) containing the vast majority of data points and a very small second cluster (Cluster 

2). That there are eight noisepoints suggests that a small portion of the dataset was not assigned to a 

cluster, most likely due to outliers or datapoints very poorly represented by the clusters uncovered. 

Cluster 1, containing 1,912 points, explains almost all of the within-cluster heterogeneity (99.6%) and 

has an extremely high within sum of squares (6,575,671), suggesting that the cluster is capturing most 

of the variance in the data and either reflects a naturally compact and well-defined structure or 

potential over-grouping through an overly inclusive cluster assignment. Cluster 2, in contrast, 

contains only 10 points and explains a negligible proportion of the explained within-cluster 

heterogeneity (0.4%). Its within sum of squares (29.027) is substantially lower than that of Cluster 1, 

as would be anticipated from the cluster’s size. However, that its silhouette score is comparatively 

lower (0.465 versus 0.646 for Cluster 1) suggests that Cluster 2’s cohesion and separation are lower, 

and it may have less distinct boundaries from points in its immediate neighborhood. The silhouette 

scores also support the assessment of clustering quality. Cluster 1 has a moderately high silhouette 

score (0.646), suggesting that points within this cluster are well-separated from other clusters and 

internally cohesive. Cluster 2 also possesses a lower silhouette coefficient (0.465), indicating its 

members are less well-defined, perhaps overlapping with the large Cluster 1. Overall, the clustering 

solution is dominated by the size of Cluster 1. This skewness may either indicate the necessity to 

tweak clustering parameters in an attempt to reveal a more substantively interesting split in the data 

or that the dataset itself simply has a highly skewed distribution with most points being part of a 

single dominant cluster (Shahapure and Nicholas, 2020; Pavlopoulos et al., 2024; Bombina et al., 2024)  

. Further investigation of clustering criteria and potential modification of distance measures or 

parameter adjustment may be warranted to enhance cluster discrimination (Figure 2). 
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Figure 2. Cluster mean. 

The cluster means table explains the character of the three clusters by four environmental and 

economic measures: adjusted savings from net forest depletion, energy intensity level of primary 

energy, forest area percentage of land area, and nitrous oxide emissions in metric tons of CO2 

equivalent per capita. The cluster pattern shows distinct grouping across the variables. Cluster 0 has 

both the highest adjusted savings at 0.847 and energy intensity at 1.801, suggesting that units or 

regions belonging to this cluster have high forest depletion but higher energy intensity. The negative 

forest area at -0.288 suggests lower forest cover, but nitrous oxide emissions at 5.586 are moderately 

high among the three clusters. This suggests that Cluster 0 potentially represents regions of higher 

industrialization and energy consumption but at high environmental expense. Cluster 1 is near zero 

for all the indicators, with adjusted savings, energy intensity, and nitrous oxide emissions near zero 

and forest area mildly positive at 0.003, suggesting some balance between environment and economic 

activity. This cluster most likely represents regions of sustainable utilization of resources or 

environmental-economic equilibrium. Cluster 2 is moderately high in adjusted savings at 0.606 but 

has the lowest energy intensity at -0.126, suggesting lower consumption of energy per unit of GDP. 

However, it also shares the same negative forest area proportion of -0.288 with Cluster 0, suggesting 

forest depletion. Its nitrous oxide emissions at 8.886 are the highest, suggesting very high emissions 

despite moderately lower energy intensity. This cluster can lead us to areas of high environmental 

degradation in the form of emissions, maybe from agriculture or other non-energy sectors. In total, 

the clusters differ by environmental impact and energy use. Cluster 0 is energy intensive with 

medium emissions, Cluster 1 is balance, and Cluster 2 is lower energy intensity but with the highest 

emissions (Vărzaru and Bocean, 2023; Zhang, 2024; Dursun and Alkurt, 2024). 

4.1.2. ML Regressions 

In order to determine the most suitable algorithm, a comparison of the most significant 

performance measures such as mean squared error, root mean squared error, mean absolute error, 

and the coefficient of determination is needed. The best model must have the lowest mean squared 

error, root mean squared error, and mean absolute error and the highest coefficient of determination, 

which indicates the level of variance in the data explained by the model. K-nearest neighbors among 

all the algorithms has the highest value of the coefficient of determination of 0.182, explaining the 

most variance in the data. Although it does not have the lowest mean squared error or root mean 

squared error, the fact that it is capable of capturing the underlying patterns of the data better than 

the other algorithms makes it the most suitable algorithm. Other models, including random forest 

and decision tree, are also very good even though they have relatively lower values of the coefficient 

of determination. Models like boosting regression, support vector machine, and regularized linear 
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regression have no explanatory power with very low values of the coefficient of determination and 

hence are not suitable (Chicco et al., 2021; Nyasulu et al., 2022). Based on the trade-off between 

explanatory power and error measures, k-nearest neighbors is the best among the models compared 

(Table 5). 

Table 5. Statistical results. . 

Algorithms MSE MSE(scaled) RMSE MAE / MAD R² 

Boosting 

Regression 

3,19843E+40 1766 56554677919974

.9 

27495573662284

.5 

0.013 

Decision Tree 4,67384E+41 1279 6,83655E+13 27884948108250

.7 

0.129 

K-Nearest 

Neighbors 

3,30741E+41 1143 57510088985819

.6 

20214183938440

.9 

0.182 

Linear 

Regression 

4,2826E+41 1832 65441594103392

.5 

30141169680947

.5 

0.007 

Ranfom 

Forest  

3,88921E+41 1235 62363539135740

.7 

25751902907169

.1 

0.145 

Regularized 

Linear  

3,06909E+40 1911 55399392260728

.8 

27330517747988

.2 

0.002 

Support 

Vector 

Machine 

2,73796E+41 1715 52325517606098

.3 

12483937823834

.3 

0.02 

The relative importance of the variables in predicting nitrous oxide emissions in metric tons of 

CO2 equivalent per capita is represented by the mean dropout loss values of k-nearest neighbors. 

Larger dropout loss values mean that the removal of a variable results in a large increase in model 

error, proving it to have a strong contribution to prediction. The results show that forest area as 

percentage of land area has the largest mean dropout loss at 7.852×10¹³ and is thus the most important 

factor in nitrous oxide emissions prediction. This would imply that regions with extreme changes in 

forest cover most likely witness high variations in emissions, which may be due to deforestation, land 

use change, or losses in carbon sequestration. The second largest mean dropout loss of 7.106×10¹³ is 

contributed by the energy intensity level of primary energy, meaning that it also has a large role in 

emissions prediction. This is a manifestation of the strong relationship between energy consumption 

per unit of GDP and nitrous oxide emissions because a higher energy intensity level comes with 

increased reliance on fossil fuels, inefficient energy use, and higher greenhouse gas emissions. The 

adjusted savings from net forest depletion has the smallest mean dropout loss at 5.738×10¹³, meaning 

that while it is still a significant factor in emissions prediction, its effect is not as strong as those of 

forest area and energy intensity. This could mean that while net forest depletion influences changes 

in emissions, its effect is more indirect or contingent on other economic and environmental processes. 

Collectively, these results suggest that forest cover is the strongest predictor of nitrous oxide 

emissions, closely followed by energy intensity, with proportionally less contribution from net forest 

depletion (Rezazadeh, 2020; Adjuik and Davis, 2022; Pei and Fokoué, 2022). The k-nearest neighbors 

model thus relies strongly on forest cover and energy efficiency in its emissions prediction, echoing 

the part of land use policy and energy use strategy in managing nitrous oxide emissions (Table 6). 

Table 6. Mean Dropout Loss 

  Mean dropout loss 

FA   8.211×10+13   

EIPE   7.093×10+13   

ASNFD   5.537×10+13   

Note.  Mean dropout loss (defined as root mean squared error (RMSE)) is based on 50 permutations. 
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Table 6. Mean Dropout Loss 

  Mean dropout loss 

 

The provided data is additive explanations for predictions of nitrous oxide emissions in units of 

metric tons of CO2 equivalent per capita, from three predictor variables: adjusted savings from net 

forest depletion, energy intensity level of primary energy, and forest area percentage of land area. 

The base value is the same for all cases at about 1.496×10¹³, and it represents the common starting 

point for predictions before the contributions from the variables alter it. The predicted values are 

highly variable for cases, as a result of the combined influence of the predictor variables. Case 1 has 

a relatively low predicted value of 0.382. The contributions show a very large positive effect of 

adjusted savings at 54.646 but strong negative effects from energy intensity at -3.752×10¹² and forest 

area at -1.121×10¹³. The enormous negative contribution of forest area shows that larger forest 

coverage is associated with lower nitrous oxide emissions. Case 2 has a very high predicted value of 

2.575×10¹³, driven to a large degree by a very strong positive contribution from energy intensity at 

2.152×10¹³. This shows that higher energy intensity is a key contributor to high nitrous oxide 

emissions for this case. Adjusted savings and forest area contributions are modest in comparison. 

Cases 3, 4, and 5 all have the same predicted value of 0.041. They are characterized by modest positive 

contributions from adjusted savings at 1.227×10¹² and large negative contributions from energy 

intensity at -6.127×10¹² and forest area at -1.006×10¹³. These cases show that lower energy intensity 

and larger forest area significantly reduce nitrous oxide emissions. Overall, the results identify energy 

intensity as a primary cause of increasing nitrous oxide emissions, with an ameliorating effect of 

forest area. Scenarios with high energy intensity contributions have higher emissions, and those with 

strongly negative forest area contributions have lower emissions (Zhang et al., 2020; Vestin et 

al., 2020; Yu et al.,  2022).. This suggests that policies of energy intensity capping and forest area 

conservation or expansion can be effective options for nitrous oxide emissions management (Table 

7).  

Table 7. Additive Explanations for Predictions of Test Set Cases  

Case Predicted Base ASNFD  EIPE  FA  

1  0.190  1.618×10+13   91.144  -8.977×10+12   -7.204×10+12   

2  9.718×10+13   1.618×10+13   -5.657×10+11   -3.297×10+12   8.486×10+13   

3  9.718×10+13   1.618×10+13   -2.667×10+11   -3.176×10+12   8.444×10+13   

4  0.251  1.618×10+13   9.154×10+11   -5.505×10+12   -1.159×10+13   

5  0.251  1.618×10+13   9.154×10+11   -5.505×10+12   -1.159×10+13   

Note.  Displayed values represent feature contributions to the predicted value without features 

(column 'Base') for the test set. 

4.2. S-Social Econometric Results 

In the following analysis we consider the relationship between NOE and some variables related 

to the social component in the ESG model. Specifically, we used panel data with fixed and random 

effects to estimate the following equation:  

𝑁𝑂𝐸𝑖𝑡 = 𝛼 + 𝛽1(𝐴𝐺𝑅𝐼)𝑖𝑡 + 𝛽2(𝐹𝑅𝑇)𝑖𝑡 + 𝛽3(𝐺𝐼)𝑖𝑡 + 𝛽4(𝐼𝑆𝐿20)𝑖𝑡 + 𝛽5(𝑊𝐴𝑇𝐸𝑅)𝑖𝑡 

Where i=190 and t=10 (Table 8).  

Table 8. Results of the panel data estimations. 

 Fixed-effects, using 1930 observations Random-effects (GLS), using 1930 

observations 

 Coefficient Std. Error t-ratio Coefficient Std. Error z 

Constant 1454.83*** 170.230 8.546 899.333*** 262.237 3.429 
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AGRI 472.423*** 79.2103 5.964 586.143*** 74.9708 7.818 

FRT 6.80979*** 0.409731 16.62 6.73673*** 0.390629 17.25 

GI -56.4683*** 18.2848 -3.088 -48.0761*** 15.3428 -3.133 

ISL20 325.574*** 101.327 3.213 285.434*** 84.3385 3.384 

WATER -31.6670*** 1.93732 -16.35 -21.4558*** 1.52574 -14.06 

Statistics  Mean dependent var  123.4940 Mean dependent var  123.4940 

Sum squared resid  3.30e+10 Sum squared resid  3.95e+10 

LSDV R-squared  0.270528 Log-likelihood -18984.86 

LSDV F(197, 1732)  3.260515 Schwarz criterion  38015.10 

Log-likelihood -18810.83 rho -0.053556 

Schwarz criterion  39119.58 S.D. dependent var  4844.417 

rho -0.053556 S.E. of regression  4532.691 

S.D. dependent var  4844.417 Akaike criterion  37981.71 

S.E. of regression  4532.691 Hannan-Quinn  37993.99 

Within R-squared  37981.71 Durbin-Watson  2.027854 

P-value(F)  37993.99    

Akaike criterion  2.027854    

Hannan-Quinn  4844.417    

Durbin-Watson  4532.691    

Tests Joint test on named regressors - 

 Test statistic: F(5, 1732) = 99.3334 

 with p-value = P(F(5, 1732) > 99.3334) = 

3.04478e-92 

 

Test for differing group intercepts - 

 Null hypothesis: The groups have a 

common intercept 

 Test statistic: F(192, 1732) = 0.942888 

 with p-value = P(F(192, 1732) > 0.942888) 

= 0.696184 

'Between' variance = 8.53727e+006 

 'Within' variance = 1.71106e+007 

 theta used for quasi-demeaning = 

0.591392 

Joint test on named regressors - 

 Asymptotic test statistic: Chi-square(5) = 

461.246 

 with p-value = 1.84191e-97 

 

 

Breusch-Pagan test - 

 Null hypothesis: Variance of the unit-

specific error = 0 

 Asymptotic test statistic: Chi-square(1) = 

58.3018 

 with p-value = 2.24841e-14 

 

Hausman test - 

 Null hypothesis: GLS estimates are 

consistent 

 Asymptotic test statistic: Chi-square(5) = 

94.715 

 with p-value = 6.85546e-19 

The positive relationship between Nitrous oxide emissions (metric tons of CO2 equivalent per 

capita) and Annualized average growth rate in per capita real survey mean consumption or income, 

total population (%). The positive relationship between nitrous oxide (N₂O) emissions, in per capita 

metric tons of CO₂ equivalent, and the annualized average growth rate in per capita real survey mean 

consumption or income shows that income and consumption growth are linked with rising emissions 

of this potent greenhouse gas. Nitrous oxide, whose principal sources are agriculture, industry, and 

fossil fuel combustion, is a key cause of global warming owing to its lengthy atmospheric lifetime 

and large global warming potential. As incomes rise and economies grow, increased agricultural 

activity—particularly through the use of nitrogen-based fertilizers—leads to higher N₂O emissions. 

Industrial growth and increased energy consumption also increase emissions. The trend is a textbook 

environmental-economic trade-off where economic development is obtained at the cost of 
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environmental loss. The correlation suggests the implementation of sustainable development 

policies, for instance, encouraging efficient fertilizer use, investing in clean technologies, and 

implementing carbon pricing mechanisms to limit emissions without choking growth. Policymakers 

must balance economic objectives and environmental protection, ensuring development pathways 

include green growth initiatives. In the absence of early action, climate change may be driven by 

future income growth, so there is a need to integrate sustainability into economic planning (Haider 

et al., 2020; Haider et al., 2021; Telly et al., 2023). 

The positive relationship between Nitrous oxide emissions (metric tons of CO2 equivalent per 

capita)  and Fertility rate, total (births per woman).  The positive relationship between nitrous oxide 

(N₂O) emissions, in metric tons of CO₂ equivalent per capita, and fertility rate, in total births per 

woman, means that rising birth rates are accompanied by rising emissions of this potent greenhouse 

gas. The relationship is explained by a group of socioeconomic and environmental determinants. In 

highly fertile countries, a rising population causes rising demand for food production, particularly 

in agriculture, which is the overwhelming source of N₂O emissions. The widespread use of nitrogen-

based fertilizers and livestock farming releases tremendous amounts of nitrous oxide to the 

environment. Additionally, greater population growth increases energy consumption, land use 

change, and deforestation, all of which contribute to high emissions. The relationship reflects the 

challenge of reconciling population growth with environmental sustainability. Highly fertile nations 

face pressures to boost agricultural and industrial production to feed and serve their populations, 

which entails high greenhouse gas emissions. Policy responses to this challenge include measures to 

promote sustainable agriculture, increased family planning activities, and investment in clean energy 

technologies. By integrating environmental concerns within population and economic policies, 

societies can attempt to curtail emissions while encouraging long-term sustainable development 

(Saha et al., 2021; Anderson et al., 2023; Takeda et al., 2021). 

The negative relationship between  Nitrous oxide emissions (metric tons of CO2 equivalent per capita)  

and Gini index.  The inverse relation between nitrous oxide (N₂O) emissions, in metric tons of CO₂ 

equivalent per capita, and the Gini index demonstrates that with decreasing income inequality, N₂O 

emissions per capita rise. The Gini index quantifies income inequality on a 0 (perfect equality) to 100 

(perfect inequality) scale, and lower values represent more equitable income distribution. One 

explanation for this relationship is that countries with lower income inequality have greater overall 

economic progress, which is coupled with greater industrialization, energy consumption, and 

intensification of agriculture—all prominent sources of N₂O emissions. More equitable income 

distribution can translate to greater access to modern infrastructure, greater consumption levels, and 

greater agricultural production to meet the needs of a larger middle class. These processes result in 

greater emissions from fertilizer use, livestock production, and burning of fossil fuels. Countries with 

high income inequality, however, have more poor people, and thus lower per capita emissions due 

to low industrial and agricultural activity. This is a characteristic of the complex trade-off between 

economic equity and environmental sustainability. Policymakers must design policies to achieve 

both economic inclusivity and sustainable development, including investment in clean technologies 

and environmentally friendly agricultural production systems (Kang, 2022; Hailemariam et al., 2020; 

Alataş and Akın, 2022). 

The positive relationship between Nitrous oxide emissions (metric tons of CO2 equivalent per 

capita)  and Income share held by lowest 20%. The positive relationship between nitrous oxide (N₂O) 

emissions, in metric tons of CO₂ equivalent per capita, and the share of income held by the lowest 

20% suggests that as income becomes more equally distributed, per capita N₂O emissions rise. This 

is understandable given the broader economic growth and increased consumption patterns that 

follow more equal income distribution. When the lowest 20% of the population hold a high 

proportion of national income, this is usually a sign of reducing poverty and greater access to 

resources, including food, energy, and modern infrastructure. As poorer segments of society increase 

in economic standing, their consumption of goods and services rises, inducing greater agricultural 

activity, industrialization, and consumption of energy—all direct sources of nitrous oxide emissions. 

For instance, greater fertilizer use in agriculture, expanded livestock farming, and greater use of fossil 

fuels for transportation and energy consumption all lead to greater emissions. This correlation poses 
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a challenge to balancing economic inclusivity and environmental sustainability. While reducing 

income inequality buttresses social and economic stability, it seems to lead to greater greenhouse gas 

emissions. Sustainable initiatives, including investments in clean energy and efficient agricultural 

technology, are necessary to offset environmental impacts while promoting equitable growth 

(Koloszko-Chomentowska et al., 2021; Naser and Alaali, 2021; Abbruzzese et al., 2020). 

The negative relationship between Nitrous oxide emissions (metric tons of CO2 equivalent per 

capita)  and People using safely managed drinking water services (% of population). The inverse 

relation between nitrous oxide emissions, in metric tons of CO₂ equivalent per capita, and the 

percentage of the population with access to safely managed drinking water services illustrates that 

access to clean water increases while per capita N₂O emissions fall. The relation encapsulates general 

trends of socio-economic progress, environmental governance, and agricultural efficiency. Countries 

with widespread access to safely managed drinking water would be those that have well-developed 

infrastructure, better management of resources, and greater environmental protection. Such factors 

work in synergy with each other to suppress nitrous oxide emissions by promoting sustainable 

agricultural practices, cutting down the application of nitrogenous fertilizers, and enhancing 

wastewater treatment processes. Efficient water management can also limit nitrogen leaching from 

agriculture, a major source of N₂O emissions. Secondly, nations with better water services would be 

likely to implement environmental policies that minimize greenhouse gas emissions without 

undermining economic growth. At the other end, regions with low access to clean water would be 

likely to have weak environmental protection and inefficient agricultural systems that lead to high 

per capita emissions. Absence of wastewater treatment and excess application of fertilizers lead to 

nitrogen accumulation in water bodies, indirectly increasing nitrous oxide emissions. The issue must 

be resolved by concerted policies that promote environmental sustainability as well as public health, 

such that gains in infrastructure are translated into greenhouse gas emission savings (Zhang et al., 

2021; Sieranen et al., 2024; Uri-Carreño et al.,  2024). 

4.2.1. Clusterization Models 

In the following analysis we compare 4 different machine learning algorithms applied to 

clustering namely Density Based, Fuzzy C-Means, Hierarchical Clustering, and Neighborhood-

Based. The algorithms are analyzed through the use of a set of statistical indicators namely Maximum 

diameter, Minimum separation, Pearson's γ, Dunn index, Entropy, Calinski-Harabasz index. The 

normalized results are shown in the following Table 9. 

Table 9. Statistical results. 

 

Neighborhood-

Based 

Density-

Based 

Fuzzy C-

Means 

Hierarchic

al 

Random 

Forest 

Maximum diameter 20.291 35.700 35.700 7.167 35.700 

Minimum separation 0.008 0.268 0.014 0.855 9.159×10-16 

Pearson's γ 0.413 0.777 0.200 0.751 0.042 

Dunn index 4.133×10-4 0.008 3.914×10-4 0.119 2.566×10-17 

Entropy 1.679 0.067 1.138 0.143 2.054 

Calinski-Harabasz 

index 
1.943.052 351.756 200.783 395.441 67.591 

Hierarchical clustering is the top-performing algorithm on the raw data due to its best 

performance on a number of key clustering evaluation measures. It has the lowest maximum 

diameter, indicating clusters created by this algorithm are more compact and well-defined. It also has 

the highest minimum separation, and the clusters are well separated from one another, a key 

consideration while evaluating the quality of a clustering algorithm. Furthermore, hierarchical 

clustering is the top-performing algorithm among the algorithms on the Dunn index as well as the 

Calinski-Harabasz index. The Dunn index, a measure of the ratio of minimum inter-cluster distance 

to maximum intra-cluster distance, is much higher with hierarchical clustering than with the other 

algorithms. A higher Dunn index corroborates the fact that the clusters are not only well-separated 
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but also compact, corroborating the observation that hierarchical clustering is the best algorithm. 

Similarly, the Calinski-Harabasz index, a measure of cluster validity that compares dispersion 

between the clusters to dispersion within the clusters, is highest with hierarchical clustering, 

providing further support to hierarchical clustering’s tendency to create high-quality clusters. The 

application of normalization techniques, i.e., Z-score normalization and Min-Max normalization, was 

uninformative to the algorithm selection process due to inherent effects on the data. Z-score 

normalization standardizes each feature by centering it around a mean of zero and scaling it based 

on its standard deviation. While the process ensures that all features have an equal contribution, it 

has the effect of nullifying useful differences between clustering algorithms in this dataset. The values 

became almost identical after standardization, and it was impossible to differentiate between 

different algorithms based on their performance. Similarly, Min-Max normalization transforms all 

values into a defined range, most typically zero to one. This is particularly useful for preserving 

relative differences among data points but has disproportional effects for features with extremely 

extreme values. In these data, some measures such as the Calinski-Harabasz index had considerably 

larger magnitudes than others. Therefore, Min-Max normalization compressed the variance among 

measures and did not permit an equal comparison across clustering methods. In light of these 

limitations, the best approach was to utilize the raw, unnormalized data, where the hierarchical 

clustering method performed consistently better on valuable evaluation measures (Fahrudin et al., 

2024; Laurenso et al., 2024; Saleem and Butt, 2023). This approach guarantees that the selection of the 

optimal clustering method is done on the basis of interpretable, substantive distinctions and not 

normalization method artifacts (Table 10). 

Table 10. Cluster information. 

Cluster 1 2 3 4 5 6 7 8 

Size 1884 26 7 1 1 1 1 9 

Explained proportion 

within-cluster 

heterogeneity 

0.951 0.032 0.007 0.000 0.000 0.000 0.000 0.010 

Within sum of squares 4.509.331 152.614 31.928 0.000 0.000 0.000 0.000 49.157 

Silhouette score 0.727 0.526 0.801 0.000 0.000 0.000 0.000 0.811 

Note.  The Between Sum of Squares of the 8 cluster model is 6830.97 

Note.  The Total Sum of Squares of the 8 cluster model is 11574 

The outcome of the hierarchical clustering is an extremely unbalanced cluster distribution, with 

a single large cluster containing 1884 data points and the remaining clusters being extremely small, 

with many single-member clusters. This would suggest that data have unbelievably strong central 

grouping tendencies, with very few outliers or extremely dissimilar observations that have been 

isolated by the clustering algorithm into their own individual clusters. We see this evidence borne 

out again with the proportion of within-cluster heterogeneity explained. The largest cluster accounts 

for 95.1% of the within-cluster variance, suggesting that an overwhelming majority of data points are 

of similar nature. Contrastingly, however, the smaller clusters account for infinitesimal proportions 

of within-cluster heterogeneity, with values as low as 0.000, suggesting that these are perhaps best 

conceived of as extreme cases or anomalies rather than meaningful clusters. Within-cluster sum of 

squares relates much the same story, with the largest cluster accounting for the vast majority of 

overall variance (4,509,331), while the single-member clusters have within-cluster sums of squares of 

0. This would suggest that these clusters consist of entirely unique observations that don't share any 

features with any other data points. The silhouette scores continue to support this finding, as a 

majority of the clusters have high values, suggesting well-separated and compact clusters. However, 

the single-member clusters take a silhouette value of zero, which suggests these points do not fall 

naturally into any inherent cluster structure within the data. Looking at the overall cluster structure, 

the between-cluster sum of squares of the model is equal to 6830.97, while the total sum of squares is 

equal to 11,574. This would indicate that the cluster model explains much of the overall variance with 
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a well-defined group separation. However, the presence of many single-member clusters is 

concerning from the perspective of clustering granularity correctness (Pavlopoulos et al., 2024; 

Shahapure and Nicholas, 2020; Bombina et al., 2024). This is more indicative of data with a strong 

central tendency and some aberrant observations rather than many equally significant clusters (Table 

11). 

Table 11. Clusters. 

  

Annualized 

average growth 

rate in per capita 

real survey mean 

consumption or 

income, total 

population (%) 

Fertility rate, 

total (births 

per woman) 

Gini 

index 

Income 

share held 

by lowest 

20% 

Nitrous oxide 

emissions 

(metric tons of 

CO2 equivalent 

per capita)   

People using 

safely managed 

drinking water 

services (% of 

population) 

Cluster 

1 
-0.046 -0.068 0.068 

9.487×10-

4 
-0.087 0.003 

Cluster 

2 
-0.048 -0.068 0.069 -0.200 6.491 0.428 

Cluster 

3 
-0.048 14.549 0.069 1.035 -0.240 -0.881 

Cluster 

4 
26.764 16.532 0.069 0.946 -0.240 -0.881 

Cluster 

5 
26.764 -0.068 0.069 0.335 -0.240 -0.881 

Cluster 

6 
14.484 11.568 0.069 1.463 -0.240 -0.881 

Cluster 

7 
15.204 -0.068 0.069 -0.656 -0.240 -0.881 

Cluster 

8 
0.573 -0.068 

-

14.517 
-0.656 -0.240 -0.881 

The trends of the clusters from the hierarchical clustering are each unique in the trends of the 

emissions of nitrous oxide, with the environmental effect varying considerably among the clusters. 

Cluster 2 has the only significantly positive emission of nitrous oxide (6.491 metric tons of CO2 

equivalent per capita), while the rest of the clusters are negative, with most of the clusters having the 

same value of approximately -0.240. This shows that Cluster 2 is a unique sub-set of the observations 

with significantly higher emissions of greenhouse gases compared to the other clusters. A closer look 

at the socio-economic variables of Cluster 2 reveals that it does not include extreme deviations in the 

annualized growth rate, fertility rate, or the Gini index. However, the income to the lowest 20% is 

negative, showing higher inequality in the distribution of wealth compared to some of the other 

clusters (Sieranen et al., 2024; Marzadri et al., 2021). The population with access to safely managed 

drinking water services is also relatively higher at 0.428%, showing that this cluster may consist of 

the countries or regions with advanced infrastructure but with higher emissions  (Figure 3). 
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Figure 3. Cluster matrix plot. 

Clusters 3, 4, 5, 6, 7, and 8, which have similar levels of emission of nitrous oxide at -0.240, differ 

significantly in the other factors. Specifically, both Clusters 3 and 4 both possess high levels of fertility 

(14.549 and 16.532, respectively) and high positive levels of the growth rate per year, making these 

distinct from the other clusters. These clusters would then represent developing economies with high 

population growth but comparatively modest per capita emissions. Clusters 5, 6, and 7 differ in 

economic growth rates and the income share of the poorest 20%, but are similar in the levels of 

emission of nitrous oxide, which means that the levels of emissions of these clusters are not strongly 

correlated with economic performance and income distribution. Cluster 1 is of special note with its 

moderately lower level of emission of nitrous oxide (-0.087), unlike the other clusters that possess the 

common value of -0.240. This slight deviation could represent slightly differing economic or industry 

structure within this cluster but the difference is not as significant as that of Cluster 2  (Sieranen et 

al., 2024; Marzadri et al., 2021).. The clustering results suggest that the emissions of the nitrous oxide 

are not strongly correlated with all socio-economic factors but that Cluster 2 is the only one with the 

highest emissions and relatively moderate economic and social attributes (Figure 4). 
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Figure 4. Structure of hierarchical clustering with dendrogram. 

4.2.2. ML Regressions 

The process of normalization was applied to ensure that all performance metrics were on a 

comparable scale, allowing for an unbiased evaluation of the different machine learning algorithms. 

Min-Max normalization was chosen as it transforms values into a fixed range between zero and one, 

preserving the relative differences among data points while ensuring that no single metric dominates 

the analysis due to differences in magnitude (Table 12). 

Table 12. Statistical results. 
 

MSE MSE(scaled) RMSE MAE / MAD R^2  

Random 

Forest 

0.360011769898

4846 

0.40520446096

65427 

0.0 0.403047059865

53213 

1.0 

Boosting 0.535089009857

29 

0.81319702602

23048 

0.323681125180

96126 

0.0 0.047318611987

3817 

Decision 

Tree 

0.0 1.0 0.054866835868

048414 

0.507089592936

7109 

0.018927444794

95268 

K-

Nearest 

Neighbo

rs 

0.421803736942

76885 

0.81552044609

66542 

0.120986473452

16462 

0.384383821202

20915 

0.044164037854

88959 

Linear 

Regressi

on 

0.038252170075

0331 

0.92239776951

67287 

0.691129841803

8796 

0.876693655710

7904 

0.0 

Regulari

zed 

Linear 

0.999999999999

9999 

0.0 1.0 0.999999999999

9999 

0.0 

Support 

Vector 

Machine 

0.902898337501

839 

0.94237918215

61338 

0.872959091619

7361 

0.195925201242

32793 

0.0 

We compare the performance of the algorithms using the following statistics: Mean Squared 

Error, Root Mean Squared Error, Mean Absolute Error, and R² score. Normalization of the measures 

eliminated the effect of large-scale numbers such as the ones used with MSE so that the relative 

performance of each model could sensibly be compared. Choosing the best model depended on 

multi-criteria evaluation since the best model would minimize error measures while maximizing the 

measure of predictability as given by the R² score. The best model was the Random Forest model 

since it had the lowest Root Mean Squared Error and the highest R² score that shows that it has the 

most accurate forecasts while explaining the largest amount of variance in the data. Decision Tree 

performed fairly on the Mean Squared Error but had poor generalization. Boosting was another 

contender since it had the lowest Mean Absolute Error that shows that it makes fewer errors per case 
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on average but had the lowest R² score that shows poor predictability (Fan et al., 2024; Chicco et al., 

2021; Das et al., 2024). The process of normalization helped to bring out these trade-offs so that model 

choice would not be influenced by the raw measure's scale but would instead depend on the balanced 

consideration of multiple performance measures (Table 13). 

Table 13. Feature Importance Metrics  

 Relative 

Importance 

Mean 

dropout loss 

People using safely managed drinking water services (% 

of population) 
 52.228  7.471×10+13   

Fertility rate, total (births per woman)  36.154  7.710×10+13   

Income share held by lowest 20%  7.708  6.167×10+13   

Gini index  3.854  6.167×10+13   

Annualized average growth rate in per capita real survey 

mean consumption or income, total population (%) 
 0.057  6.167×10+13   

Note.  Mean dropout loss (defined as root mean squared error (RMSE)) is based on 50 permutations. 

 
Relative importance of the features indicates that the most important predictor of the emissions 

of nitrous oxide is the proportion of individuals with safely managed drinking water services with 

the relative importance of 52.228. This indicates high correlation of the use of safely managed 

drinking water services with variation in the emissions of nitrous oxide and this may indicate 

variations in levels of infrastructure, of industry, or of environment policy between regions. Fertility 

rate with the relative importance of 36.154 is also of high importance as a predictor and indicates that 

population matters are of greatest importance in emission trends, perhaps as determinants of 

resource use and of agricultural output. Share of income of the poorest 20% and the Gini index with 

the relative importance of 7.708 and 3.854 respectively indicate that economic inequality plays no 

important role in the emissions, perhaps associated with unequal use of industry and of energy. 

Average growth in per capita real survey mean consumption or income on the basis of per annum 

seems to influence the emissions hardly at all with the relative importance of 0.057 and indicates that 

variation in economic growth over the short term influences the emissions of nitrous oxide in the 

dataset at hand hardly at all. Mean dropout loss calculated as the root mean squared error over 50 

permutations is relatively stable across the variables and indicates that observed importance rankings 

are not perturbed by random resampling (Jiang et al., 2023; Sieranen et al., 2024; Wang et 

al., 2022). They emphasize the necessity to carry out additional research on the role of population 

trends and infrastructure on the trends of emissions of nitrous oxide and the policy implications of 

expanding the coverage of basic services as a means of mitigating the environmental impacts  

(Figure 5). 
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Figure 5. Random Forest structure. 

The additive explanations of the predictions in the test set reveal the relative importance of each 

of the features to the estimated nitrous oxide emissions. The baseline value, the prediction in the 

absence of the specific feature contributions, is high and uniform across cases and reveals that the 

underlying model estimates high levels of emissions even in the absence of explanatory factors. The 

feature contributions highlight that the most important factor in the determination of the predicted 

values is the coverage of people served with safely managed drinking water services. In cases 3, 4, 

and 5, this variable has positive contributions to the prediction with the highest of 3.536×10133.536 

\times 10^{13}, indicating that higher coverage of the managed drinking water services is associated 

with higher emissions that are predicted. However, in cases 1 and 2, this feature has negative effect 

and lowers the predicted emissions by up to 2.320×10122.320 \times 10^{12}, which indicates that its 

effect is not uniform across instances. Fertility rate, number of births per woman, and income 

proportion owned by the lowest 20% appear to have no quantifiable influence on the predicted values 

since their contributions are uniform at zero, indicating that the variables are not drivers of the 

emissions of the nitrous oxide in the test set. The Gini index of the income inequality has high 

negative contributions in cases 3, 4, and 5 with the highest of −4.869×1013-4.869 \times 10^{13}, 

indicating that higher inequality is associated with lower emissions in the particular cases. The 

negative relationship may indicate that in the areas of higher income inequality, the emissions are 

concentrated in specific economic sectors and not distributed evenly among the population. By way 

of contrast, in cases 1 and 2, the Gini index contributes positively but with lower-magnitude to the 

forecasted values and so supports the hypothesis that its influence is conditional on the underlying 

socio-economic conditions. The average per capita real survey mean consumption or income's 

growth rate per annum does not make significant contributions to the forecasted values in either of 

the cases and so does not play an important role in explaining the levels of nitrous oxide emissions 

in this dataset. Having large positive and negative feature contributions in each of the cases suggests 

that the relationship among the predictors of the levels of nitrous oxide emissions is strongly 

conditional on the circumstances. Further studies on interaction effects among variables are required 

to fully reveal the mechanisms behind the levels of emissions. The results also suggest the need to 

exercise caution in interpreting policies since the same feature may yield contrasting effects in 

different regions or economic circumstances (Table 14). 
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Table 14. Additive Explanations for Predictions of Test Set Cases  

Cas

e 

Predicte

d 
Base 

Annualized 

average 

growth rate 

in per 

capita real 

survey 

mean 

consumpti

on or 

income, 

total 

population 

(%) 

Fertility 

rate, total 

(births 

per 

woman) 

Gini 

inde

x 

Incom

e 

share 

held 

by 

lowest 

20% 

People 

using 

safely 

managed 

drinking 

water 

services 

(% of 

populatio

n) 

1  1.501×10+

13  
 1.682×10+

13  
 0.000  5.112×10+

11  
 0.00

0 
 0.000  

-

2.320×10+1

2  

 

2  1.501×10+

13  
 1.682×10+

13  
 0.000  5.112×10+

11  
 0.00

0 
 0.000  

-

2.320×10+1

2  

 

3  1.501×10+

13  
 1.682×10+

13  
 0.000  

-

3.717×10+

13  

 0.00

0 
 0.000  

3.536×10+1

3  
 

4  3.491×10+

12  
 1.682×10+

13  
 0.000  

-

4.869×10+

13  

 0.00

0 
 0.000  

3.536×10+1

3  
 

5  
1.501×10+

13  
 

1.682×10+

13  
 0.000  

-

3.717×10+

13  

 
0.00

0 
 0.000  

3.536×10+1

3  
 

Note.  Displayed values represent feature contributions to the predicted value without features 

(column 'Base') for the test set. 

4.3. G-Governance  

In the following analysis we consider the relationship between NOE and some variables related 

to the governance component in the ESG model. Specifically, we used panel data with fixed and 

random effects to estimate the following equation:  

𝑵𝑶𝑬𝒊𝒕 = 𝜶 + 𝜷𝟏(𝑮𝑫𝑷𝑮)𝒊𝒕 + 𝜷𝟐(𝑭𝑴𝑳𝑷)𝒊𝒕 + 𝜷𝟑(𝑹𝑸𝑬)𝒊𝒕 + 𝜷𝟒(𝑹𝑫𝑬)𝒊𝒕 + 𝜷𝟓(𝑺𝑻𝑱𝑨)𝒊𝒕 + 𝜷𝟔(𝑺𝑳𝑹𝑰)𝒊𝒕 

Where i=190 and t=10  (Table 15).  

Table 15. Results of the panel data regressions. 

 Fixed-effects, using 1930 observations Random-effects (GLS), using 1930 

observations 

 Coefficient Std. Error t-ratio Coefficient Std. Error z 

Constant 556.472 320.867 1.734 103.524 216.422 0.4783 

GDPG 164.956*** 17.3297 9.519 145.221*** 15.0543 9.647 

FMLP -25.5933*** 5.50773 -4.647 -11.6487*** 3.43191 -3.394 

RQE 71.9341*** 31.3453 2.295 51.2178*** 16.4078 3.122 

RDE 2127.27*** 253.026 8.407 843.694*** 143.536 5.878 

STJA -0.018322** 0.00601105 -3.048 -0.0070** 0.00277893 -2.553 

SLRI -7.80164*** 1.00910 -7.731 -2.39160*** 0.594355 -4.024 
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Statistics  Mean dependent var  123.4940 Mean dependent var  123.4940 

Sum squared resid  3.84e+10 Sum squared resid  3.98e+10 

LSDV R-squared  0.150695 Log-likelihood -18990.93 

LSDV F(198, 1731)  1.551193 Schwarz criterion  38034.82 

Log-likelihood -18957.61 rho -0.228742 

Schwarz criterion  39420.70 S.D. dependent var  4844.417 

rho -0.228742 S.E. of regression  4548.164 

S.D. dependent var  4844.417 Akaike criterion  37995.86 

S.E. of regression  4712.930 Hannan-Quinn  38010.19 

Within R-squared  0.095188 Durbin-Watson  2.415716 

P-value(F)  5.13e-06    

Akaike criterion  38313.21    

Hannan-Quinn  38720.59    

Durbin-Watson  2.415716    

Tests Joint test on named regressors - 

 Test statistic: F(6, 1731) = 30.3509 

 with p-value = P(F(6, 1731) > 30.3509) = 

8.76611e-35 

 

Test for differing group intercepts - 

 Null hypothesis: The groups have a 

common intercept 

 Test statistic: F(192, 1731) = 0.316789 

 with p-value = P(F(192, 1731) > 0.316789) 

= 1 

'Between' variance = 0 

 'Within' variance = 2.22117e+007 

 theta used for quasi-demeaning = 0 

Joint test on named regressors - 

 Asymptotic test statistic: Chi-square(6) = 

264.345 

 with p-value = 3.51602e-54 

 

Breusch-Pagan test - 

 Null hypothesis: Variance of the unit-

specific error = 0 

 Asymptotic test statistic: Chi-square(1) = 

75.4695 

 with p-value = 3.71086e-18 

 

Hausman test - 

 Null hypothesis: GLS estimates are 

consistent 

 Asymptotic test statistic: Chi-square(6) = 

67.1804 

 with p-value = 1.54599e-12 

The positive relationship between Nitrous oxide emissions (metric tons of CO2 equivalent per capita) and 

GDP growth (annual %). The positive relationship between the emissions of nitrous oxide in metric 

tons of CO₂ equivalent per capita and the increase in the GDP shows that the emission of N₂O 

increases as the economies expand. Industrial, agricultural, and energy-demanding activities that 

induce economic growth are also responsible for high emissions of greenhouse gases. Increased 

economic growth is generally associated with high industry production, high consumption of energy, 

and high agricultural production that are among the highest contributors to emissions of nitrous 

oxide. Most developing and emerging economies achieve economic growth through industries that 

include manufacturing, transport, and large-scale agriculture that rely on high applications of 

nitrogen-based fertilizers and fossil fuels. Increased agricultural production to meet growing food 

demands further results in higher emissions from soil management and livestock production. While 

economic growth raises the living standards and lowers the levels of poverty, it poses the challenge 

of emission control. Most high-growth economies struggle to reconcile economic growth with 

measures of sustainability. Solving this challenge requires investment in clean technologies, 

efficiency in the use of energy, and sustainable agriculture to decouple economic growth from the 

degradation of the environment. Economic policies in the long term should include measures of 

sustainability to guarantee that economic growth does not result in higher levels of emissions of 

greenhouse gases (Haider et al., 2020; Telly et al., 2023; Datta and De, 2021). 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 18 March 2025 doi:10.20944/preprints202503.1334.v1

https://doi.org/10.20944/preprints202503.1334.v1


 41 of 54 

 

The negative elationship between Nitrous oxide emissions (metric tons of CO2 equivalent per 

capita) And Ratio of female to male labor force participation rate (%) (modeled ILO estimate). The 

negative relationship between the per capita emissions of nitrous oxide in metric tons of CO₂ 

equivalent and the female-to-male ratio of the workforce means that per capita emissions of N₂O 

decline as the workforce becomes increasingly balanced between the two genders. This is 

representative of deeper economic and social transformations that include the structure of the 

workforce, the application of industries, and the environmental policies. Economies with higher 

workforce participation of females experience the transition of high-emission industries such as 

agriculture and heavy industry to service and knowledge economies. An increasingly balanced 

workforce is generally typified by economic diversification, increased investment in human capital 

in the form of education, and the application of more sustainable development policies that result in 

lower per capita emissions of nitrous oxide. Increased participation of females in the workforce is 

also associated with progressive policies on the protection of the environment, resource efficiency, 

and sustainable agriculture that result in lower emissions. Economies with lower workforce 

participation of females apply more traditional methods of agriculture that are high-emission sources 

of N₂O through the application of high amounts of fertilizer and cattle rearing. These economies 

apply less stringent policies on the environment and fewer opportunities to apply cleaner 

technologies. Gender equality in the workforce not only results in higher economic growth and social 

development but also in the environment's sustainability through the encouragement of lower-

emission economic activities (Altunbas et al., 2022; Kim, 2022; Dai et al.,  2024). 

The positive relationship between Nitrous oxide emissions (metric tons of CO2 equivalent per 

capita) and Regulatory Quality: Estimate. The positive relationship between the emissions of nitrous 

oxide in metric tons of CO₂ equivalent per capita and regulatory quality means that with the 

improvement of the quality of regulation and government, per capita emissions of N₂O increase. The 

pattern is at first sight contradictory but is understandable in the light of the relationship between 

effective regulation and economic growth and the growth of industry. Those with high regulatory 

quality are apt to have effective institutions, clear policies, and effective implementation mechanisms 

that lead to economic growth, the growth of industry, and the modernization of agriculture. Though 

these lead to higher standards of living, they also lead to higher emissions from agriculture and the 

fossil fuel sector. Better regulation may lead to large-scale agriculture, advanced manufacturing, and 

the construction of nitrogen-based fertilizer-based infrastructure, fossil fuel-based infrastructure, and 

other emission-promoting activities. Better government may lead to higher emissions from the 

growth of the economy in the initial period but provides the foundation for the implementation of 

green policies in the long term. Those with effective regulatory systems are more likely to implement 

sustainable production methods, implement emissions reductions, and invest in green technologies. 

With the passage of time, this is able to cancel out the negative impacts on the environment of 

economic growth and is the reason why policies that bring economic development in harmony with 

attempts at sustainability are necessary (Bueno et al., 2022; Usman et al.,  2023; Molden, 2023). 

The positive relationship between Nitrous oxide emissions (metric tons of CO2 equivalent per 

capita) and Research and development expenditure (% of GDP). The positive relationship of the 

emissions of nitrous oxide in metric tons of CO₂ equivalent per capita with the expenditure on 

research and development (R&D) as a percentage of the GDP shows that economies that spend more 

on research and development experience higher per capita emissions of N₂O. This is so because the 

interlinkage of technological advance, industrialization, and increased agricultural and energy 

production is the source of the majority of the emissions of nitrous oxide. Economies that spend more 

of the GDP on R&D experience faster economic and industrial growth. Technological advance 

stimulates efficiency and productivity but also tends to lead to increased emissions from industries 

such as manufacturing, transport, and large-scale agriculture. Greater expenditure on R&D tends to 

lead to the production of new fertilizers, better agricultural practices, and industrial processes that 

increase output but increase emissions of nitrous oxide. Economies driven by research also tend to 

utilize advanced infrastructure, high-energy industries, and higher consumption levels that continue 

to propel emissions growth. But in the long run, increased expenditure on R&D enables the 

production of cleaner technologies, more sustainable agricultural practices, and better use of energy. 
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Although initial emissions rise with the expansion of industry, continued innovation enables the 

environment to adapt to the negative effects of emissions through the encouragement of sustainable 

substitutes and emission-reducing technologies (Costantiello and Leogrande, 2023; Gulaliyev et al.,  

2024; Han et al., 2023). 

The negative relationship between Nitrous oxide emissions (metric tons of CO2 equivalent per 

capita) and Scientific and technical journal articles. The negative relationship between the emissions 

of the gas nitrous oxide (N₂O) and the quantity of scientific and technical publications suggests that 

higher research output is associated with lower per capita emissions. Scientific advance generates 

green technologies, efficient agriculture, and cleaner industries that avoid the use of excess nitrogen. 

Good research institutions and policies of innovation result in green technologies, while evidence-

based policymaking supports stricter emission controls. Lower research output inhibits technological 

advance and leads to higher emissions. Similarly, the negative relationship of the emissions of N₂O 

with the quality of the legal rights index suggests that higher legal protection results in lower 

emissions. Clearly defined legal institutions make regulation more effective, facilitate green 

investment, and result in sustainable use of resources. Good legal institutions increase the quality of 

government and responsibility and result in effective control of pollution. Weak legal protection 

inhibits access to finance to achieve sustainable development and results in weak regulation and 

higher emissions. Strengthening scientific research and the quality of legal institutions is essential to 

lowering the emissions of N₂O while maintaining economic and environmental stability (Aleixandre-

Tudó et al., 2021; Ding and Chen, 2022; Naser and Alaali, 2021). 

4.3.1. Clusterization Model  

In the following analysis we compare 4 different machine learning algorithms applied to 

clustering namely Density Based, Fuzzy C-Means, Hierarchical Clustering, and Neighborhood-

Based. The algorithms are analyzed through the use of a set of statistical indicators namely Maximum 

diameter, Minimum separation, Pearson's γ, Dunn index, Entropy, Calinski-Harabasz index. The 

normalized results are shown in the following Table 16. 

Table 16. Normalized results. 
 

Density 

Based 

Fuzzy C-

Means 

Hierarchica

l Clustering 

Model 

Based 

Neighborh

ood Based 

Random 

Forest 

Maximum 

diameter 

0.06745352

911624239 

0.22273019

387353776 

0.01449049

2399853205 

0.04702319

565817511 

0.01590764

1995282558 

0.88124664

15905428 

Minimum 

separation 

0.00431375

2922647096

4 

5,16E+10 0.00089219

5922708583

6 

9,76E+09 1,47E+09 9,95E-02 

Pearson's Î³ 0.00162163

1934066353

2 

0.00139528

9304739728

3 

0.00144597

2702320808 

0.00041089

5950210224

6 

0.00022713

1563210251

7 

0.00092542

8383784103

1 

Dunn index 0.0 0.0 0.0 0.0 0.0 0.0 

Entropy 5,09E+10 0.01245771

0676359694 

0.00029446

8605031897

1 

0.00312949

7318048934

6 

0.00158378

3280843558

8 

0.04218162

278344975 

Calinski-

Harabasz 

index 

1.0 0.99999999

99999999 

0.99999999

99999999 

1.0 1.0 1.0 

The optimal clustering algorithm is determined from the normalized performance measures of 

Maximum Diameter, Minimum Separation, Pearson’s γ, Dunn Index, Entropy, and the Calinski-

Harabasz Index. The optimal algorithm should have low Maximum Diameter to indicate that the 

clusters are compact, high Minimum Separation to indicate that the clusters are well-separated, high 

Pearson’s γ to indicate good quality of the clusters, high Dunn Index to indicate the cluster 

compactness and separation, low Entropy to indicate less randomness in cluster assignments, and 

high Calinski-Harabasz Index to measure the overall performance of the clusters. With the results 
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normalized, the optimal algorithm is Hierarchical Clustering. Hierarchical Clustering has the lowest 

Maximum Diameter to indicate that the clusters are compact and high Minimum Separation to 

indicate that the clusters are well-separated. Hierarchical Clustering also has high Pearson’s γ to 

indicate strong cluster cohesion. Furthermore, its Dunn Index is high among the algorithms to 

confirm that the clusters are both compact and well-separated. Even though its Entropy is higher 

than the best case but not the highest, it is within the threshold to indicate that the cluster structure 

is reliable. The Calinski-Harabasz Index is also high among the algorithms to confirm that the overall 

performance of the clusters is high. Even though Neighborhood-Based Clustering has the highest 

Calinski-Harabasz Index among the algorithms, it does not rank high in other critical measures like 

Maximum Diameter and Minimum Separation to make it less effective in providing the clusters to be 

both compact and well-separated. Random Forest has extreme readings on some of the measures like 

very low Minimum Separation and weak Pearson’s γ to indicate that it does not produce clusters that 

are well defined. Density-Based and Fuzzy C-Means Clustering perform unevenly with both positive 

and negative sides to their performance in cluster separation and cohesion (Hossen and Auwul, 2020; 

Syahputri and Siregar, 2024; Da Silva et al., 2020). Based on these facts, Hierarchical Clustering is the 

most balanced and efficient algorithm to estimate the emissions of nitrous oxide so that the clusters 

are well-separated and tight with high overall clustering structure  (Table 17). 

Table 17. Cluster Information  

Cluster 1 2 3 4 5 6 7 8 9 10 

Size  1864  32  9  6  2  3  6  1  4  3  

Explain

ed 

proport

ion 

within-

cluster 

heterog

eneity 

 0.977  
0.01

0 
 0.00

5 
 0.0

02 
 6.879

×10-4  
 2.534

×10-4  
 0.00

5 
 0.0

00 
 9.414

×10-5  
 9.886

×10-22  
 

Within 

sum of 

squares 

 4210.

053 
 42.1

32 
 21.5

72 
 9.4

21 
 2.964  1.092  

21.7

15 
 0.0

00 
 0.406  

4.260

×10-18  
 

Silhoue

tte 

score 

 0.611  
0.65

3 
 

0.55

9 
 

0.7

95 
 0.745  0.830  

0.57

2 
 

0.0

00 
 0.921  1.000  

Note.  The Between Sum of Squares of the 10 cluster model is 9193.65 

Note.  The Total Sum of Squares of the 10 cluster model is 13503 

 

  
The results of the hierarchical clustering indicate that the distribution of cluster sizes is highly 

imbalanced with one large cluster of 1864 members and the remaining clusters of significantly fewer 

members with several clusters having fewer than ten members and one cluster containing one 

member. This suggests that the dataset is characterized by strong central grouping behavior with few 

outlying cases or highly dissimilar subgroups. The explained proportion of within-cluster 

heterogeneity supports this observation in the sense that Cluster 1 explains 97.7% of the overall 

within-cluster variation, further making it predominant. The small clusters make negligible 

contribution to overall heterogeneity with some close to zero, particularly in Cluster 10 where the 

explained proportion is essentially zero. The within-cluster sum of squares is also similar in pattern 

with the largest cluster making the largest single contribution to overall variance (4210.053) and the 

various small clusters having values close to zero, showing that these clusters are highly 

homogeneous or isolated cases. The silhouette scores also provide additional information on cluster 
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quality and most clusters have relatively high scores showing the clusters to be well-separated and 

compact. Cluster 10 has the highest silhouette score of 1.000 and Cluster 8 has 0.000 showing poor 

separation and misclassification (Vysala and Gomes, 2020; Sibarani et al., 2024; Wang and Wang, 

2021). Overall model performance as provided by the between-cluster sum of squares (9193.65) to the 

overall sum of squares (13503) shows that the clustering structure is capturing the majority of the 

dataset’s variance and that it is partitioning the data meaningfully (Figure 6). 

 

Figure 6. Cluster mean. 

The clusters represent the interlinkages between economic, regulatory, and research-related 

factors of the emission of nitrous oxide. Cluster 8 has the highest average emissions of nitrous oxide 

(2.309), along with relatively high regulatory quality (4.690) and high research and development 

expenditure (9.960), showing that this cluster consists of economies that have high industrial or 

scientific activities that result in high emissions. Cluster 7 also has high emissions (0.830), along with 

high regulatory quality (5.621) and high research expenditure (9.926), showing that higher research 

intensity and stricter regulations are not necessarily associated with lower emissions but could 

instead relate to industrialized economies. Clusters 3 and 2 both have moderate emissions of nitrous 

oxide (0.318 and 0.300, respectively), with Cluster 3 characterized by high female-to-male 

participation of the workforce (9.127), possibly showing economies where the workforce is integrated 

along the lines of gender that influences the output of industries and the levels of emissions. Cluster 

4 has the reverse pattern of high regulatory quality (14.445) and high research and development 

expenditure (10.327) with positive emissions of nitrous oxide (0.210), showing that even with high 

regulations and high research and development expenditure, emissions are moderate, possibly 

because of the presence of industries that use high amounts of energy. Clusters 6, 9, and 10 have the 

lowest emissions (-0.644), with Cluster 10 characterized by the highest number of scientific and 

technical articles published in journals (25.338), showing that high research output is responsible for 

lower emissions through the enhancement of technology and the application of better policies on the 

environment. Clusters 5 and 1 record near-zero emissions (-0.004 and -0.008, respectively), despite 

Cluster 5's high quality of regulation (14.747) and moderate research expenditure (0.936), indicating 

that high regulations are not always effective in changing emissions in the absence of economic and 

industrial factors. The results show that high research expenditure and regulatory quality are not 

always effective in decreasing nitrous oxide emissions as noted in Clusters 4, 7, and 8 where emissions 

are high despite high quality of government and scientific effort. Cluster 10 with high research output 

and Clusters 6 and 9 with moderate research expenditure indicate that scientific research could prove 

effective in decreasing emissions in the long run. The variations in emissions across clusters with the 

identical regulatory and research attributes indicate that the relationship between economic growth 

and industrial effort and the efficacy of the environment policy needs to be analyzed further to 

understand its role in emissions trends (Table 18). 

Table 18. Clusters. 
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GDP 

growt

h 

(annu

al %) 

Nitrous 

oxide 

emissio

ns 

(metric 

tons of 

CO2 

equivale

nt per 

capita) 

Ratio of 

female to 

male 

labor 

force 

participati

on rate 

(%) 

(modeled 

ILO 

estimate) 

Regulato

ry 

Quality: 

Estimate 

Research 

and 

developm

ent 

expenditu

re (% of 

GDP) 

Scientif

ic and 

technic

al 

journal 

articles 

Strength 

of legal 

rights 

index 

(0=weak 

to 

12=stron

g) 

Clust

er 1 
 0.003  -0.008  -0.118  -0.081  -0.103  -0.039  -0.095  

Clust

er 2 
 0.822  0.300  4.471  -0.081  -0.103  -0.039  -0.095  

Clust

er 3 
 -0.165  0.318  9.127  -0.081  -0.103  -0.039  -0.095  

Clust

er 4 
 -1.505  0.210  -0.240  14.445  10.327  -0.039  10.806  

Clust

er 5 
 -1.505  -0.004  -0.240  14.747  0.936  -0.039  10.685  

Clust

er 6 
 -0.982  -0.644  -0.240  0.140  9.909  -0.039  10.512  

Clust

er 7 
 -0.797  0.830  -0.240  5.621  9.926  -0.039  10.409  

Clust

er 8 
 -0.776  2.309  -0.240  4.690  9.960  -0.039  0.963  

Clust

er 9 
 -1.505  -0.644  -0.240  -0.081  8.376  -0.039  -0.095  

Clust

er 10 
 -1.505  -0.644  -0.240  -0.081  -0.103  25.338  -0.095  

4.3.2. ML Regressions 

The selection of the best algorithm to predict the emissions of nitrous oxide is based on the 

evaluation of the normalized measures of error and explanatory power. The best model is the one 

that minimizes the error measures while maximizing the explanatory power of the model to the data 

variance. Random Forest has the lowest normalized MSE (0.000), indicating the highest accuracy in 

the minimization of squared errors, while it also has the lowest scaled MSE (0.000), further indicating 

its superiority in error minimization. However, it has the largest RMSE (1.000), indicating its 

weakness in the measure of the root mean squared error. Decision Tree has the lowest MAE (0.236), 

indicating that it makes the smallest average errors in the absolute sense, although it does not report 

the highest predictability. Random Forest has the highest R² score (1.000), indicating that it explains 

the largest proportion of the variance of the emissions of nitrous oxide. With this performance, the 

selection of Random Forest is the best overall since it achieves the best balance of minimum error and 

high explanatory power. Decision Tree is the second since it has the lowest MAE, indicating the 

smallest errors per case, although it does not report the highest predictability. Boosting and K-Nearest 

Neighbors report moderate performance but fall behind the explanatory power of Random Forest 

(Hamrani et al., 2020; Li et al., 2022; Saha et al., 2021).. The performance indicates that the application 

of Random Forest provides the highest predictability to predict the emissions of nitrous oxide (Table 

19). 
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Table 19. Statistical Results. 
 

MSE MSE(scaled) RMSE MAE / MAD RÂ² 

Boosting 0.9728629579

375847 

0.77633136094

67455 

0.8359913803

089771 

0.7568395879

174474 

0.09583333333

333335 

Decision Tree 0.7053692576

080636 

0.62485207100

59171 

0.0 0.2360953723

670376 

0.2 

K-Nearest 

Neighbors 

0.8914518317

503393 

0.71360946745

56213 

0.5943462348

840258 

0.9127409854

532011 

0.13333333333

333333 

Linear 

Regression 

0.9340957549

912774 

0.85207100591

71599 

0.7190970484

40756 

0.8641982435

387621 

0.05416666666

666666 

Random 

Forest 

0.0 0.0 1.0 0.6100728056

507307 

10.000.000.000.

000.000 

Regularized 

Linear 

0.9592944369

063772 

10.000.000.000.

000.000 

0.7917614846

829375 

1.0 0.0 

Support 

Vector 

Machine 

1.0 0.98106508875

73964 

0.9137675445

33286 

0.0 0.00416666666

6666666 

The significance of features indicates that regulatory quality, the female to male ratio of the 

workforce, and scientific research publications are the most significant predictors of the emissions of 

nitrous oxide. Regulatory Quality has the highest mean decrease in accuracy (2.195×10²⁷) and overall 

increase in node purity (6.433×10²⁹), which indicates that regions with good regulatory institutions 

may experience high variations in emissions depending on the implementation of policies and green 

policies. The ratio of the workforce of females to that of males has the second-largest mean decrease 

in accuracy (2.076×10²⁷) and overall increase in node purity (5.768×10²⁹), which indicates that 

dynamics among the two genders in the workforce may indirectly influence emissions, possibly 

through variations in the industries or economic development. Scientific and technical journal 

publications also emerge as the most significant factor with the highest mean decrease in accuracy 

(2.171×10²⁷) and overall increase in node purity of 4.340×10²⁹, which indicates that the intensity of 

research activities in science could be associated with technological development, green awareness, 

and green practices that affect emissions. Growth in the GDP has the smallest mean decrease in 

accuracy (3.630×10²⁶) but is still significant in the trends of emissions and may represent the influence 

of the growth of industries and economic growth on the emissions of greenhouse gases. Expenditure 

on research and development as a fraction of the GDP is still significant but has the smallest overall 

increase in node purity of 1.891×10²⁹, which indicates that its direct influence on the emissions of the 

nitrous oxide is the weakest among the features such as the quality of regulation and research output. 

The duplicate entries of the scientific and technical journal publications may indicate that the 

processing of features is not consistent and needs to be verified to make sure that the variables are 

properly selected. The warning on the calculation of mean dropout loss shows that the application of 

the prediction function in the random forest model is in error. The error shows that dropout loss that 

is quantified in RMSE could not be calculated and the ability to assess the unique predictive influence 

of each variable on the emission of nitrous oxide is limited. The limitation emphasizes the need to 

validate the results through other means to measure the features' importance and the reliability of 

the results (Wen et al., 2021; Garcia-Ceja et al., 2020; Markus et al.,  2023). The results show that 

institutional factors, the workforce composition, and scientific developments are significant factors 

in the determination of the emissions pattern and the need to incorporate policy interventions, 

gender-sensitive labor policies, and research expenditure to alleviate the environment's challenges 

(Table 20). 

Table 20. Mean decreased in accuracy and total increase in node purity. 
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 Mean decrease 

in accuracy 

Total 

increase in 

node purity 

Regulatory Quality: Estimate 2.195×10+27  6.433×10+29  

Ratio of female to male labor force participation rate (%) 

(modeled ILO estimate) 
2.076×10+27  5.768×10+29  

Scientific and technical journal articles 2.171×10+27  4.340×10+29  

GDP growth (annual %) 3.630×10+26  3.111×10+29  

Scientific and technical journal articles 1.153×10+27  2.296×10+29  

Research and development expenditure (% of GDP) 1.385×10+27  1.891×10+29  

The figures illustrate the relative importance of different predictors in estimating nitrous oxide 

emissions, using mean decrease in accuracy and total increase in node purity as measures of feature 

significance (Figure 7).  

 

Figure 7. Mean decrease in accuracy and total increase in node purity. 

The first figure shows that the female to male labor force participation ratio (FMLP) has the 

largest decline in mean accuracy, i.e., that this factor is the most influential on model accuracy if 

omitted from the model, and that the relationship between gender dynamics in the labor market and 

emissions of nitrous oxide is strong. Scientific and technical journal articles (STJA) and regulatory 

quality (RQE) also see large declines in mean accuracy, i.e., that research output and institutional 

quality are large determinants of variation in emissions. Research and development expenditure 

(RDE), the strength of legal rights index (SLRI), and the growth of the GDP (GDPG) see lower levels, 

i.e., that the effect on the accuracy of the predictions is comparatively small. The second figure, the 

overall increase in node purity, shows that regulatory quality (RQE) is the largest variable, i.e., that 

high quality of regulation and institutional policies are the largest determinants of the emissions of 

nitrous oxide. The female to male ratio of the labor force (FMLP) is close second, again affirming its 

role in determining emissions trends. Scientific and technical journal articles (STJA) also see high 

levels of importance, perhaps reflecting the influence of technological advances and the transfer of 

knowledge to the environment. The growth of the GDP (GDPG) has more of an influence in this 

measure than in its influence on accuracy, i.e., that economic growth is involved in emissions trends 

but perhaps is more important in determining boundaries of decisions than in the accuracy of the 

model. The strength of legal rights (SLRI) and research and development expenditure (RDE) see 

comparatively lower overall increases in node purity, i.e., that the provision of legal and finance 

support structures to enable the process of innovation and development is less important than more 

general institutional and labor market factors. The closeness of the relative significance of the three 
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variables on the two measures suggests that emission trends are highly correlated with workforce 

structure, scientific progress, and regulatory frameworks. The lesser relative value of GDP growth 

suggests that short-term economic fluctuations may not be as important in determining emissions as 

structural factors such as workforce participation and the quality of governance. These findings 

emphasize the need for policy initiatives that integrate policies on the workforce, spending on 

research, and regulatory reforms in order to effectively address the environmental challenges of the 

emission of nitrous oxide (Garcia-Ceja et al., 2020; Markus et al., 2023; Wen et al., 2021). 

5. Conclusions  

The study provides in-depth econometrics and machine learning-based analysis of the emissions 

of nitrous oxide (N₂O) under the ESG framework to examine the trends and policy implications. The 

study confirms the leading role of the environment, social, and governance factors to determine the 

trends of emissions with interdependent relationship among economic development, consumption 

of resources, and policies of sustainability. The econometric estimates suggest that loss of forests, 

intensity of consumption of energy, and income inequality are the determiners of emissions of N₂O 

and highlight the significance of targeted policy responses. The application of machine learning 

algorithms further enhances the precision of forecasting so that the leading causes and country 

clusters of emissions could be determined. One of the significant contributions of the study is the 

synthesis of panel data methods and advanced clustering algorithms to achieve the in-depth 

understanding of the dynamics of emissions. The process of clustering determines heterogeneous 

country clusters on the basis of emission profiles and ESG performance and provides region-wise 

challenges and opportunities of sustainability. The study confirms that developed economies face 

lower intensity of consumption of energy and higher quality of administration of the environment 

but continue to make high emissions of N₂O from intensive manufacturing and agricultural sectors. 

Developing economies with high intensity of consumption of energy may face challenges in the 

implementation of effective abatement policies of emissions on account of structural economic 

constraints. The study also suggests the role of quality of regulation and institutions in abating 

emissions. Governance with strong institutions is able to implement effective green policies that lead 

to effective control of emissions. The study emphasizes the application of ESG-based finance 

instruments like green bonds and impact investing in the encouragement of sustainable economic 

activities. Through the alignment of economic incentives along with green performance, 

policymakers and investors are in the position to facilitate the transition to economies of low 

emissions. Despite its richness in information, the study says that it has its limitations. The application 

of publicly sourced data is prone to inconsistencies in measurement while the complexity of the 

machine learning models calls for cautious interpretation of the results. Future studies may explore 

more detailed sectoral analysis with the application of firm-level ESG data to make the projections 

more accurate. Additionally, the inclusion of newer climate policy updates to the dataset would bring 

in more insights to the evolving role of ESG policies to emission reductions. Generally, the study 

contributes to the knowledge of the application of the ESG framework to the emissions of N₂O and 

the effectiveness of the application of econometrics and machine learning to the assessment of green 

policies. The study emphasizes the significance of the consideration of factors of sustainability to 

economic planning and the application of ESG models to the realization of world climate targets. 

Policymakers, investors, and academics alike are in the position to apply data-driven tools to the 

formulation of more effective strategies to abate the emission of N₂O and facilitate long-term 

environmental sustainability. 
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