é?? sustainability

Article

Logistics Performance and the Three Pillars of ESG: A Detailed
Causal and Predictive Investigation

Nicola Magaletti , Valeria Notarnicola !, Mauro Di Molfetta !, Stefano Mariani ! and Angelo Leogrande 2*

Academic Editor: Giada La Scalia

Received: 13 November 2025
Revised: 4 December 2025

Accepted: 15 December 2025
Published: 18 December 2025

Citation: Magaletti, N.; Notarnicola,
V.; Di Molfetta, M.; Mariani, S.;
Leogrande, A. Logistics Performance
and the Three Pillars of ESG: A
Detailed Causal and Predictive
Investigation. Sustainability 2025, 17,
11370. https://doi.org/10.3390/
sul72411370

Copyright: © 2025 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license
(https://creativecommons.org/license

s/by/4.0/).

1 LUM Enterprise S.r.1,, 70010 Casamassima, Italy; magaletti@lumenterprise.it (N.M.);
notarnicola@lumenterprise.it (V.N.); dimolfetta@lumenterprise.it (M.D.M.);
s.mariani@lumenterprise.it (S.M.)

2 Dipartimento di Management, Finanza e Tecnologia, LUM University Giuseppe Degennaro,

70010 Casamassima, Italy

Correspondence: leogrande.cultore@lum.it

Abstract

This study investigates the complex relationship between the performance of logistics and
Environmental, Social, and Governance (ESG) performance, drawing upon the multi-
methodological framework of combining econometrics with state-of-the-art machine
learning approaches. Employing Instrumental Variable (IV) Panel data regressions, viz.,
25LS and G2SLS, with data from a balanced panel of 163 countries covering the period
from 2007 to 2023, the research thoroughly investigates how the performance of the Lo-
gistics Performance Index (LPI) is correlated with a variety of ESG indicators. To enrich
the analysis, machine learning models —models based upon regression, viz., Random For-
est, k-Nearest Neighbors, Support Vector Machines, Boosting Regression, Decision Tree
Regression, and Linear Regressions, and clustering, viz., Density-Based, Neighborhood-
Based, and Hierarchical clustering, Fuzzy c-Means, Model-Based, and Random Forest—
were applied to uncover unknown structures and predict the behavior of LPI. Empirical
evidence suggests that higher improvements in the performance of logistics are systemat-
ically correlated with nascent developments in all three dimensions of the environment
(E), social (S), and governance (G). The evidence from econometrics suggests that higher
LPI goes with environmental trade-offs such as higher emissions of greenhouse gases but
cleaner air and usage of resources. On the S dimension, better performance in terms of
logistics is correlated with better education performance and reducing child labor, but
also demonstrates potential problems such as social imbalances. For G, better governance
of logistics goes with better governance, voice and public participation, science produc-
tivity, and rule of law. Through both regression and cluster methods, each of the respec-
tive parts of ESG were analyzed in isolation, allowing us to study in-depth how the infra-
structure of logistics is interacting with sustainability research goals. Overall, the study
emphasizes that while modernization is facilitated by the performance of the infrastruc-
ture of logistics, this must go hand in hand with policy intervention to make it socially
inclusive, environmentally friendly, and institutionally robust.
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1. Introduction

In the globalized world of today, logistics systems” productivity and resilience are
essential drivers of competitiveness at the national level as well as of economic
development and sustainability. The empirical organization of supply chains,
developments in technology and global trade intensification have brought the
performance of logistics to the forefront of both economic policy and corporate decision-
making. In parallel to these developments has been the rise of the Environmental, Social,
and Governance (ESG) paradigm as the leading framework used to evaluate sustainable
economic performance, transcending conventional financial measurements to consider
broader societal and environmental consequences [1,2].

Justification for the study. Despite the increasing importance of both the logistics
performance perspective and the environmental, social, and governance (ESG)
framework in the design of sustainable economic systems, the intersection between the
two areas remains largely [3,4]. Currently, existing literature focuses predominantly on
logistics performance as economic infrastructure, with most economic studies being
carried out on a firm level, whereas, conversely, most existing studies on ESG frameworks
focus mostly on a firm level paradigm, thereby largely ignoring their systemic dynamics
within the country’s economic infrastructure. Currently, this systemic divide also leaves
a huge knowledge gap, particularly with increasing recognition being accorded to the
roles of logistics systems, as either facilitators or barriers, within environmental
sustainability, as well as social well-being, and within governance dynamics [3].
Knowledge within this intersection is also highly required, particularly since logistics
infrastructure designs significantly impact issues such as energy consumption, carbon
emissions, resource use efficiency, working conditions, inclusive supply chains, and
transparency in governance [4]. In addition, most global commitments, such as the United
Nations Sustainable Development Goals, significantly depend on the assurance of
sustainable logistics systems, so empirical studies within this field, particularly within the
intersection of systemic dynamics within logistics infrastructure design, within ESG
frameworks within different countries, remain largely uncharted.

In the midst of these twin evolutions, a recurring and relatively unexamined question
sits at its core:

¢  How do the interactions between the quality of logistics performance and each of the
ESG pillars vary by country?

In contrast to the expanding real-world applicability of both ESG and logistics
globally, academic work connecting the two is relatively rare. Most research on the
Logistics Performance Index (LPI) targets economic metrics like trade levels, industrial
competitiveness, and infrastructure quality [4], whereas ESG scholarship is typically
centered around firm-level sustainability, ethical investment practices, and policy at a
high level [5]. Consequently, our knowledge base is missing a systematic exploration of
how logistics capabilities impact environmental sustainability, social fairness, and
governance quality at the country level. That is a stark deficiency, given how essential
sustainable logistics has become to attainment of the United Nations Sustainable
Development Goals (SDGs) [1]. This study has as its objective bridging that gap through
a data-driven examination of how disaggregated ESG indicator variables correlate with
logistics performance. In contrast to research using composite ESG indices, however, the
research takes a disaggregated framework and looks at how infrastructure and efficiency
in operations independently impact environmental (E), social (5), and governance (G)
dimensions [2]. The research question is simple but fundamental:

e Does better logistics performance systematically have a positive impact on ESG re-
sults—and if so by which mechanisms?



Sustainability 2025, 17, 11370

3 of 65

This research advances the frontier of merging sustainable development and logistics
research by offering practical lessons for both governments and MNCs. The key strength
of this research is that it employs multiple methods, combining econometric analysis with
ML. Endogeneity in this research has been controlled using instrumental-variable panel-
data regression techniques, namely 2SLS and G2SLS, on a balanced panel of 163 countries
from 2007 to 2023. This tackles endogeneity by improving the accuracy of results by
mitigating the challenges posed by unobserved variables and reverse causality. To
complement the econometric model, this research applies both supervised machine
learning algorithms (Random Forests, k-Nearest Neighbors, Support Vector Machines)
and unsupervised clustering algorithms (Density-Based, Fuzzy C-Means, Hierarchical,
Model-Based, Neighborhood Clusters). This dual modeling approach not only provides
robustness testing rigor but also identifies nonlinear behaviors and hidden patterns that
are not accounted for or apparent in traditional statistical modeling. The ever-deepening
integration of ML applications in the sustainability literature has led to greater predictive
precision and the detection of patterns in high-dimensional data [6,7]. The dual-
methodology approach thus strengthens internal validity and enhances generalizability,
in line with prevailing research perspectives that intertwine ML and econometric analysis
in the realm of ESG studies [8]. An important aspect of the analysis involves using ESG
factors decomposed across the environmental, social, and governance pillars, rather than
considering overall ESG scores, to identify the individual relationships of each factor with
the Logistics Performance Index (LPI). Environmental factors are measured based on
pressures exerted by emissions, air pollution, and land use; social factors are measured
based on factors such as education access, service delivery, income levels, and child labor;
and governance factors are measured based on the rule of law, regulatory quality, and
innovation. This type of analysis has not been carried out in the literature with the depth
and rigor reported here [6,7]. The conclusive evidence indicates that the ESG and logistics
nexus involves various aspects of LPI improvements, including significant positive
outcomes and challenges in environmental sustainability, tangible social impacts,
applicable risks, and significant improvements in governance. However, effective logistics
may exacerbate environmental or social inequalities in the absence of strengthened
regulatory protection. Descriptive observations from all the collective data confirm the
imperative of congruent policies that align with the evolution of logistics and the
universal principles of ESG goals.

Study purpose. This research aims to develop a paradigm that establishes empirical
links between logistics performance metrics and the Environmental, Social, and
Governance (ESG) aspects of Sustainable Development. Recent studies indicate that
national logistics performance closely correlates with both social and environmental
aspects [3]. Although the importance of the world’s logistics capabilities as basic
determinants of economic competitiveness, trade efficiency, and development is well-
appreciated, their relationship with Sustainable Development remains uncharted. There
still remains a chasm in knowledge regarding the independent and cumulative roles of
different logistics capabilities, particularly with regard to their effects on ESG metrics,
given recent debates stratified by their effects on Sustainable Development. Studies on the
effects of logistics performance on sustainability suggest that the G20 nations’
sustainability levels remain largely driven by their logistics performance, underscoring
the importance of joint policy formulation [9]. This assumption’s importance lies in its
effort to bridge this chasm by exploring determinants of ESG, along with the interaction
between logistical efficiency and ESG dimensions, as defined in the existing literature.
Empirical studies suggest that ESG practices in logistics, environmental compliance, social
responsibility, and corporate governance exert independent as well as cumulative effects
at the firm and macroeconomic levels [4]. Similarly, improvements in ESG capabilities,
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particularly as applicable to Small, Medium, and Large Enterprises, remain identified as
an effective approach for sustainable and human-oriented practices [2]. However, the use
of digital technologies, along with Industry 4.0 technologies, in logistics remains effective
in integrating urban and corporate logistics strategies with ESG dimensions [10].
Therefore, within this background, this proposal’s subsequent analysis shall conduct a
rigorous, sequential, bi-variate analysis of the Logistics Performance Index’s variables,
prepared through thorough verification against detailed ESG variables, within the realm
of its governance units spanning 2007-2023, totaling 163 governance units. Specifically,
the analysis will focus on: (1) the correspondence between improved logistics capabilities
and environmental stress, as opposed to environmental efficiency (e.g., customs clearance
and lead-time reliability); (2) the social determinants as antecedents of logistics
capabilities, shedding light on education, working conditions, demographics, and
accessibility issues (e.g., ease of arranging shipments and customer satisfaction); (3) the
governance quality, with a focus on its constitutive aspects: enabling institutions,
regulatory systems, scientific productivity, as well as enabling governance structures (e.g.,
tracking and tracing capabilities and supply chain transparency). Using instrumental
variables panel regression analyses and sophisticated machine learning models, this
analysis will examine the two-way relationships between logistics capabilities and
sustainable development.

Study Purpose and Research Themes. This proposed research aims to develop a
theoretical framework that explains the relationship between Logistics Capabilities
Metrics and Environmental, Social, and Governance (ESG) factors within Sustainable
Development. The emerging literature shows a strong correlation between national
logistics capabilities metrics and social or environmental issues [3]. Although the
correlation between global logistics capabilities metrics and Sustainable Development
remains uncharted, the general implication is that logistics capabilities significantly affect
economic competitiveness, trade, and Sustainable Development. However, there seems to
be limited insight into the independent or cumulative aspects of such logistics capabilities,
particularly as a Sustainable Development factor. With regard to the literature established
in the precedent of existing literature on logistics capabilities metrics/sustainability, more
recent literature asserts that the Sustainability path within G20 nations is largely
dependent on their capabilities, thus establishing that policy as collectively decisive [9].
By implication, that this literature fills a much-needed aspect, within existing Sustainable
literature, that might explore this correlation between determinants of ESG factors,
through measures of Logistics Efficiency established within pertinent literature, as
emergent empirical notions demonstrate that ESG Logistics, defined through necessary
environmental, social, or governance protocols, remain collectively independent, with
negative, positive, notions within the macroeconomic paradigm [4]. Improving ESG
Capabilities, particularly within the realm of small-to-large-scale businesses,
demonstrates a push towards more Sustainable, People-centric paradigms [2].
Simultaneously, technology such as Industry 4.0 remains effective within the strategic
paradigm of transforming urban, corporate, or logistics infrastructure, as defined through
the resultant ESG paradigm [10]. With this background, the proposed analysis will
conduct a meticulous, sequential, multivariate analysis of Logistics Performance Index
variables, cross-checked against more refined ESG variables, focusing on a dataset
comprising 163 governance units for the years 2007-2023. To increase the validity of the
results, posterior predictive checks and robustness analyses will be used. This will allow
for issues of model specification parsimony and sensitivity issues that might qualify the
conclusions. More specifically, this analysis will focus on the interaction between
improved logistics capabilities under environmental stress and environmental efficiency,
as captured by variables such as customs simplicity, customs clearance, and lead time
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reliability. Social-influence variables, such as education, working conditions,
demographics, accessibility, ease of arranging shipments, and customer satisfaction, will
be considered antecedents of logistics capabilities. More specifically, the knowledge
generated by this analysis of education and working conditions might serve as a basis for
formulating personnel management policies through train-and-develop programs or by
establishing benchmark standards for laboratory practices, thus further reinforcing the
social component of ESG. Governance quality will be analyzed through its constituent
parts, including governance structures, governance frameworks, scientific productivity,
and facilitative governance frameworks, which comprise tracking and tracing capabilities
and transparency. By combining instrumental-variable panel regression with more
sophisticated machine-learning analytics, this analysis will explore the two-way
interaction between logistics capabilities and sustainable development.

Study Hypotheses. With the aforementioned research questions as the background,
this study formulates three inclusive hypotheses that provide direction for the analysis,
thereby aligning the conceptual framework with the methodology. These hypotheses
assume that the correlation between logistics performance metrics and sustainability
outcomes is complex, interacting with environmental, social, and governance factors
within the ESG framework [11].

H1. Logistics performance shows a systematic relationship with mixed environmental effects,
reflecting trade-offs between development and the environment. This hypothesis argues that
improvements in logistics infrastructure can minimize resource use and some types of pollutants,
but simultaneously increase other pollutants, such as GHG emissions. The existing literature
suggests that ESG innovations focused on logistics and transportation can improve environmental
efficiency while addressing new environmental pressures, such as increased energy use and GHG
emissions [1,12]. Using disaggregated measures of environmental effects, such as air, GHG
emissions, heat stress, and land use, this research will examine the impact of environmental stresses
and efficiencies as forces behind changes in the Logistics Performance Index [11].

H2. Socio-economic variables significantly and diversely affect logistics performance. This
hypothesis assesses the influence of education, basic service accessibility, demographics, working
conditions, and income distribution on logistics performance. Evidence confirms that socio-
economic variables, such as employee education, fair working conditions, and service accessibility,
affect logistics efficiency [1]. Social determinants, such as education, access to basic services,
demographics, working conditions, and income distribution, create inequality in human capital,
working conditions, or both, affecting the efficiency of global logistics.

H3. Improving governance quality promotes a positive outcome on logistics performance. This
hypothesis assumes that a high-quality institution, with attributes of proper regulation, the rule of
law, efficient administration, and scientific strength, fosters a supportive environment that
facilitates the establishment of a sound, modern, and trustworthy logistics infrastructure.
Empirical evidence shows that sound governance principles or regulations can enhance ESG
practices and sustainable development across nations [12,13]. These hypotheses collectively form
the focal point of this analysis, through which the rest of this report will explore the relationships
that exist between logistical performance and the environmental, social, and governance aspects of
sustainable development.

The research is organized as follows. Section 2 reviews the existing literature,
identifying the main conceptual frameworks and empirical findings to date. Section 3
presents the data sources, sample characteristics, and the econometric and machine
learning methodologies employed. Sections 4-6 are dedicated, respectively, to the
analysis of the relationships between LPI and the Environmental, Social, and Governance
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components, detailing both the regression-based and clustering-based results. Section 7
concludes with a discussion of policy implications, limitations, and directions for future
research. Furthermore, Appendix A presents the hyperparameter settings of the
regression algorithms, Appendix B presents the hyperparameter settings of the clustering
algorithms, Appendix C presents the summary statistics of the environmental (E)
indicators, Appendix D presents the summary statistics of the social (S) indicators, and
Appendix E presents the summary statistics of the governance (G) indicators.

2. Literature Review

The existing literature presents informed but incomplete insights into the
interrelation between ESG outcomes and logistic performance tending to lack the level of
systemic integration and granularity desired by this study. The research by [4,5] has as its
main objective assessing the financial impact of adopting ESG in the case of logistic firms
but does not reveal its investigation to wider systemic interactions unfolding from
country-wide metrics such as the Logistics Performance Index (LPI). While suggesting
that the impact of ESG schemes is mediated by logistic performance and economic results,
ref. [14] does fail to differentiate the ESG pillars and does not treat direct causality, a
concern treated by this research. The issue of ESG challenges and opportunities in the
post-COVID-19 context is broached by [2,15], albeit in a way failing to integrate results
systematically to transportation efficiency metrics such as the LPI In the same spirit,
research by [1,16] analyzes ESG’s impact on competitiveness and on stock performance
but falls short of considering logistic infrastructure as country-wide driver of
sustainability. Refs. [10,17] deal with smart and digitalized logistic as ESG enablers and
participate in thematic add-ons short of adopting serious quantitative research practices
like in the research presented here. The effect on firm performance of green logistic action
is demonstrated by [18-20], the latter focused on the dimension of ESG transparency but
both are subject to micro perspectives. The use of technology is analyzed by [21,22], and
[23] but short of structural embedding of country-wide logistic performance in ESG effect.
The research by [24] generalizes ESG discourse to maritime and seaport logistic industries
but fails to systematically analyze environmental, social, and governance dimensions
separately vis-a-vis the LPI as it does in this study.

Refs. [25,26] acknowledge transport and logistic firms to be influenced by ESG but
reduce ESG to aggregate scores and fail to identify pillar-specific effects as identified here.
Refs. [27,28] discuss communication and perception dimensions of ESG in the logistic
sector but fail to attain econometric robustness. Refs. [29,30] discuss impact of ESG on
supply chains but by a generalized application by qualitative methods and non-dynamic
panel data methods or by using machine learning algorithms. Refs. [31,32] include
governance variables like board diversity but fail to capture how the impact of logistic
infrastructure performance on ESG is systematically captured. Refs. [33-35], and associate
ESG and operation efficiency and productivity in the supply chain but to firm-specific or
industry-specific studies and to system levels in countries by using LPL Ref. [36] associate
climate policy uncertainty and logistic stock returns and ESG scores but fail to include
pillar disaggregation. Refs. [37,38] document sustainable optimization of the logistic
industry but fail to document how optimization practices are associated with larger ESG
systems in countries. Ref. [39] calculate competitiveness on efficiency of the logistic sector
but their work does not systematically rule out environmental and social spillovers
identified here. Ref. [40] discuss digitization and benefits to ESG and [41] discuss
sustainable infrastructure but both fail to utilize instrumental variable panel data methods
or machine learning regressions.

Research by [42,43] focuses on sustainability and governance in logistics companies
but lacks generalizability at a country level. Refs. [44,45] design ESG assessment models



Sustainability 2025, 17, 11370

7 of 65

but work primarily at conceptual or firm levels and lack the cross-country and long-
dimensioned data included in this study. Refs. [46,47] connect ESG to credit risk at the
firm level but do not conceptualize the firm as a fundamental unit of analysis as they do
so. Refs. [48,49] acknowledge the role supply chain digitalization plays in improving ESG
but do not systematically tie it to LPI measurements. Refs. [50,51] emphasize the
predictive ability of sustainability initiatives and ESG outcomes but fail to discuss drivers
exclusive to the logistics sector at the country level. Refs. [52,53] equate ESG with
efficiency at the terminals and ports and get close to LPI issues but keep to a sectorial
scope. Refs. [54,55] discuss procurement benefits and circular economy models but fail to
consider logistics performance as a systemic driver. Together, this study is the first to
combine both econometric and machine learning approaches to reveal LPI to be a first-
order determinant of ESG outcomes and not a secondary measure and to do so across
countries, filling gaps in existing research.

3. Data and Methodology

One of the main methodological difficulties faced in the current research stems from
the non-existence of a continuous historical time series of the Logistics Performance Index
(LPI). The available LPI data intermittently between the period of 2007-2023 pose a
number of missing values by country and year and thereby complicate the creation of a
full and balanced panel dataset adequate to perform rigorous econometric and machine
learning analysis. In a bid to overcome this problem and maintain the consistency and
integrity of the data’s longitudinal form, a polynomial-regression-based interpolation
scheme was utilized. Polynomial fitting was used to fill in missing values on a country-
wise basis to rebuild realistic historical traces of the LPI values and avoid risks of injecting
spurious biases using simpler linear interpolation methods. The methodology is informed
by existing research suggesting the benefits of using imputation as well as advanced
interpolation methods in LPI research ranging from genetic algorithm-based weights to
imputation methods using regression [56]. The second core analytic decision concerns
ESG disaggregation. In contrast to keeping ESG as a combined or aggregate indicator, the
research systematically breaks up the model into its three pillars—Environmental (E),
Social (S), and Governance (G)—and studies the interrelation of LPI across each of these
dimensions in turn. The pillar-wise design allows a finer and more detailed
understanding of how the interactions between logistics performance and sustainability
outcomes unfold than has been the case with prior research which tended to work with
ESG as a uniform block. The research design is aligned with contemporary research
underlining the different and diverging influence of a particular ESG dimension on firm
and sector performance [4,57]. In keeping with the research question’s adverseness to
simplicity, the analytic design follows both conventional econometric and sophisticated
ML approaches. The econometric analysis was conducted by using Instrumental Variables
(IV) panel regressions comprising both Two-Stage Least Squares (25LS) and Generalized
Two-Stage Least Squares (G2SLS) models to rigorously contend with endogeneity issues
and ascertain causal interpretation of the estimated coefficients. Complementarily to the
above, machine learning methodologies were implemented in both the regression and
clustering tasks—utilizing Random Forest, k-Nearest Neighbors, Support Vector
Machines, Decision Tree Regression, Boosting Regression, and Lasso in the case of the
former and Density-Based Clustering, Fuzzy c-Means, Model-Based Clustering,
Neighborhood Clustering, Random Forest Clustering, and Hierarchical Clustering in the
case of the latter. The interplay between the econometric and machine learning models
facilitates both the verification of outcomes by means of different methodological
perspectives and the determination of nonlinear and latent patterns likely to pass under
the radar of conventional regression analysis. These combined methodological options
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respond to the requirements of data constraints but also intensify the robustness,
exhaustiveness, and novelty of the research’s empirical contribution to the extant
literature on the topic of logistic performance and sustainable development (Figure 1).

Missing LPI Data
L/ -/
Enwronmental Social Governance
(E) (S) (G)

2007 2019 2023 ¢
Polynomial Logistics
Interpolation ( | Performannce

‘ //\/ Inciex

Analytic Approaches

Econometric Machine Learning

Polynomial « IV Models e Random Forest
Interpolation & Daral e SVM
J Regression & k-NN
e Decision Tree
e Boosting
, e Lasso

Figure 1. Overview of the Research Design and Analytical Framework. Note: the diagram illustrates
the full research workflow, including the reconstruction of missing LPI values through polynomial
interpolation, the integration of Environmental, Social, and Governance indicators, and the

application of both econometric and machine learning approaches for the analysis.

Study model. In this case, the proposed research will use a multi-method design to
investigate the relationship between logistics performance and the different dimensions
of Environmental, Social, and Governance (ESG). In this design, the Logistics Performance
Index (LPI) will be the dependent variable, with the environmental, social, and
governance dimensions as determinants. Such designs have been used previously in other
studies that investigated the effects of different dimensions of ESG issues on the quality
of institutions and the economic aspects of different countries [58]. To specify the nature
of this link, the analysis resorts to Instrumental Variable (IV) panel fixed-effect regression
models, namely Two-Stage Least Squares (2SLS) and generalized (2SLS). These
econometric models address endogeneity, missing variables, and reverse causality.
Finally, the models assess the specific drivers of environmental, social, and governance
variables on logistics performance across 163 countries spanning 2007-2023. Previous
studies have shown that IV models, as well as panel regression models, may effectively
examine the links between logistics performance, innovation, and environmental issues
[59,60]. Apart from this established framework of causality, the study uses more complex
machine learning models to examine nonlinear correlations, thereby improving
predictability and the ability to identify hidden dynamics across nations. Regression
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models (Random Forest, Support Vector Machines, k-Nearest Neighbors, Decision Trees,
Boosting, Lasso, or Elastic Net) will be used for the analysis of accuracy, while the
application of clustering models (DBSCAN, Fuzzy C-Means, Hierarchical, Model-based,
Neighborhood-based, or Random Forest) will identify structural variations, more
specifically within models linked with different nations. Applying such models aligns
with recent improvements in predictive analytics, where machine learning algorithms
were rigorously tested for feature selection and model accuracy assessment in logistics
models. By embracing this convergence, analyses that treat ESG variables as discrete will
seek to identify their net impact on the logistics industry as a whole, delivering valuable
insights into any correlations within the realm of sustainability studies. These analyses
will also position the logistics industry as a key environmental agent, demonstrating the
positive impact that increased adoption of best practices can have on minimizing resource
use. Case analyses will also demonstrate the use of freight consolidation, routing, and
other solutions that address industry improvement as a tool for environmental
remediation, as defined by [59] and subsequent studies such as [60].

Study analysis. This empirical analysis combines econometric identification with
predictions derived from machine learning models, focusing on the impact of
environmental, social, and governance (ESG) factors on the logistics performance of 163
different nations from 2007 through 2023. Similar studies combining multiple models into
a single methodology were recently used in tandem with other studies involving artificial
intelligence models to achieve more realistic results through the intersection of economic
models with Al models [61]. Using instrumental variables (IV) panel regression analysis,
the empirical results show a twofold, double-edged, but mostly negative implication of
environmental variables for every Logistics Performance Index (LPI). More specifically,
greenhouse gas (GHG) emissions, agricultural value added, air pollutants, and extensive
agricultural use are positively or negatively associated with logistics efficiency. This
illustrates that environmental and governance variables often have both positive and
negative implications for economic performance, depending on the relevant
environmental conditions and economic factors [62]. Specifically, variables such as water
accessibility, sanitation facilities, aging, education, and increasing elementary education
enrollment rates reflect modest negative adjustments, whereas child labor reflects higher
LPI levels. However, income inequality has strong negative effects on logistics activity,
suggesting that stronger social development, with reduced income inequality, facilitates
efficient value chain management. By contrast, predictions from machine learning models
indicate that IV estimates of environmental stress, education, and demographics remain
applicable, valid, and accurate. Integration between the two models results in more robust
models with enhanced predictability, a methodological improvement supported by
previous studies on machine learning-based predictions of logistics performance.
Clustering analyses identify distinct elements within each country, defined by attributes
such as air pollutants, extreme temperatures, and agricultural intensity, and determine
distinct loci for each country. Thus, the empirical results for this topic show that
multifaceted logistics sustainability prevails, implying that the well-balanced evolution of
logistics must address, alongside environmental enhancement, improved social
conditions and proper governance [62].

Limitations. Across all analyses, the dataset includes 163 countries. Although such a
large cross-country dataset helps derive corresponding cross-country correlations with
relative ease, this inevitably affects the level of granularity available to inspect individual
national settings. To address this tension, the necessity of accounting for national cross-
country variability is carefully explained in this manuscript through complementary
cross-country analysis strategies, including cluster and machine-learning algorithms.
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4. Environmental Sustainability and Logistics Efficiency: A Multi-
Method Analysis Using IV Regressions, Predictive Algorithms,
and Clustering

This section examines the interplay between the Environmental (E) component of the
ESG framework and the Logistics Performance Index (LPI) using a two-methodological
framework involving Instrumental Variable (IV) panel models and machine learning (ML)
models. IV models eliminate issues of endogeneity and enable causal inference of how
environmental indicators such as PM2.5, nitrous oxide emissions, heat exposure levels,
and agricultural land cover are determinative of logistics performance. This framework is
a following of [63], in which they emphasize controlling for environmental-economic
interactions when measuring LPI, and particular emphasis on the dimensions of green
innovation, renewable energy, and global integration. ML models —such as used by [64]
in environmental hazard predictions—are applied to best achieve predictive power and
to compare the relative effect of environmental variables. The clustering methods
following [65], who used functional regression-based clustering of air pollution data,
identify latent country profiles through shared environmental-logistics patterns and add
richness to the ensuing analysis.

4.1. Causal Estimation of Environmental Determinants of Logistics Performance Within
the ESG Framework

This section investigates the impact of environmental and land use variables on the
Logistics Performance Index (LPI) across 163 countries from 2007 to 2023. Using fixed-
effects two-stage least squares (TSLS) and generalized two-stage least squares (G2SLS)
models, the analysis addresses endogeneity by employing a broad set of instrumental
variables. Key factors examined include nitrous oxide emissions, PM2.5 pollution,
extreme heat exposure, agricultural land share, and agricultural value added. The results
reveal that environmental degradation and land use dynamics significantly influence
logistics performance, underscoring the need to integrate environmental considerations
into logistics development strategies aligned with ESG objectives.

Specifically we have estimated the following model:

o X =Z,Il+ vy (First Stage)

o V;=X;B+p (Second Stage)

e Yy =LPl

e X, = {NOE,PM25AE, HI35, ALPA, AFFVA}

o Z; = {ACFTC,PSMWS, PSMS, LEBT, FRT, PA65A, LRAT, SEP, GEET, CET, LFPRT,

CODCDMPN, MRUS,

e  HB,POA,ISL20, GI, PHRNPL, AAGRPCI, IUI, GDPG, PSHWNP, RFMLFPR, SLRI, STJA, RLE,

NM}

. i=163
e  t=[2007;2023]

The results are indicated in the following Table 1.

Table 1. Environmental Stressors and Logistics Performance: An IV Panel Data Analysis.

Dependent
Variable LPI
Endogenous NOE PM25AE HI35 ALPA AFFVA
Instruments ACFTC PSMWS PSMS LEBT FRT PA65A LRAT SEP GEET CET LFPRT CODCDMPN MRU5 HB POA
ISL20 GI PHRNPL AAGRPCI IUI GDPG PSHWNP RFMLFPR SLRI STJA RLE NM
Observation using 2771 observations
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Times 17
Countries 163
Fixed-effects TSLS G2SLS random effects
Variable Coefficient Std. Error z-Statistic Coefficient Std. Error z-Statistic
const 4.360 ** 1.806 2.414 4.303 ** 1.814 2.372
NOE 0.003 *** 0.001 3.045 0.003 *** 0.001 3.049
PM25AE -0.109 ** 0.043 -2.528 -0.109 ** 0.043 -2.510
HI35 0.008 *** 0.002 3.035 0.008 *** 0.002 3.022
ALPA -0.005 ** 0.002 -2.397 -0.005 ** 0.002 -2.347
AFFVA 0.083 *** 0.021 3.825 0.083 *** 0.021 3.834
SSR = 1880.24 SSR = 2790.55
sigma-hat = 0.849(df = 2603) sigma-hat = 1.004 (df = 2765)
R-squared = corr(y, yhat)? = 0.000 R-squared = corr(y, yhat)? = 0.000
L Included units =163 Included units =163
Statistics

Time-series length: min =17, max =17

Time-series length: min =17, max =17

Wald chi-square(5) = 33.861 [0.0000]

Wald chi-square(5) = 34.012 [0.0000]

Null hypothesis: The groups have a common intercept

sigma-hat(within) = 0.849

Test statistic: F(162, 2603) = 14,978.8 [0.0000]

sigma-hat(between) = 25.712

Note. *** indicates significance at the 1% level; ** indicates significance at the 5% level.

This research focuses on the factors underlying the Logistics Performance Index (LPI)
across 163 countries over 17 years, using panel data comprising 2771 observations. The
research focuses on the significance of environmental factors, including nitrous oxide
emissions, exposure to air pollution (PM2.5), exposure to extreme heat, and land use
factors such as the share of agricultural land and the value added by agriculture. The
conceptual approach uses the framework recently developed in the context of the
relationship between environmental factors and logistics networks [59]. The issue of
endogeneity is addressed using fixed-effect two-stage least squares (TSLS) and
generalized two-stage least squares (G2SLS) with a large set of instruments based on
living standards, health status, demographics, governance factors, education factors, and
overall economic factors. This research follows the literature by emphasizing the
importance of accounting for variations in LPI determinants across different locations [66]
and for endogenous variables in cross-sectional analyses in the context of logistics
research [67]. For both specifications, the results are significant and robust. All five
endogenous variables are significant determinants of LPI; however, the relatively small
values suggest that logistics performance depends on various factors not covered in this
research, such as environmental and land use factors. Nitrous oxide release emerges as a
significant positive determinant of LPI, indicating that improvements in logistics
infrastructure often accompany the increase in industry and pollution levels in those
regions; this agrees with other evidence in support of the idea that the increase in logistics
infrastructure often conflicts with the increase in pollution levels in regions [68,69]. The
exposure level of the population to air pollution shows a negative association with LPI
levels, in line with other research in this context, suggesting that increased levels of air
pollution exert negative pressure on workers’ productivity in industries and on transport
infrastructure in regions [70]. The population exposure level in regions to extreme heat
data (HI35) shows significant positive effects on LPI values. This indicates that
technological adaptation in regions may accompany effective advanced infrastructure in
the logistics sector in regions prone to high levels of temperature data. Agricultural land
use shares exhibit negative significance in LPI values. This indicates that agrarian regions
often possess ineffective infrastructure in the logistics sector, whereas data from overall
value added in agriculture indicates significant positive significance in LPI values; this
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approaches research done in this context through support of research in support of
commercialized regions through the increase in colder chains infrastructure in regions
[71-73]. The collective data indicate complex conflicts between the expansion of
infrastructure in the logistics sector and regions under environmental pressure. Although
enhanced logistics improvements are linked to diversification and the commercialization
of agriculture, they may also lead to environmental deterioration. The results highlight
the need for a link between logistics enhancement and environmental preservation.

Causality. The fixed-effects two-stage least squares (TSLS) and generalized two-stage
least squares (G2SLS) applications allow a causally robust interpretation of the correlation
between environmental variables and logistics performance. Leveraging a dense set of
instrumental variables that influence environmental and land use patterns but plausibly
exogenous to the domain of logistics performance, the analysis manages to evade common
issues of endogeneity like omitted variable bias and reverse causality. The methodology
is aligned with recent empirical work which has utilized the TSLS and G25SLS framework
to separate causal effects in the presence of complicated interdependencies and
confounders, particularly in studies of environmental and economic performance [74].
Similarly, in environmental quality and green logistics as well, ref. [75] demonstrated how
two-stage estimation methods are influential in capturing delicate interactions between
logistics performance and sustainability outcomes across a variety of economies.
Consequently, the positive effects of nitrous oxide emissions and agricultural value added
and the negative effects of PM2.5 air pollution and agricultural share of land are causal
effects and pure associations. The research is thus more policy-relevant because it means
environmental quality and land management directly impact a country’s ability to
perform logistics. The low R-squared values do however reveal that even though
remarkable influence is exerted by these variables on logistics performance, they capture
only a fraction of the complicated determinants driving it.

Impact of the results within the E-Environmental Component within the ESG model.
Empirical evidence elucidates a two-side and multifaceted relationship between
environmental consequences and the performance of logistics. While on the first side,
improved LPI scores are typically associated with greenhouse emissions such as nitrous
oxide evidencing the environmental impact of widespread transport, warehouse
operation, and industrial production. This presents a time-tested trade-off in
development-environment terms: more developed infrastructure of logistics produces a
superior level of economic development but also accelerates environmental degradation
if it is uncontrolled. More contemporary research has identified systems of logistics such
as third-party and heavy goods-associated systems as prominent producers of emissions
unless practices of sustainability are implemented [76]. Environmental degradation per se
as well as air pollution (exposure to PM2.5) on the other hand negatively impinges on the
efficiency and dependability of logistics. Pollution reduces productivity by labor, makes
transport flows difficult and damages public health all of which impair the efficiency and
dependability of logistics. Apart from environmental degradation per se, exposure to
climate extremes such as hot days also underscores building climate-resililent systems of
logistics. Adaptive practices such as green chains of supply, energy-efficient services and
products as well as eco-friendly infrastructure are necessary to render logistics operations
climate-resilent to climate risks. All of the above solutions are now increasingly
implemented by models of logistics worldwide ranging from electric fleets and renewable
sources to tracking emissions by blockchain in the supply chain [77]. The relationship
between land use and logistics also confirms the role of the environment. Land economies
with a high share of agricultural land have weaker performance of logistics while
economies commercialized with sustainable land management are capable of developing
stronger infrastructure of logistics. This is a part of a general transition towards a
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sustainable phase change in the development of logistics whereby firms are increasingly
viewing green logistics as a source of competitive power to avoid the costs of emissions
and to enhance resilience as opposed to a constraint [78]. Overall, incorporating strong
environmental concerns into planning logic of logistics is now a requirement and not a
choice but necessary to become competitive in the long term. Aligning LPI developments
to Environmental pillar of ESG requires proactive investment in green logistics, regulatory
transformation and sustainable innovation to ensure development of logistics
complements and does not compromise global environmental goals.

4.2. Environmental Determinants of Logistics Efficiency: Evidence from Machine Learning
Analysis Under ESG Standards

This section explores the application of various machine learning regression
algorithms to predict the Logistics Performance Index (LPI) based on environmental and
land use variables. Models such as Boosting Regression, Decision Tree Regression, k-
Nearest Neighbors, Linear Regression, Random Forest, Lasso, and Support Vector
Machine (SVM) are compared using standard performance metrics including MSE, RMSE,
MAE, MAPE, and R2. The analysis identifies Random Forest Regression as the most robust
model, offering the best trade-off between accuracy and generalizability. Further, variable
importance measures from Random Forest highlight the critical role of environmental
factors in shaping logistics performance across countries and over time (Table 2).

Table 2. Comparative Performance of Machine Learning Models in Predicting Logistics

Performance.
. . Boosting | Decision Tree | k-Nearest Neigh-| Linear |Random Forest Support
Statistics Regression | Regression | bors Regression | Regression| Regression Lasso Vector
Machine
MSE 668.052 435.315 596.462 603.118 464.679 606.449 842.876
MSE (scaled) 1.333 1.03 0.955 1.472 0.922 1.452 1.556
RMSE 25.847 20.864 24.423 24.558 21.556 24.626 29.032
MAE/MAD 13.713 8.824 8.57 14.267 10.264 14.032 9.458
MAPE 229.26% 182.74% 150.97% 284.71% 181.05% 287.14% 24.52%
R2 0.111 0.234 0.272 0.069 0.29 0.074 0.049

Comparing the results of different algorithms provides concrete evidence of the
suitability of various predictive models for forecasting Logistics Performance Index (LPI)
values. Among the various algorithms, such as Boosting Regression, Decision Tree
Regression, k-Nearest Neighbors (k-NN), Linear Regression, Random Forest Regression,
Lasso Regression, and Support Vector Machine (SVM), Random Forest Regression proves
to be the most balanced or stable algorithm [79,80]. This algorithm not only provides the
highest ‘R? of 0.29 but also proves to be the most effective model at explaining the
difference in values (0.29), although the overall explained variability accounts for only 29
per cent. This high ‘R? value indicates greater adaptability to the nonlinearities prevalent
in larger data samples that constitute the global research landscape in logistics [81].
Moreover, across various measures of prediction error, Random Forest Regression again
proves more effective than other models. This algorithm yields values of 464.679 for mean
squared error (MSE) and 21.556 for root mean squared error (RMSE), whereas Decision
Tree Regression yields slightly lower values of 254.149 for MSE. However, this algorithm
provides greater stability or resistance to overfitting and hence proves more effective in
terms of generalizability or universal applicability [79]. Decision Tree Regression and k-
NN Regression again provide slightly lower values in terms of mean absolute errors
(MAE) but are otherwise are hampered by inherent drawbacks of high sensitivity towards
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noise and complexity arising out of depth in Decision Tree Regression [80], while k-NN
Regression gets hampered by the hassles in scaling up and sparsity in data samples [81].
The data of SVM Regression again gets hampered by inconsistency in various parameters,
such as high mean absolute percentage errors (MAPE) and lower values in terms of MSE
and ‘R¥ measures due to appropriateness of choice of kernels in this context [81], although
this again gets commonly exhibited in various other studies in comparison among various
algorithms irrespective of parameters [81,82]. Linear Regression, Lasso Regression, and
Boosting Regression again get completely hampered in terms of overall
underperformances in various parameters due to domination by nonlinearities prevailing
in the data samples in terms of interrelations of various environmental factors in
constituting global governance parameters and various other economic factors in overall
domains of the global arena in the realm of logistics [83].

Applying the Random Forest Regression we have the following results as showed in
Table 3:

Table 3. Variable Importance Metrics for Predicting Logistics Performance.

Variables Mean Decrease in Accuracy Total Increase in Node Purity Mean Dropout Loss
NOE 277.497 114.677 23.130
PM2.5AE 224.074 107.476 21.434
ALPA 294.265 98.796 23.223
HI35 237.642 77.966 21.182
AFFVA 16.990 30.634 17.586

Applying the Random Forest process to the specified dataset unveiled pertinent
information on the relative importance of explanatory variables to predict the Logistics
Performance Index (LPI). The three importance metrics of Mean Decrease in Accuracy,
Total Increase in Node Purity, and Mean Dropout Loss all recognize a core group of
predictors key to determining the performance of both countries and times. The evidence
shows agricultural land (ALPA) with a maximum Mean Decrease in Accuracy of 294.265
and is hence the most predictive variable on prediction accuracy. Removing or permuting
ALPA causes the most harm to the performance of the Random Forest model. ALPA also
tops Total Increase in Node Purity at a value of 98,796,892. This indicates how ALPA
makes decision nodes purer with each split in the forest and contributes to its key
determination of distinguishing better and worse performing logistics (Figure 2).
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Figure 2. Random Forest Analysis of Environmental Drivers of Logistics Performance. The red
diagonal line represents the 1:1 reference line (perfect agreement), where predicted values
equal observed test values. Points lying on this line indicate ideal model performance,
while deviations from the line reflect prediction errors and model bias.

The Mean Increase in Node Purity and Mean Decrease in Accuracy values reveal that
Nitrous oxide emissions (NOE) and PM2.5 air pollution exposure (PM2.5AE) are major
predictors of logistics performance. NOE’s Mean Decrease in Accuracy of 277.497 and
exceptionally high Mean Increase in Node Purity of 114,677,766 rank the variable the
second most important feature after ALPA, while PM2.5AE’s Mean Decrease in Accuracy
of 224.074 and substantial Mean Increase in Node Purity also rank high. The results
demonstrate that environmental degradation, as reflected in the release of greenhouse
gases and air pollution, significantly influences logistics. This aligns with current trends
in Random Forest analysis, in which nitrous oxide emerges as a significant predictor in
environmental modeling [84,85]. The Heat Index above 35 °C (HI35) demonstrates
significant predictive capacity in this regard, registering a Mean Increase in Node Purity
of 77,966,120 and a Mean Decrease in Accuracy of 237.642. The rising significance of the
Heat Index indicates that climate-related factors are exerting a growing —and profound —
influence on the efficiency of logistics systems operating in extreme climates. Conversely,
the “value added by agriculture, forestry, and fisheries” (AFFVA) variable shows little
predictive power in this context. This variable’s Mean Increase in Node Purity of
30,634,277 and Mean Increase in Node Purity compared unfavorably with other factors
but favorably with Mean Dropout Loss values, which placed ALPA and NOE first and
highest in losses, followed by high rankings from PM2.5AE and HI35. This indicates that
sectoral contributions are less significant than environmental factors. Dropout losses
support this interpretation, wherein both ALPA and NOE exhibit the highest losses,
followed by PM2.5AE and HI35 in descending order [86]. The results of the Random
Forest analysis indicate that environmental factors are the primary determinants of
interpretations of logistics improvements, while sectoral contributions are insignificant in
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this regard. This indicates that there must be synchronization in logistics improvements
and environmental adaptation.

4.3. Identifying Country Profiles: A Cluster Analysis of LPI and Environmental Indicators

This section explores the clustering of countries based on environmental factors
influencing the Logistics Performance Index (LPI) within the ESG framework. Using six
different clustering algorithms —including Density-Based, Fuzzy C-Means, Hierarchical,
Model-Based, Neighborhood, and Random Forest clustering—we assess model quality
through key metrics such as Dunn Index, Silhouette score, Pearson’s gamma, and entropy.
The goal is to identify homogeneous groups that reveal distinct patterns between
environmental variables and logistics performance. Among the evaluated methods,
Density-Based Clustering emerges as the most robust, offering well-separated, compact,
and interpretable clusters that deepen understanding of the environmental dimension’s
impact on LPI outcomes (Table 4).

Table 4. Comparative Evaluation of Clustering Algorithms for Environmental Impacts on Logistics

Performance.

Metric Density-Based | Fuzzy C-Means [Hierarchical Model-Based|Neighborhood [Random Forest

Maximum diameter 0.508 0.778 0.000 0.763 0.243 0.763
Minimum separation 1.000 0.008 0.184 0.000 0.026 3.16 x 10

Pearson’s y 0.482 0.261 1.000 0.000 0.682 0.029
Dunn index 1.000 0.009 0.247 0.001 0.035 0.000
Entropy 0.000 0.709 0.266 0.940 0.941 0.695
Calinski-Harabasz index 0.099 0.060 0.161 0.000 1.000 0.000
R? 0.000 0.280 0.547 0.241 1.000 0.207
AIC 1.000 0.615 0.000 0.455 0.000 0.509
BIC 1.000 0.594 0.000 0.432 0.000 0.493
Silhouette 0.476 0.128 0.537 0.063 0.414 0.000

The analysis of the results reveals that the Density-Based approach achieves the best
structural quality, and that the best-balanced clustering sizes are obtained either with
model-based or k-means clustering. The rank skill indicates that the Density-Based
approach has the best structural quality, followed by hierarchical clustering. The Pearson
correlation and Silhouette indices further support this result regarding structure quality.
Although the maximum Diameter index values are not optimal, this does not strongly
affect the overall quality of the approach. The Density-Based approach produces three
clusters of sizes 2517, 238, and 8 with eight additional noise samples. This result indicates
that although the clustering scheme works well overall, the resulting structure is
unbalanced. For fuzzy c-means clustering methods, this structure balances relatively well
compared with hierarchical clustering methods. The model-based and k-means clustering
methods result in the most balanced structure. Based on the overall analysis above, the
result again confirms that the Density-Based approach has the best structural quality
compared to other methods. The k-means-based models are the most balanced and have
the highest stability in terms of balanced clustering sizes. The overall analysis indicates
that Density-Based clustering possesses the best structure quality compared to other
approaches. The best-balanced clustering size structure can be obtained from either
model-based or k-means clustering methods (Table 5).
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Table 5. Comparison of Clustering Algorithms by Cluster Size Distribution and Structural Stability.

Size
Clustering Noisepoints|] 1 | 2 | 3 | 4[5 | 6 | 7 | 8 | 9 |10
IAlgorithms
Density-Based 8 2517 | 8 | 238
Fuzzy C-Means 206 | 131 | 215 [ 159 | 29 | 587 | 519 | 218 | 636 | 71
Hierarchical 2319 90 | 61 | 18 | 11 | 4 8 |216 | 22 | 22
Model-Based 694 | 550 | 238 | 287 | 255 | 266 | 271 | 210
K-Means 111 | 290 | 88 | 217|468 | 60 | 978 | 222 | 158 | 179
Random Forest 1432|225 | 114 | 70 | 95 | 173 | 130 | 196 | 239 | 97

Based on the analysis, the Density-Based clustering approach shall be discounted due
to the formation of highly polarized clusters, in which 90% of the data points are confined
to a single cluster. This defeats the purpose of understanding the relationship between
environmental variables and their impact on the Logistics Performance Indicator. The
Model-Based clustering analysis gives outcomes that are helpful in understanding the
inter-relationships between environmental (E) factors studied in this research work:
nitrous oxide emissions, exposure to PM2.5 air pollutants, heat stress exposure,
proportion of land under agricultural use, value addition in agriculture, and Logistics
Performance Indicator in terms of Environmental, Social, and Governance factors.
Clustering based on mean values would allow sectorial profiles to be generated based on
intensity levels. With eight clusters in the analysis, LPI values are mostly aggregated
around the normalized mean, and the largest difference would come from factors in
environmentally challenging situations. This means that no single environmental factor,
but multiple factors, are responsible for LPI values. For instance, in Cluster 1, there are
moderate levels of emissions and PM2.5 concentrations combined with below-average LPI
values, signifying circumstances in which environmental pressures may hamper logistics
systems. Conversely, in Cluster 2, there are clean environmental circumstances combined
with slightly negative LPI values, signifying that effective logistics are not necessarily
possible in excellent environmental conditions. However, in Cluster 3, there are the most
stressful environmental circumstances caused by high levels of PM2.5 exposure and hot
conditions combined with the highest LPI values signifying developed regions in which
effective logistics are possible in areas with dirty environmental circumstances.
Meanwhile, in Clusters 4 through 8, there are minimal levels of pollution and negligible
use of arable land, yet relatively equivalent LPI values, suggesting that slight variations
in environmental conditions do not affect logistical capability. The Model-Based clusters
summarize that, in fact, the article’s conclusion regarding environmentally nonlinear LPI
magnitudes holds true (Table 6).

Table 6. Standardized Mean Values of Environmental and Logistical Indicators Across the Eight
Model-Based Clusters.

Cluster LPI NOE PM2.5AE HI35 ALPA AFFVA
1 -0.045 0.621 0.304 -0.298 -0.141 -0.412
2 -0.011 -0.559 -0.646 -0.312 0.193 0.576
3 0.169 0.684 0.606 3.250 -0.033 -0.125
4 -0.002 -1.709 5.289 x 10 | -0.323 | -1.735 x 107 0.442
5 -0.002 | -5.890 x 10 | 5.289x 105 | -0.303 | -1.735x107 | 6.433 x 10+
6 -0.002 -0.760 5289 x 105 | -0.305 | -1.735 x 1077 -0.119
7 -0.002 0.952 5.289 x 10 | -0.291 | -1.735 x 107 -0.483
8 -0.002 0.706 5289 x 105 | -0.311 | -1.735 x 1077 0.166
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The shape of the mixing probabilities distribution sheds further light on the
significance of each component in capturing the correlation between Logistics
Performance Index (LPI) and the environmental (E) component of the ESG structure. The
probabilities indicate the number of observations associated with each component and
allow us to identify which forms of environmental-logistics correlation the majority of
observations in the data are distributed across. Component 1 has a probability of 0.247
and is the most common correlation type. This corresponds to about one out of every five
observations in the dataset and asserts that the environmentally related factors and LPIs
pertaining to this component capture the most common correlation pattern in the overall
relationship between environmental pressures and LPI. Component 2, with probability
0.202, also shows a relatively abundant data representation and indicates the presence of
another common correlation pattern in the data, through which environmental factors
affect LPI. The remaining components, with probabilities of 0.075-0.104, capture less
abundant data patterns and highlight more specific correlations between environmental
factors and LPIs in smaller country groups. However, the existence of all components
underlines that the correlation pattern between LPI's and environmental factors is not
homogenous in various contexts but depends in each particular case upon levels of release
of polluting gases into the atmosphere from industry and transport, levels of air pollution
caused after those releases by both gases and solid matter wastes from those releases
through various meteorological factors like temperature and wetness levels, and structure
parameters of agriculture in each country. The entire mixture probability distribution
shows, in essence, that there are, in the overall correlation structure of the LPI-ESG-
Environment model, not only the dominant but also other relatively rare patterns that are
essential for covering the variability of this correlation phenomenon worldwide. This
pattern further underscores the multidimensional nature of LPI-ESG-Environment
correlation patterns, highlighting the overall interrelationships between environmental
sustainability and LPIs (Table 7).

Table 7. Mixing Probabilities of the Eight Components in the LPI-ESG-Environment Mixture Model.

Components Mixing Probability
Component 1 0.247
Component 2 0.202
Component 3 0.086
Component 4 0.104
Component 5 0.092
Component 6 0.096
Component 7 0.098
Component 8 0.075

The analysis of the standardized means for each component sheds further light on
how different components of the environmental variables are linked to the values of the
Logistics Performance Index (LPI). The most interesting result is Component 3, with the
LPI well above the average. This particular component has moderate GHG emissions and
PM2.5 exposure levels, high heat stress, and high weights for agricultural factors. This
particular combination shows that quite high levels of logistical strength can coexist with
strong levels of environmental pressure, further establishing the nonlinear relationship
between environmental sustainability and logistical effectiveness. The remaining
components are negative in terms of the LPI values. This shows that each component has
underperformed in terms of average logistical capability. Component 1 shows relatively
lower levels of GHG emissions and air pollution, along with reduced LPI levels and strong
levels of agricultural factors. This further suggests that there may be restrictions on overall
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logistical efficiency in the particular economy, due more to structural factors than to
environmental pressures. Component 2 further provides evidence that the values
resulting from environmental factors are not linear. This component shows relatively
higher GHG emissions alongside relatively higher levels of both temperature and
humidity. The next components, 4 through 8, appear negligible in terms of both PM2.5
levels and Heat Index 35 levels, in combination with considerable levels of agricultural
land use. This further indicates overall particular levels of logistical capacity in each of
these economies, with relatively more homogeneous particular levels of environmental
factors. This further suggests that there may not be substantial nonlinear variations in
particular levels of LPI, in combination with relatively marginal variations in particular
levels of individual factors (Table 8).

Table 8. Component-Wise Standardized Means of Logistical and Environmental Factors in the
Mixture Model.

Means LPI NOE PM2.5AE HI35 ALPA AFFVA
Component1 | -0.298 -0.150 -0.410 0.296 0.609 -0.063
Component2 | -0.311 0.197 0.556 -0.620 -0.524 0.010
Component 3 3.250 -0.033 -0.125 0.606 0.684 0.169
Component4 | -0.323 |-1.735 x 107 0.449 5.289 x 105 -1.709 -0.002

Component5 | -0.303 |-1.735 x 107| 6.433 x 10| 5.289 x 10-5 | -5.890 x 10| -0.002
Component 6 | -0.305 |-1.735x107| -0.126 5.289 x 105 -0.748 -0.002
Component7 | -0.291 |-1.735x107| -0.483 5.289 x 10 0.952 -0.002
Component 8 | -0.311 |-1.735 x 107 0.163 5.289 x 105 0.710 -0.002

Figure 3 provides a summary of the model-based clustering outcomes with respect
to both identifying the number of clusters and visualizing the data structure in the data
space. Figure 3A illustrates the change in Akaike Information Criterion (AIC) and
Bayesian Information Criterion (BIC) scores and Within-Cluster Sum of Squares (WSS)
values with respect to the increase in the number of clusters. The red spot in the figure
marks the point with the lowest BIC score; this indicates that the best compromise
between data fit and model complexity is achieved with the model including eight
clusters. This indicates that this number of factors provides sufficient information about
the data structure pattern without sacrificing accuracy through overfitting or underfitting.
The plot of the WSS indicates a gradual reduction in values until reaching the point
corresponding to the medium number of clusters, beyond which the values vary, though
in a smooth pattern. This pattern corresponds to data with a complex structure that cannot
be adequately represented by a few clusters. Figure 3B provides information regarding
the pattern of the eight clusters in the projected feature space. The clusters are well
differentiated in this representation and express complex configurations in most cases.
This color representation indicates that each component differs in predetermined regions
of the data point space. This indicator also shows regions of differentiation in most
components, with some appearing sparser than others. This provides information
regarding the complexity of the patterns of various environmental and logistical factors
represented through the model. The structure that emerges from this representation
provides information on the effectiveness of the clustering analysis through the model’s
grouping of profiles in conformity with the analysis’s objectives (Figure 3).
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Figure 3. Model-Based Clustering Evaluation and Visualization of Cluster Structure. Note: Panel (A)
displays changes in AIC, BIC, and WSS values across models with varying numbers of clusters, with
the lowest BIC indicating an optimal solution at eight clusters. Panel (B) illustrates the spatial
arrangement of the eight identified clusters in the projected feature space, highlighting distinct and

complex structural patterns within the data.

Figure 4 depicts the standardized means for each variable across the eight clusters
formed using the model-based approach, thereby clarifying the distinct environmental-
logistical configurations within each grouping. The LPI values show small variation,
indicating minimal differences among the clusters in LPI. However, environmental factors
exhibit significant variation. The nitrous oxide emissions (NOE) and PM2.5 exposure
values show both positive and negative standardisations, indicating clusters with high
levels of pollution and others that are relatively clean, based on environmental conditions.
The Heat Index (HI35) showed the highest discrimination value, with one cluster
recording a substantially high value, indicating higher heat stress in this grouping than in
others. The other clusters recorded values close to the overall average. The Agricultural
land share (ALPA) and Agricultural value added (AFFVA) recorded moderate
discrimination values. The figure illustrates that overall group formation is driven by
environmental factors rather than LPI values, indicating that the majority of the model’s
variation is attributable to these factors (Figure 4).

Cluster
1

W ~N o W N

'.'I—lll '.'—— e o oMl

WO% ?N\?..E’P‘E el e Pg‘{-\fp'

Figure 4. Standardized Variable Means Across the Eight Model-Based Clusters. Note: This figure
displays the standardized means of key environmental and logistical variables across the eight
clusters derived from the model-based clustering approach. LPI values show minimal variation
across clusters, whereas environmental variables —particularly NOE, PM2.5AE, and HI35—exhibit
strong differentiation. HI35 demonstrates the greatest discrimination, with one cluster showing
notably elevated heat stress relative to others. ALPA and AFFVA present moderate variation among
clusters. Overall, the figure highlights that cluster differentiation is primarily driven by
environmental factors rather than LPI values.



Sustainability 2025, 17, 11370

21 of 65

Figure 5 summarizes a pairwise scatter plot matrix of six standardized variables
across eight clusters derived from a model-based clustering analysis. Each subplot
presents the relationship between two variables using colored ellipses, noting the
probability distribution of each component. The combined results indicate that
environmental factors such as NOE, PM2.5 exposure levels, and HI35 are the key
determinants in distinguishing the various clusters. Clusters are arranged in well-defined
regions based on these factors, especially in the NOE and PM2.5 exposure level plots,
where clear separations occur between high and low emission factors. However, the most
significant determinant in this analysis is the HI35 variable, which shows one component
with abnormally high levels of heat stress compared to other factors. Conversely, LPI
shows minimal variation between factors and groups, yet remains clustered around the
standard mean in terms of standardization. The result indicates that variations in logistical
performance do not significantly account for the observed pattern in the data and supports
the primary idea of relying on the environmental factors outlined in this analysis. The
agricultural factors of ALPA and AFFVA provide more information, though they exhibit
less-defined edges in the figure, suggesting minute variations in land use or in the overall
economic role of agriculture. This analysis indicates that the figure presents a complex
clustering pattern across multiple dimensions, in which environmental factors account for
overall variation, except for LPI, which is significant yet supplementary in the overall
context of Environmental Social Governance (Figure 5).
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Figure 5. Pairwise Scatter Plot Matrix of Standardized Variables Across Eight Model-Based Clusters.
Note: This figure presents a pairwise scatter plot matrix of six standardized variables across eight
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clusters derived from the model-based clustering analysis. Each subplot illustrates the bivariate
relationship between variables, with colored ellipses representing the probabilistic distribution of
each cluster component. The environmental variables—NOE, PM2.5AE, and HI35—demonstrate
the strongest discriminatory power, producing distinct separations between high- and low-emission
clusters. HI35 is the most influential factor, with one cluster exhibiting markedly elevated heat
stress. In contrast, LPI shows minimal variation across clusters, clustering closely around the stand-
ardized mean and contributing little to group differentiation. Agricultural variables (ALPA and
AFFVA) reveal moderate but less sharply defined patterns, suggesting subtle variations in land use
and agricultural economic contribution. Overall, the matrix highlights that environmental factors
predominantly drive cluster formation, whereas logistical performance indicators play a

supplementary role within the broader ESG context.

5. Exploring the Interaction Between Social Factors and LPI
in an ESG Context

This part examines the causality between the Logistics Performance Index (LPI) and
the Social (S) pillar of the ESG framework in 163 nations from the period 2007 to 2023.
Employing two-stage least squares (TSLS) and generalized two-stage least squares
(G2SLS) techniques, the research looks at how important social variables like water and
sanitation accessibility, education, population structure, income distribution and labor
conditions influence the efficiency of logistics. Accounting for endogeneity by using a
comprehensive set of instrumental variables, the outcomes show social development
drivers to be important influencers of logistic performance and prove why socially
inclusive approaches are required to boost supply chain systems everywhere.

5.1. Analyzing the S-Social Component’s Impact on Logistics Performance

This section explores the relationship between the Logistics Performance Index (LPI)
and the Social (S) pillar of the ESG model. Using fixed-effects two-stage least squares
(TSLS) and generalized two-stage least squares (G2SLS) methods, the study investigates
how social factors—such as access to basic services, education, income distribution, labor
market conditions, and demographic structures—impact logistics performance. The
results reveal that improvements in social indicators can have both positive and negative
effects on LPIL, highlighting the intricate connections between human development,
equity, and logistics efficiency within a sustainable growth framework.

We have estimated the following model:

o X =Z,Il+ vy (First Stage)

o Y, =X;B+ w (Second Stage)

e Yy =LPl

e X;, = {PSMWS PSMS PA65A SEP CET POA ISL20}

e Z;; = {IUl GDPG PSHWNP RFMLFPR SLRI STJA RLE NM CO2E NOE PM25AE GHGLUCF

EILPE REC FFEC EU CDD
e  HDD HI35 SPEI LST PD LWS ALPA FPI AFFVA MST AFWT TMPA ASFD ASNRD}

. i=163
e t=[2007;2023].

Results are indicated in Table 9.
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Table 9. Impact of Social Factors on Logistics Performance: Fixed-Effects TSLS and G2SLS Estimates.

Y LPI
Endogenous PSMWS PSMS PA65A SEP CET POA ISL20
IUI GDPG PSHWNP REMLFPR SLRI STJA RLE NM CO2E NOE PM25AE GHGLUCF EILPE REC
Instruments FFEC EU CDD HDD HI35 SPEI LST PD LWS ALPA FPI AFFVA MST AFWT TMPA ASFD
ASNRD
T 17
N 163
Observations 2771
Fixed-effects TSLS G2SLS random effects
coefficient std. error z coefficient std. error z
Constant 14.203 *** 0.931 15.25 14.213 *** 0.929 15.28
PSMWS -0.012 % 0.006 -1.832 -0.012 * 0.006 -1.865
PSMS -0.048 *** 0.013 -3.502 -0.048 *** 0.013 -3.514
PA65A -0.046 ** 0.022 -2.095 -0.046 ** 0.022 -2.096
SEP -0.364 ** 0.181 -2.012 -0.363 ** 0.180 -2.013
CET 1.695 *** 0.400 4.232 1.694 *** 0.399 4.236
POA 0.029 *** 0.008 3.305 0.029 *** 0.008 3.299
ISL20 -1.596 *** 0.370 -4.307 -1.595 ** 0.370 -4.311
SSR =1043.01 SSR = 2755.43
sigma-hat = 0.633 (df = 2601) sigma-hat = 0.998 (df = 2763)
R-squared = corr(y, yhat)? = 0.002 R-squared = corr(y, yhat)? = 0.002
Statistics and Tests Included units = 163 Included units = 163
Time-series length: min =17, max =17 Time-series length: min =17, max =17
Wald chi-square(7) = 71.986 [0.0000] Wald chi-square(7) = 72.366 [0.0000]
Null hypothesis: The groups have a common intercept sigma-hat(within) = 0.633
Test statistic: F(162, 2601) = 27,100.4 [0.0000] sigma-hat(between) = 26.654

Note. ** indicates significance at the 1% level; ** indicates significance at the 5% level; * indicates
significance at the 10% level. Coefficients marked with asterisks are statistically significant at the

corresponding confidence levels.

This research examines the determinants of the Logistics Performance Index (LPI) of
163 countries over a period of 17 years using fixed-effects two-stage least squares (TSLS)
and generalized two-stage least squares (G2SLS) models with random effects. The
framework includes a broad range of instruments capturing economic, demographic,
governance, and environmental data. One key finding from the research has a direct
bearing on the Social (S) component of the ESG framework. The endogenous variables —
i.e., access to safely managed drinking water (PSMWS) and sanitation services (PSMS),
elderly population percentage (PA65A), primary school enrollment (SEP), employment of
children (CET), prevalence of overweight adults (POA), and income share held by the
poorest 20% (ISL20)—all are dimensions of social development considered essential. The
correlation unfolds as follows: More widespread provision of simple services like water
and sanitation is somewhat counterintuitively negatively related to the variable of
logistics performance. While statistically robust, however, the effect is small and implies
high-performance social service provision may be related to more rigorous regulatory
systems or greater operational costs marginally impacting the effectiveness of logistics.
Demographic issues are also seen: a larger percentage of aging population and more
enrollment in schools is negatively related to LPI. This may represent the effects of
changing labor market fundamentals, whereby aging societies and higher education
enrollment fewer youth in the workforce temporarily limit the labor available to the
heavily labor-intensive industries like logistics. The opposite effect is identified in the case
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of the prevalence of child labor (CET), which has a strong positive effect on LPI—a
worrying indicator. This indicates improving the performance of logistics in less
developed economies may depend partly on exploitative employment arrangements. This
has a fundamental social sustainability issue at its core: efficiency gains at the expense of
youth welfare and human rights are unacceptable if it goes against the core tenet under
the Social pillar of ESG. Equally, the positive effect of overweight prevalence (POA) on
the variable of logistics performance is likely a reflection of deeper patterns of economic
prosperity and consumerism requiring more sophisticated systems of logistics. This also
has social concerns related to modern lifestyles and unjust food systems. The negative
correlation of income inequality (ISL20) and the variable of logistics performance is a
fundamental finding. In economies in which the bottom 20% of the population possess
less income, logistics systems look less efficient. More economic inequality contributes to
fragmented markets, stagnant mobility, and lower human capital, all of which contribute
to less smooth logistics operations. From an ESG-Social stance, this result confirms that
more inclusive economic development bolsters better-performing logistics and supply
chain systems. The extensive range of tools utilized —and range of indicators including
internet penetration and rule of law, female labor force participation and governance —
also highlight social and institutional environments as the determinants of the
performance of logistics. More robust social structures, improved legal protections and
more inclusive labor markets are not social goods alone but also efficiency enablers of
global supply chain operations. In general, this examination makes it evident that social
development underpins the performance of logistics. Education, services provision,
equality of condition, labor quality and provision of health services all play important
parts. Logistics infrastructures policies to enhance them must be strongly integrated with
social investment plans to guarantee progress in the area of logistic infrastructures does
not happen at the expense of the development of humanity but hand in hand with it and
in full coherence with ESG-S objectives.

Causality. The causal identification strategy employed —fixed-effects TSLS and
G2SLS with a rich instrument set—permits a strong identification of the causal impact of
social variables on the Logistics Performance Index (LPI). The coefficients imply the causal
influence of variations in social development indicators on logistics performance and do
not simply correlate with it. In particular, better access to safely managed water (PSMWS)
and sanitation (PSMS), a larger elderly population percentage (PA65A), and increased
school enrollment (SEP) are causally associated with a marginally declining LPI, possibly
through augmented regulatory costs or labor force shortages. More troublingly, the causal
positive effect of child labor (CET) on LPI illustrates how, in certain settings, improving
the efficiency of logistics depends on unsustainable and ethically challenged forms of
labor. The causal negative effect of income inequality (ISL20) on LPI also shows how more
equal income distribution facilitates the efficiency of the logistics system. Significantly, the
instrumental variables technique enhances the causal assertions by reducing endogeneity
generated by reverse causality or missing variable bias. Nevertheless, low R? values signify
how social variables have statistically significant causal impacts but account for a minimal
share of overall variance in the performance of the logistics system and argue in favor of
combining social interventions with more general economic and infrastructural reforms.

Ovwerall impact of the S-Social component within the ESG model. The evidence presents
unequivocal empirical proof that the Social (S) pillar of the ESG framework has a causal
and sizable yet multifaceted effect on the performance of logistics. Social improvements
in indicators have a positive or negative impact on the Logistics Performance Index (LPI),
highlighting the subtle tradeoff between operational efficiency and human development.
The provision of fundamental services such as safely managed drinking water (PSMWS)
and sanitation (PSMS), demographic transitions like population aging (PA65A), and



Sustainability 2025, 17, 11370

25 of 65

increased enrollment in schools (SEP) are causally linked to declines of minor magnitude
in the performance of logistics, probably indicative of increased regulatory costs or labor
shortage. The worrying causal positive effect of child labor (CET) on LPI also indicates the
persistence of socially unsustainable patterns supporting the efficiency of logistics in some
economies. The positive causal effect of overweight prevalence (POA) on LPI also shows
stronger consumer-led logistic requirements, while income inequality (ISL20) has a
negative effect on logistic efficiency and highlights the importance of equalized growth.
Although the causal evidence is statistically strong because a rich list of instrumental
variables was used, the low values of R? reveal a minimal share of variance explained by
social variables. Summing up, the development of logistic performance has to be
coordinated with socially sustainable development policies completely aligned with ESG-
S principles.

5.2. Machine Learning Estimation of Socio-Economic Impacts on Logistics Performance

This section applies machine learning methods to estimate the relationship between
socio-economic variables and the Logistics Performance Index (LPI). Several algorithms —
including Boosting, Decision Trees, Random Forests, and Support Vector Machines —are
evaluated based on normalized performance metrics. The K-Nearest Neighbors (KNN)
algorithm emerges as the most accurate and robust model, achieving the lowest prediction
errors and the highest explanatory power. Further analysis identifies key social predictors,
such as school enrollment, overweight prevalence, and child labor incidence, highlighting the
critical influence of human development factors on logistics performance. These results
underline the complex interplay between social structures and logistic efficiency (Table 10).

Table 10. Comparison of Machine Learning Algorithms for Predicting Logistics Performance Based

on Socio-Economic Factors.

Metric Boosting | Decision Tree |K-Nearest Neighbors|Linear| Random Forest |Regularized Linear| SVM
MSE 0.617 0.110 0.000 0.451 0.007 0.642 0.708
MSE (scaled) | 0.568 0.091 0.000 0.822 0.056 0.777 1.000
RMSE 0.643 0.099 0.000 0.470 0.005 0.664 0.724
MAE/MAD 0.776 0.140 0.000 0.727 0.277 0.857 0.316
MAPE 0.763 0.172 0.000 1.000 0.290 0.955 0.000
R2 0.211 0.793 1.000 0.092 0.950 0.103 0.000

This cluster is seen to represent the overall or “baseline” population. Cluster 2,
though having very small number of observations (8), also has a very high silhouette value
of 0.791 as a testament to good clustering and separation between groups. The average
values confirm positive NOE (+0.423), very low PM2.5 exposure levels (-2.623), very low
agricultural land usage (-2.766), and high value added from agriculture, forestry, and
fishing (+0.843). This proves that Cluster 2 consists of countries or regions with high
productivity in terms of agriculture and good air quality despite relatively high nitrous
oxide emissions [87]. Cluster 3 with 238 has a high Heat Index 35 (+3.250), indicating
extreme exposure to hot air and heat stress, with associated positive departures of NOE
(+0.684) and PM2.5 exposure (+0.606). The silhouette value of 0.523 indicates good but
imperfect separation of the groups. This group appears to represent countries or regions
with both high exposure to heat and air pollution levels as per conclusions drawn in recent
semi-supervised PM2.5 clustering and air pollution patterns by region by [88,89]. Within
the quality of clustering, the silhouette values range from 0.382 to 0.791 across groups and
are representative of an acceptable but imperfect data partitioning. The within-cluster
sum of squares is very high on Cluster 1 (12,160.403), as a marker of data variability
internally in the group and is very low on Cluster 2 (3.617), as an indication of the
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closeness of the small group. Generally, the model is capable of separating groups at the
extremes of data distribution but a majority of the data fall into a very large heterogeneous
core group [87].

Using the K-Nearest Neighbors (KNN) algorithm to forecast the Logistic
Performance Index (LPI) on the basis of socio-economic and demographic variables
produces results both statistically robust and informative in terms of substance. Primary
school enrollment (SEP) is the most significant predictor identified by feature importance
assessment expressed as mean dropout loss (28.085), followed by adult overweight
prevalence (POA, 26.403) and child labor (CET, 26.196). Other variables, such as access to
safely managed sanitation services (PSMS), population percentage aged 65 and above
(PA65A), income share of the lowest 20% (ISL20), and percentage of population with
access to safely managed drinking water services (PSMWS), are also contributory but to a
lesser magnitude. These results imply educational level, labor and public health indicators
are fundamental determinants of logistic capacities at the national level (Figure 6).

@ser @roa BCeT BPsMs 1 passA B1sL20 B PSMWS

Mean dropout loss KNN--Feature Importance
30,000 Metrics
Variables | Mean dropout loss
— SEP 28.085
20,000 POA 26.403
CET 26.196
e PSMS 23.458
PAB5A 22.092
ISL20 22.036
R PSMWS 17.471

Figure 6. KNN Feature Importance Analysis for Socio-Economic Predictors of Logistics

Performance.

The additive feature attribute analysis of the test dataset better represents the effects
of single predictors on the model’s predictions. In all scenarios, the base prediction, the
model’s prediction when particularized feature effects are removed, is a fixed value of
10.241. Deviations from the baseline represent the subtle interactions among variables:
School enrollment (SEP) has a consistent strong positive effect on LPI predictions
everywhere, especially in cases 1 to 4. Contrariwise, access to drinking water services
(PSMWS) consistently has a negative effect, especially in cases 2, 3, and 4, and represents
a mediated association with logistic performance by other infrastructural or governance
variables. The negative effects of overweight prevalence (POA) and child labor (CET) also
demonstrate the adverse effect of labor market distortions and healthcare on logistic
efficiency. These inferences are consistent with recent studies using SHAP (Shapley Add
ExPlanations), which demonstrate the capacity of the technique to identify the marginal
effect of predictors on models with a high degree of complexity [90,91]. Overall, the KNN
model not only makes good LPI predictions but also allows better interpretation by
quantifying the marginal effects of key socio-economic variables, in a manner analogous
to the SHAP-based explanations used in the prediction of the attrition of employees and
diagnostics in healthcare [91,92]. These inferences demonstrate interdependencies
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Predicted

Base

between logistic output and human development indicators and represent the
significance of social policy considerations in logistic performance maximization plans

(Figure 7).
2300
2200
2100
2000
1900
1800
Case 1 2 | 3 | 4 5
Predicted, 1.770 2.230 2.080 2.080 2.270
Base 10.241 | 10.241 | 10.241 | 10.241 | 10.241
PSMWS | -2.892 | -8.958 |-14.077 |-21.294 | -0.027
PSMS | 16.995 | -0.084 | -0.200 | 0.140 | -6.167
PAG5SA |-13.397 | -3.283 | -1.381 | -0.688 | 2.968
SEP 17.807 | 17.167 | 17.596 | 17.701 | 2.800
CET |-22474| 2.112 0.917 | -4.060 | -0.132
T T T POA | -8.032 | -0.044 | -0.056 | -0.164 | 5.547
ISL20 3.521 |-14.922 [-10.961 | 0.203 -12.961

Figure 7. Additive Feature Contributions to LPI Predictions Using K-Nearest Neighbors (KNN).

5.3. Clustering to Verify the Relationship Between LPI and the S-Social Component
of the ESG Model

This study examines the predictive correlation between the Logistics Performance
Index (LPI) and a range of socio-economic and demographic variables using machine
learning regression methods. Comparing different algorithms using normalized
performance measurements highlights K-Nearest Neighbors (KNN) as the optimal
technique to capture the underlying variance in logistics performance. Not only does
KNN perform better in terms of predictive precision, but it also provides innovative
insights into relative importance values of important social variables like education,
health, and labor conditions. The investigation underscores how socio-economic
development indicators play a pivotal role in determining logistics outcomes, thus
supporting socially inclusive logistics approaches in the ESG framework (Table 11).

Table 11. Normalized Performance Metrics for Clustering Algorithms: Predicting LPI with Socio-

Economic Variables.

Metric Density-Based | Fuzzy C-Means Hierarchical Model-Based Neighborhood- | - Random

Based Forest
Maximum diameter 1.000 0.072 0.063 0.967 0.061 0.081
Minimum separation 1.000 0.029 0.216 0.000 0.056 0.033
Pearson’s y 0.527 0.000 0.870 0.179 0.538 0.056
Dunn index 1.000 0.043 0.314 0.000 0.081 0.043
Entropy 0.000 0.752 0.340 1.000 0.899 0.693
Calinski-Harabasz index 1.000 0.001 0.002 0.002 0.004 0.001
R2 0.000 0.351 0.642 0.627 1.000 0.494
AIC 1.000 0.593 0.000 0.008 0.000 0.569
BIC 1.000 0.593 0.000 0.008 0.000 0.569
Silhouette 1.000 0.115 0.926 0.370 0.963 0.000
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Based on normalized performance measurements, Neighborhood-Based Clustering
is the most suitable out of the methods considered. This is evident in better performance
on a set of core clustering validity measurements. Notably, it has the best R? value with a
higher percentage variance explained compared to other methods. Moreover, it has a high
Silhouette score, reflecting good internal cohesion and good separation between groups —
properties of paramount importance to measuring the quality of a clustering structure
[93]. In addition to that, its strategically low maximum diameter and acceptable minimum
separation values further attest to Neighborhood-Based Clustering to effectively
minimize within-cluster dispersion and maintain different groups separated. Though it
fails to achieve the best AIC and BIC values to evaluate model simplicity and goodness of
fit, its performance remains competitive considering the merit of structural clarity and
interpretableness to clustering analysis [93]. Density-Based Clustering approaches, for
example, despite having best scores on maximum diameter and Dunn index scores,
register poor Silhouette values and weaker R? values and demonstrate weaker model
robustness in the respective setting of this type of application [94]. Likewise, while
targeted metrics have good performance by Random Forest Clustering, it does not
outperform consistently on all dimensions. Although it has good performance on certain
dimensions of the clustering problem, its stability and interpretableness are unstable on
different datasets [95]. Neighborhood-Based Clustering therefore has the best trade-off
among the considered methods between separation and compactness and model
explanatory power and stability. Overall performance also means it is best suited to
applications requiring consistent group distinction as well as internal consistency to exist
and best used in the setting of the current investigation (Table 12).

Table 12. Socio-Economic Characterization of Clusters Affecting Logistic Performance.

Cluster

1 2 3 4 5 6 7 8 9 10

Size

564 244 218 434 68 409 76 352 237 169

heterogeneity

Explained proportion within-cluster

0.168 (0.105 (0.108 [0.153 [0.041 [0.108 [0.064 (0.063 [0.117 |0.072

Within sum of squares

1.153 [718.762(745.245[1.053 [284.004 [744.270 442.164 433.747 {801.223 493.387

Silhouette score

0.227 0.161 [0.219 1(0.194 (0.378 [0.239 [0.235 (0.450 (0.204 |0.430

Center LPI —0.302 ~0.315 ~0.324 ~0.312 3.309 0.299 ~0.327 -0.277 -0.311 [3.233
Center PSMWS —0.077 0.164 [2.259 0.088 ~0.042 ~0.515 [1.799 0.673 -0.127 |-0.632
Center PSMS 0.668 [0.183 [0.741 -1.210 -2.134 -0.063 [-2.193 (0.633 0.090 |0.207
Center PA65A —0.624 -0.466 -0.165 [-0.078 [1.284 -0.121 [1.423 -0.220 2.149 [-0.252
Center SEP —0.253 ~0.209 0.691 0.662 1.185 [0.883 2.489 [1.200 [0.242 |0.358
Center CET —0.495 ~0.520 ~1.018 ~0.478 0.783 (0.723 1.620 [1.748 |0.028 |0.556
Center POA —0.360 [1.542 -0.600 -0.400 -0.580 -0.505 [-0.423 [1.168 [0.147 |-0.217
Center ISL20 —0.545 ~0.474 ~-1.035 ~0.416 ~0.978 0.751 1.560 [1.603 [0.114 |0.685

Applying Neighborhood-Based Clustering to the chosen socio-economic and
demographic variables confirms a significant splitting of the dataset into ten groups with
different profiles by logistic performance and corresponding indicators of human
development. The silhouette values are mostly average but confirm acceptable cohesion
among the groups, with cluster groups 8 and 10 sharing the highest internal consistency
(0.450 and 0.430, respectively), suggesting consistency in relatively homogeneous patterns
in the data [96]. The explained percentage of heterogeneity among the groups further
confirms adequacy in the model, as in Cluster 5, the low percentage of heterogeneity
(0.041) and a high cluster center LPI value (3.309) pick out a distinctive group with high
logistic performance. Clusters 5 and 10 are indeed the most differentiated structural
groups and show much higher Logistic Performance Index values compared to other
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groups with central values around negative LPIs [97]. A look at the cluster centers picks
out significant socio-economic contrasts. The groups found to have a higher LPI values
are predominantly marked by improved coverage in terms of sanitation (high scores on
PSMS), relatively higher proportions of elderly population (PA65A), improved coverage
of safely managed drinking water (PSMWS), and more balanced income distribution
(ISL20). The groups found to have low LPI centers (now classified as groups 3 and 7) are
marked by negative performance in all of the above dimensions combined with increased
prevalence of child labor (CET) and decreased enrolment in schools (SEP), suggesting
structural weaknesses [96]. Surprisingly, Cluster 8 has a positive logistic profile even
though it has low scores on water service indicators, implicating the hypothesis that
education and income distribution may in this group make up deficits in infrastructure.
These patterns amplify the importance of the inclusion of socio-economic dimensions in
clustering methods in the case of logistics and infrastructure evaluation, as shown in
previous examples of clustering in supply chain and logistic environments [95]. Overall,
the results demonstrate that logistic performance is closely intertwined with broader
social determinants, including education access, labor market conditions, health
outcomes, and basic service provision, confirming the multi-dimensional nature of
logistics capacity within national and regional contexts [97].
Results are showed in Table 13.

Table 13. Cluster means.

LPI PSMWS [PSMS |[PA65A |SEP CET POA  [ISL20
Cluster 1 —0.495 |-0.545 ~0.302 H0.624 -0.360 [0.668 |-0.077 -0.253
Cluster 2 —0.520 -0.474 ~0.315 0466 [1.542 0.183 [0.164 -0.209
Cluster 3 —1.018 -1.035 —0.324 -0.165 -0.600 (0.741 2.259 -0.691
Cluster 4 —0.478 |-0.416 ~0.312 0.078 0400 [-1.210 -0.088 -0.662
Cluster 5 —0.783 -0.978 3.309 1.284 —0.580 [-2.134 [-0.042 [-1.185

Cluster 6 0.723  |0.751 ~0.299 -0.121  -0.505 0.063 -0.515 [0.883
Cluster 7 —1.620 |-1.560 ~0.327 [1.423 —0.423 |-2.193 [1.799 |-2.489
Cluster 8 1.748  [1.603 -0.277 0220 [1.168 |0.633 | -0.673 [1.200
Cluster 9 0.028 |0.114 —0.311 [2.149 0.147 0.090 ~=0.127 |0.242

Cluster 10  [0.556  |0.685 3.233 —0.252  -0.217 (0.207  -0.632 [0.358

6. Governance and Logistics Performance: An Empirical Assessment
Within the ESG Framework

The chapter examines the interconnection between governance quality and logistics
performance in the ESG framework. By using fixed-effects two-stage least squares (TSLS),
generalized two-stage least squares (G2SLS), machine learning models, and clustering
methods on data from 163 countries between the period 2007-2023, the study documents
how five key indicators of governance—government effectiveness, regulatory quality,
political stability, rule of law, and scientific innovation —affect the Logistics Performance
Index (LPI). The findings highlight the importance of robust, transparent, and accountable
institutions to underpin efficient logistics systems but also the multifaceted and dynamic
character of governance impacts on global supply performance.

6.1. The Role of Institutional Governance in Shaping Logistics Efficiency: An ESG Perspective

This section analyzes the causal impact of governance quality on logistics
performance within the ESG framework, using an instrumental variables (IV) panel data
approach. Drawing on a balanced dataset of 163 countries from 2007 to 2023, and applying
fixed-effects TSLS and G2SLS estimators, the study isolates the effects of key governance
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dimensions—such as government effectiveness, regulatory quality, voice and
accountability, and rule of law —on the Logistics Performance Index (LPI). By addressing
potential endogeneity and omitted variable bias, the analysis provides robust evidence
that governance factors are not merely correlated with, but causally linked to, sustainable
logistics performance under the ESG model.

o X = ZyIl+ vy (First Stage)

o YV, =X;B+p (Second Stage)

e Yy =LPl

e X, = {GEE RQE ESRPS VAE ST]JA PSAOV RLE}

e Z; =IUICOZE NOE PM25AE GHGLUCF EILPE REC FFEC EU CDD HDD HI35 SPEI LST

PD LWS ALPA
e  FPIAFFVA MST AFWT TMPA ASFD ASNRD }
e =163

e  t=[2007;2023].
Results are synthetized in Table 14.

Table 14. Causal Effects of Institutional Governance on the Logistics Performance Index (LPI).

Y LPI
Endogenous GEE RQE ESRPS VAE STJA PSAOV RLE
Instruments IUI CO2E NOE PM25AE GHGLUCEF EILPE REC FFEC EU CDD HDD HI35 SPEI LST
PD LWS ALPA FPI AFFVA MST AFWT TMPA ASFD ASNRD
T 17
N 163
Observations 2771
G2SLS random effects Fixed-effects TSLS
coefficient std. error V4 coefficient std. error z
const 11.911 *** 0.588 20.24 11.929 *** 0.593 20.09
GEE 0.015 *** 0.0023 6.585 0.015 *** 0.002 6.544
RQE —-5.51554 x 106 ** | 2.38212 x 10¢ | -2.315 | -5.52359 x 106 ** | 2.40369 x 10-¢ -2.298
ESRPS -0.035 *** 0.009 -3.634 -0.035 *** 0.009 -3.632
VAE 0.543 *** 0.137 3.956 0.546 *** 0.138 3.946
STJA 0.025 *** 0.006 4.153 0.025 *** 0.006 4121
PSAOV 9.78199 x 107 ** | 4.06429 x 107 | 2.407 9.77849 x 107 ** | 4.10115 x 107 2.384
RLE 0.282 ** 0.110 2.560 0.283 ** 0.111 2.543
SSR =2713.7 SSR =1072.64
sigma-hat = 0.991 (df = 2763) sigma-hat = 0.642 (df = 2601)
R-squared = corr(y, yhat)? = 0.009 R-squared = corr(y, yhat)? = 0.009
Statistics And Included units = 163 Included units = 163
Tests Time-series length: min =17, max =17 Time-series length: min = 17, max =17

Wald chi-square(7) = 72.355 [0.0000] Wald chi-square(7) = 71.052 [0.0000]

sigma-hat(within) = 0.642 Null hypothesis: The groups have a common intercept

sigma-hat(between) = 30.771 Test statistic: F(162, 2601) = 26,449.2 [0.0000]

Note. *** indicates significance at the 1% level; ** indicates significance at the 5% level. Coefficients

marked with asterisks are statistically significant at the corresponding confidence levels.

The results prove insightful and straightforwardly strong on the premier role of
governance in supporting logistics performance. Government Effectiveness (GEE) has a
direct and very powerful impact on Logistics Performance Index (LPI), both with a
coefficient of around 0.0152 and a significance of the 1% level. This shows competent,
transparent, and efficient governments support the development of logistic systems in
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better managing infrastructures, providing services, and putting in force policies—a
correlation also found in research on governance and economic development across
regions [98,99]. Regulatory Quality (RQE), to our surprise, has a very low but negative
and statistically significant impact. Although the impact size is low, the result may signify
a case of excessive restraint by overly burdensome or ill-designed regulatory systems to
exact unintended costs or frictions on logistic operations in environments with excessive
bureaucracy or controls stifling innovation and flexibility [100]. The Economic and Social
Rights Performance Score (ESRPS) is inversely associated with the performance of
logistics. The result means a structural problem: in nations heavily concentrated on
generous social protections, regulatory heaviness or resource redistributive mechanisms
may unwittingly limit investments or operational efficiencies core to logistic networks. It
highlights a thin line between social progress and logistic efficiency [101]. Voice and
Accountability (VAE) has a strong and significant correlation with LPI and indicates
nations with freer media, better civic engagement, and accountable government have
better logistic performance because they have better visibility, are more responsive to the
marketplace, and less corrupt [102]. Science and Technical Journal Articles (STJA) grow
LPI positively and show a role of innovation, research power, and tech creation to advance
efficient and modern logistic fields. Political Stability and Absence of Violence (PSAOV),
though modeled using very small coefficients, has a positive and a statistically significant
correlation with LPI and means stability brings safety and predictability to assure local
and foreign supply chains and thus avert risks and operational interruption —an inference
supported by research on the impact of political governance on the economy in different
nations [102]. Finally, Rule of Law (RLE) shows a positive and tangible impact in
supporting the argument that solid legal institutions, protection of property rights, and
adherence to contracts are essential pillars to support good logistic networks [100].
Statistically, the importance of the models is reflected in the Wald chi-square statistics as
very high and confirm the joint appropriateness of the variables included. Although the
R-squared values of approximately 0.0093 are low and express that variables of
governance alone describe a relatively small percentage of the overall variance in logistic
performance, their effect is statistically relevant and economically considerable. The use
of a range of environmental indicators as a basis includes a range of indicators such as
CO: emissions, exposure to PM2.5, consumption of energy, and climate variables, which
adds richness to the model. While they are secondary to the objectives here but are
relevant to any broader consideration of environmental issues and are remnants from our
investigation of the environmental systemic shocks to the governance and the standards
of logistics, their inclusion makes identification stronger by capturing risks on a higher
level indirectly affecting governance and logistic environments. These results confirm
good governance as a building block to the efficient logistic standards. Stable and efficient
government, transparent and innovative as it is, will empower nations to build and
maintain efficient logistic chains integral to competitiveness in a globalized economy. The
results also alert, however, social and regulatory ambitions to be developed thoughtfully
to avoid unwanted trade-offs with efficiency of operation. In the ESG framework, research
supports that the Governance (G) pillar is not an ancillary variable but a direct
determinant of infrastructure quality and efficiency of economy in logistics and
sustainable development [99,101].

Causality. The results strongly confirm the causal association with the performance
of logistics and the quality of governance in the ESG framework. The empirical
approaches using an instrumental variables (IV) panel data methodology —fixed-effects
two-stage least squares (TSLS) and generalized two-stage least squares (G2SLS)
estimators—are used to address concerns on endogeneity problems such as reverse
causation and specification of a relevant variable. The used econometric approaches are
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consistent with recent research on causal inference using IVs in data setups with a high
level of data complexity [6,103]. The robust coefficients on governance metrics such as
Government Effectiveness (GEE), Voice and Accountability (VAE), and the Rule of Law
(RLE) provide strong evidence to confirm the premise that improvements to governance
institutions are linked to but do not merely correlate with improving logistics
performance. The careful selection of the instrumental set of variables such as
environmental and macro-structural drivers (e.g., CO2 emissions and PM2.5 exposure and
energy consumption), removes confounding exogenous variation in governance quality
and thereby bolsters identification. The subject modeling selections are consistent with
stronger and distributionally robust IV estimation methods now suggested in available
literature [104]. This provides support to the overall finding that institutional efficiency,
accountability, transparency, and stability are key drivers to efficiency in logistics in any
confounding macroeconomic environments. Although the relatively low R-squared
values indicate that governance contributes partially to variance in logistics outcomes, the
strongly significance Wald chi-square statistics confirm the combined significance of the
governance predictors. The study thus presents robust causal evidence supporting the
inclusion of governance reforms as a key prescription to leverage logistics systems under
the ESG framework [6,103].

Ovwerall effects of G-Governance elements in the ESG framework on Logistic Performance
Indicators. The evidence confirms the Governance (G) pillar of the ESG model as having a
causal and pivotal impact on country differences in logics performance. Applying an
instrumental variables (IV) panel data framework with fixed-effects TSLS and G2SLS
estimators to avoid endogeneity issues, the research highlights the effect on governance
quality independently. Results indicate higher government effectiveness, rule of law, and
voice and accountability are significantly and positively related to improved logics
outcomes, whereas excessively complicated regulatory environments and redistributive
social policy options on occasion may bring in unnecessary inefficiencies. While
governance on its own accounts for a relatively small percentage of the variance in logics
performance, its effect exists and is both statistically and economically significant. These
results are consistent with existing research on the importance of good governance
practices improving both logics capacity and financial performance in logics firms and
markets —particularly ESG-aware markets [4,5]. In addition, they complement research
evidence that ESG integration, and, in particular, good governance mechanisms to
facilitate it, may represent a performance catalyst even in financial markets —highlighting
the strategic importance of governance to investor confidence and sectoral returns [1].
Overall, the research demonstrates transparent, stable, and efficient institutions as
essential drivers to sustainable and competitive logics systems and confirms the centrality
of the Governance pillar of the ESG model to public policy and infrastructure and also to
private sector logics strategy and investor behavior [4,5].

6.2. Machine Learning Regressions LPI and G-Governance

In a range of multiple regression algorithms including Boosting Regression, Decision
Tree Regression, k-Nearest Neighbors Regression, Linear Regression, Random Forest
Regression, and Support Vector Machine Regression, models were systematically
compared against a range of statistical performance metrics: Mean Squared Error (MSE),
Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), Mean Absolute
Percentage Error (MAPE), and the coefficient of determination (R?). Of the models tested,
the k-Nearest Neighbors (k-NN) Regression algorithm consistently outperformed its
peers with the best values for MSE (215.583), RMSE (14.683), and MAE (5.779), and the
relatively high R? as a result of 0.619. These combined to confirm k-NN Regression as
having the best ability to minimize prediction error while also having the ability to
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maintain a high percentage of variance of the response variable. The same has been seen
in uses of k-NN to predict solar radiation and cryptocurrency prices where it maintained
competitive accuracy and stability [105,106]. While the Support Vector Machine (SVM)
model had an anomalous low MAPE (18.16%), its severely low R? value (0.024) highlights
a serious lack of explanatory power and consequently makes it inadvisable to maintain
robust predictive model suitability in the case. The result concurs with issues identified in
other areas of research using SVM as its sensitivity to data distribution has resulted in
unstable estimates despite low error values [107]. While Random Forest Regression had
the best value of R? (0.628), it had marginally higher error values than k-NN and was
subsequently unable to outrank it in terms of predictive ability. These trade-offs
demonstrate typical practice using ensemble learning whereby reductions in variance
might result in increases in small levels of bias [106]. Combined, these results confirm k-
Nearest Neighbors Regression to have the most optimal mixture of both minimalism on
both sides and optimally ensuring both correctness as well as generalizability. As such, it
is hereby proposed as the best methodology to be adopted in predictive work in datasets
of similar behavior (Table 15).

Table 15. Comparative Performance of Regression Algorithms for Predicting Logistics Performance.

Boosting Decision Tree . Linear Random Forest|Support Vector
: . k-Nearest Neighbors . . .
Regression [Regression Regressions [Regression Machine
MSE 710.124 395.86 215.583 646.107 327.09 681.308
MSE (scaled) 1.198 0.759 0.425 1.488 0.415 1.689
RMSE 26.648 19.896 14.683 25.419 18.086 26.102
MAE/MAD 13.847 6.537 5.779 14.92 8.665 7.702
MAPE 212.44% 128.57% 133.26% 294.11% 145.91% 18.16%
R2 0.16 0.384 0.619 0.065 0.628 0.024

Within the proposed study, the k-Nearest Neighbors (k-NN) regression model was
used to probe the impact of the “Governance” (G) component of the ESG framework on
the Logistic Performance Indicator (LPI). The research used a range of governance-
focused predictors to include Government Effectiveness Estimate (GEE), Regulatory
Quality Estimate (RQE), Economic and Social Rights Performance Score (ESRPS), Voice
and Accountability Estimate (VAE), Scientific and Technical Journal Articles (STJA),
Political Stability and Absence of Violence Estimate (PSAOV), and Rule of Law Estimate
(RLE). Feature importance was constructed using mean dropout loss metrics to reveal
STJA (29.515) and VAE (28.538) as the most vital variables on the predictive capability of
the model. This result implies the importance of elements associated with scientific output
as well as with participatory governance as key drivers in the governance dimension on
logistic system efficiency —a finding concordant with recent research on the contributions
to investment climates and institutional performance from innovation and democratic
accountability [100,108]. ESRPS (23.916) and RLE (20.574) also proved to have substantial
importance to identify the instrumental role of leveled-up rights protection and legal
pillars. This concurs with existing work pointing to the prediction power of legal-
institutional variables in performance modeling in industries such as infrastructure and
building [109]. GEE (20.056), RQE (17.422), and PSAOV (16.924), on the other hand, had
comparatively low but non-zero impacts. These outcomes highlight the non-uniformity
of the governance dimension whereby all governance indicators do not have equal impact
on logistic performance. Specifically, the empirical data highlight the disparate influence
of knowledge production and accountability mechanisms compared with more
conventional governance metrics (Table 16). These add to a finer-grained comprehension
of the “G” component’s operationalization of ESG-led logistic performance models and
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impart strategic insights into policy design and institution building to augment logistic
system capability through governance reforms [100,108].

Table 16. Governance Predictors and Their Influence on LPI: Mean Dropout Loss Analysis.

Variables Mean Dropout Loss
STJA 29.515
VAE 28.538
ESRPS 23.916
RLE 20.574
GEE 20.056
RQE 17.422
PSAOV 16.924

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

Following the global feature importance analysis, additive explanation outputs were
utilized to dissect the individual contributions of each governance-related predictor
toward the Logistic Performance Indicator (LPI) across specific test cases within the k-
Nearest Neighbors (k-NN) regression model framework. The base score (i.e., the
predicted outcome without the influence of any predictors) remained constant at 10.678
across all instances, allowing for a direct comparison of feature impacts. The use of
additive interpretability methods is increasingly recognized as essential for
understanding the nuanced behavior of ML models, particularly in k-NN and SVM
contexts [110]. Across all five cases analyzed, the Economic and Social Rights Performance
Score (ESRPS) consistently exhibited the most substantial negative contributions, with
reductions ranging from —16.067 to —14.116. This indicates a strong inverse relationship
between perceived human rights performance and logistic efficiency under the conditions
observed —possibly reflecting a trade-off between social equity measures and operational
productivity in constrained institutional environments. Simultaneously, the Voice and
Accountability Estimate (VAE) demonstrated large positive contributions (ranging from
approximately +7.964 to +9.862), reaffirming its pivotal role as a driver of logistic
performance within the governance dimension. The findings support existing literature
that links participatory governance with improved infrastructure and service delivery
outcomes [111]. Scientific and Technical Journal Articles (STJA) presented a more nuanced
pattern, occasionally contributing positively (e.g., +0.773 in Case 3) or negatively (e.g.,
-5.932 in Case 5), suggesting a context-dependent influence, potentially moderated by
other institutional or sector-specific factors not captured in the model. Such complex and
dynamic relationships are often uncovered through interpretable ML frameworks in
health and policy analytics, where variable interactions depend heavily on contextual
moderators [112]. Conversely, Government Effectiveness Estimate (GEE) and Regulatory
Quality Estimate (RQE) exhibited minor, mostly near-zero impacts on the predicted LPI
values, with a notable exception in Case 5, where GEE contributed positively (+2.120) and
RQE negatively (-1.209). This implies that governance efficacy and regulatory oversight
may exert influence only under specific institutional or structural conditions [110]. Political
Stability and Absence of Violence (PSAOV) and Rule of Law Estimate (RLE) consistently
produced modest effects, albeit with variability in direction and magnitude, highlighting their
secondary but non-trivial role. Overall, the additive explanations reinforce the existence of a
differentiated structure within the Governance component of the ESG model, where
participatory governance (captured through VAE) emerges as the primary positive driver,
while human rights considerations (ESRPS) represent a critical constraint. This nuanced
insight emphasizes the necessity of selective governance interventions, tailored not merely to
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improve aggregate institutional scores but to strategically enhance the most impactful
subdimensions for logistic system optimization (Table 17).

Table 17. Additive Feature Contributions to LPI Predictions Using k-NN Model (Governance

Dimension).

Case |Predicted| Base GEE RQE |ESRPS| VAE | STJA |PSAOV| RLE
1 2.180 | 10.678 | -0.686 | -0.046 |-16.907 | 9.827 | -0.116 | —0.529 | —-0.042
2 2.370 | 10.678 | 0.019 | —0.002 |-16.008 | 9.862 | —-1.659 | -0.550 | 0.029
3 6.203 | 10.678 | 0.493 | —0.006 |-14.116| 7.964 | 0.773 | 0.172 | 0.245
4 2.370 10.678 | —-0.387 | -0.015 |-16.067 | 9.473 | -0.832 | -0.417 | —0.062
5 2,503 | 10.678 | 2.120 | -1.209 | -0.858 | -1.044 | -5.932 | -0.239 | -1.014

6.3. Clustering Governance Profiles and Their Impact on Logistics Performance

This section examines the relationship between governance quality and logistics
performance through an advanced clustering analysis. Using a comprehensive dataset
spanning 163 countries from 2007 to 2023, multiple clustering algorithms —including
Density-Based, Fuzzy C-Means, Hierarchical, Model-Based, Neighborhood, and Random
Forest clustering —were compared across several internal and external validation metrics.
Among these, Neighborhood Clustering demonstrated superior performance, achieving
the highest R? and Calinski-Harabasz scores, alongside strong compactness and
separation properties, reflecting the method’s effectiveness in identifying stable and
interpretable clusters [112]. The application of Neighborhood Clustering revealed ten
distinct clusters characterized by varying governance and logistics performance profiles.
Some clusters, particularly those with high government effectiveness, regulatory quality,
and voice and accountability, were associated with better logistics outcomes—a pattern
consistent with prior spatial and regional analyses emphasizing the link between
governance infrastructure and logistics development in economically integrated zones
[113]. However, other clusters showed that strong governance indicators alone do not
always guarantee superior logistics performance, suggesting the presence of additional
mediating factors such as technological capacity, regional integration, or socio-economic
disparities. This observation reinforces the need for interpretability and contextual
sensitivity in unsupervised learning applications to ensure that model outputs reflect real-
world complexities and policy-relevant dynamics [112]. Overall, the clustering analysis
underscores the complex, multifaceted relationship between the Governance (G) pillar of ESG
and the Logistics Performance Index (LPI), highlighting that institutional quality interacts
with a broader set of structural and operational variables to shape outcomes (Table 18).

Table 18. Comparative Evaluation of Clustering Algorithms for Governance and Logistics

Performance Analysis.

Metric Density-Based |Fuzzy c-Means|Hierarchical Model-Based|Neighborhood [Random Forest
Maximum diameter 0.447 0.740 0.000 0.791 0.057 1.000
Minimum separation 0.997 0.126 0.981 0.061 0.149 0.000
Pearson’s y 0.805 0.368 1.000 0.283 0.588 0.000
Dunn index 0.492 0.046 1.000 0.000 0.110 0.001
Entropy 0.000 0.674 0.095 0.764 0.668 0.490
Calinski-Harabasz index 0.179 0.248 0.221 0.159 1.000 0.000
R? 0.130 0.425 0.392 0.297 1.000 0.000
AIC 0.699 0.273 0.327 0.578 0.000 1.000
BIC 0.672 0.258 0.333 0.578 0.000 1.000
Silhouette 0.787 0.328 0.704 0.463 0.598 0.000
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The comparative assessment of clustering models was established using multiple
internal and external validation indices, such as Maximum Diameter, Minimum
Separation, Pearson’s v, Dunn Index, Entropy, Calinski-Harabasz Index, R?, AIC, BIC, and
Silhouette Score. Each index highlights different clustering performance aspects and
therefore provides a multi-aspect basis for model selection [114]. From the assessment,
Neighborhood Clustering had better overall performance on most of the key indices. It
had the best R? value (0.702), which shows the best explanatory strength compared to
other models, and had an extraordinary Calinski-Harabasz Index (721.077), indicating
exceptional cluster closeness and distinctiveness. In addition to that, Neighborhood
Clustering had a good Silhouette Score (0.250), which indicates relatively cohesive
clustering structure. The low values of AIC and BIC also reveal high model simplicity and
fit and are a strong aspect conducive to its applicability in real-life scenarios requiring
simplicity of models [115]. Hierarchical Clustering also had competitive performance, but
especially outshines on Pearson’s y (0.618) and the Dunn Index (0.064), revealing good
intra-cluster coherence and inter-cluster separation. Nonetheless, its relatively low R? and
high values of information criteria in comparison to Neighborhood Clustering might
confine it to a second option in scenarios requiring maximal predictive stability. The above
finding aligns with other comparative research evincing the trade-offs associated with
hierarchical approaches [116]. In contrast to the above findings, algorithms like Random
Forest Clustering and Model-Based Clustering had multiple shortcomings. Random
Forest Clustering had the poorest Silhouette Score (—0.170) and relatively weak R? (0.267),
which indicates less cohesive cluster formation and weaker explanatory power. Although
Model-Based Clustering had relatively good performance on some indices, its negative
Silhouette Score (—0.030) is a concern as it questions the clarity of cluster interpretation, a
concern commonly espoused when model assumptions fail to match data structure [114].
Density-Based Clustering and Fuzzy c-Means Clustering had varied performance results.
While a good Silhouette and Pearson’s y were returned by the Density-Based Clustering
model, it had a weaker R? and Calinski-Harabasz Index and thus less optimal cluster
structures. Fuzzy c-Means Clustering, although having a relatively high Calinski-
Harabasz Index, reflected poor cohesion (Silhouette Score = 0.120) and separation (Dunn
Index = 0.004), revealing weaker clustering behavior [115]. Overall, on a balanced
comparison of cohesion, separation, model fit, and predictive power, Neighborhood
Clustering proves to be the best fit algorithm best suited to start with the dataset. The fact
that it has been found superior on more than one dimension validates its suitability,
especially in applications requiring structural simplicity, model stability, and explanatory
power [115,116].

So applying Neighborhood Clustering we have the following results as showed in
Table 19.

Table 19. Governance and Logistics Performance: Cluster Characterization via Neighborhood

Clustering.

Cluster

1 2 3 4 5 6 7 8 9 10

Size

27 347 236 375 20 9 85 491 385 796

Explained proportion within-

cluster heterogeneity

0.036 | 0.096 | 0.202 | 0.128 | 0.019 | 0.016 | 0.074 | 0.140 | 0.102 | 0.189

\Within sum of squares

235.437 1631.869|1.332.939|848.618|128.765|102.540|488.693|922.706(675.294|1.247.106

Silhouette score

0391 | 0342 | 0.263 | 0.149 | 0.458 | 0.684 | 0.315 | 0.155 | 0.317 | 0.243

Center LPI -0.052 |-0.282| 3.251 |-0.311|-0.276 | -0.277 | —0.307 | —0.302 | -0.314 | —0.312
Center GEE -0.851 | 1.256 | 0.415 |-0.128| 0.923 | 0.398 | 0.011 | 0.711 |-1.064 | -0.534
Center RQE -0.144 |-0.127| 0.237 |-0.107| 2.339 |15.237 | -0.125 | —-0.164 | -0.051 | -0.051

Center ESRPS

-0.480 | 1.169 | 0.657 | 0.159 | 0.830 |-0.000 | -0.178 | 0.543 |-1.892 | —0.185
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Center VAE -0.744 | 1.378 | 0.075 |[-1.335| 0.794 |-1.503 | 0.705 | 0.520 | -0.639 | -0.059
Center STJA 0.732 |-1.684 | —0.117 | 0.986 |-0.415|-0.697 | -0.154 | -0.205 | 0.482 | 0.207
Center PSAOV -6.510 | 0.371 | 0.273 | 0.012 | 5.663 |—0.853 | 0.190 | 0.045 |-0.170 | —0.126
Center RLE -0.512 | 0.190 | -0.117 [-0.271| 0.198 |-0.236 | 4.396 | —0.044 | -0.246 | -0.229

Note. The Between Sum of Squares of the 10 cluster model is 15,546.03. The Total Sum of Squares of
the 10 cluster model is 22,160.

The clustering analysis, which was used with the aim to investigate the association
of governance indicators and the Logistic Performance Indicator (LPI), demonstrates a
sophisticated and subtle form across ten different groups of observations. Each of the
groups is identified not merely by size but also by distinctive governance and institutional
profiles as indicated by the cluster centers [96]. The most distinctive group is Cluster 3
with its very high LPI center (3.251) and positive centers of GEE (0.415), RQE (0.237),
ESRPS (0.657), VAE (0.075), and PSAOV (0.273). The configuration indicates better
improvements in different dimensions of governance —such as government effectiveness,
regulatory quality, performance in terms of human rights, and stability in politics—are
aligned with much superior logistic performance. The relatively high silhouette score of
Cluster 3 (0.263) also confirms its internal consistency. These developments are in line
with larger research evidence connecting governance quality with better logistic outcomes
when governance is combined with technological and administrative advancement [117].
In contrast, most other groups (Clusters 1, 2, 4, 5, 6, 7, 8, 9, and 10) have negative LPI
centers and thus depict inferior logistic performance. In all such groups, governance
indicators are often both negative and extremely polarized. In Cluster 2, despite positive
centers of GEE (1.256), ESRPS (1.169), and VAE (1.378), the LPI center is negative (—0.282).
The inconsistency implies that even though indicators of governance are good-looking,
other underlying variables such as quality of infrastructure or geographical location
unexplained in the model may damp down logistic efficiency [118]. Cluster 5 and Cluster
6 are of particular concern. Cluster 5 has the maximum RQE center (2.339) and a maximum
PSAOV center (5.663), which demonstrates high regulatory quality and stability in
politics. The corresponding LPI center is still negative (-0.276), which indicates a
mismatch between governance improvement and logistic outcomes possibly caused by
lag effects or sectoral inefficiencies. Cluster 6 has a small group (n = 9) with a maximum
silhouette score (0.684), which demonstrates very good internal constancy. Although the
group has high stability in politics and relatively neutral profiles of governance indicators,
its LPI center is negative (—0.277), showing that even under highly homogeneous
circumstances logistic performance is poor. This result confirms that rule of law by itself
is insufficient to guarantee logistic success but requires complementarity by economic or
infrastructural variables [96]. Cluster 7 presents a remarkable pattern with a strongly
positive RLE (4.396) but yet a negative LPI (-0.307), indicating the rule of law as vital but
insufficient in itself to guarantee logistic success (Table 20). Generally, the clustering
solution documents that rule of law variables are vital but exert complicated and mediated
effects on logistic performance. The finding emphasizes the necessity to pursue a
multidimensional approach towards logistic success models by complementing rule of
law reforms with focused investments in infrastructure, education, and a diversified
economy [117,118].

Table 20. Governance Profiles and Their Logistic Outcomes: Cluster Mean Comparisons.

LPI GEE [RQE [ESRPS |[VAE [|STJA [PSAOV [RLE
Cluster 1 -0.480 -0.851 | -0.052 | -6.510 | -0.512 | -0.144 | 0.732 | —0.744
Cluster 2 1.169 1.256 | -0.282 | 0.371 0.190 | -0.127 | -1.684 | 1.378
Cluster 3 0.657 0.415 | 3251 | 0.273 | -0.117 | 0.237 | -0.117 | 0.075
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Cluster Mean

Cluster 4 0.159 -0.128 | -0.311 | 0.012 | -0.271 | -0.107 | 0.986 | —1.335
Cluster 5 0.830 0923 | -0.276 | 5.663 | 0.198 | 2339 | —0.415 | 0.794
Cluster 6 |-1.098 x107| 0.398 | -0.277 | -0.853 | -0.236 | 15.237 | -0.697 | -1.503
Cluster 7 -0.178 0.011 | -0.307 | 0.190 | 4.396 |—-0.125| -0.154 | 0.705
Cluster 8 0.543 0.711 | -0.302 | 0.045 | —-0.044 | -0.164 | -0.205 | 0.520
Cluster 9 -1.892 -1.064 | -0.314 | -0.170 | —0.246 | -0.051 | 0.482 | -0.639
Cluster 10 -0.185 -0.534 | -0.312 | -0.126 | -0.229 | -0.051 | 0.207 | —0.059

The cluster means analysis presents differentiated governance and logistic
performance profiles among the ten identified groups. The best mean LPI of Cluster 2
(1.169) is accompanied by strong positive governance indicators such as Government
Effectiveness (GEE = 1.256) and Voice and Accountability (VAE = 1.378), even with as yet
marginally negative Regulatory Quality (RQE = —0.282). These are in line with previous
work on the strong performance of groups with high civic engagement and high social
capital as regards filling up logistic indices [118]. Similarly, Cluster 5 also presents a high
LPI mean (0.830), supported by outstanding scores in Economic and Social Rights
Performance (ESRPS = 5.663) and Regulatory Quality (RQE = 2.339) and shows the
significance of improved protection of rights and better regulation as drivers to advanced
logistic performance—akin to patterns seen in general policy and general supply chain
clustering research [96], (Figure 8).
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Figure 8. Distribution and Cluster-Wise Means of Governance and Logistics Performance Indicators
(LPI) Across Ten Groups.

While Cluster 3 has the best RQE (3.251), it has a marginally high increase in LPI
(only 0.657), which validates the fact that the quality of regulation by itself, without
concomitant increases in other dimensions of governance, does not holistically optimize
logistic performance [119]. Cluster 6 has the maximum divergence in Scientific and
Technical Journal Articles (STJA = 15.237), but its LPI mean is near zero (almost), and it
shows that scientific production as desirable may have to be accompanied by better
governance to contribute meaningfully to logistic system improvements. Clusters 1, 9, and
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10 are characterized by low means in LPI (-0.480, —1.892, and —0.185) and by overall poor
governance indicators. In particular, Cluster 9 has the pessimistic profile with strongly
negative values on all the variables GEE, RQE, ESRPS, VAE, and RLE and demonstrates
the synergies of low governance to logistic low efficiency [119]. Interestingly, Cluster 7

positions itself strongly positive on RLE (RLE = 4.396) but has a negative LPI mean
(-0.178), and it shows that legal structures by themselves are insufficient to propel logistic
performance because other dimensions of governance are missing. Finally, Cluster 8 is a

compa

ratively balanced configuration with a relatively high LPI (0.543) and mean scores

on all dimensions of governance and has a more integrated model of governance [96]. All

of these combined outcomes verify the multifaceted character of logistic performance as a

phenomenon in which discrete governance elements make a non-uniform contribution

and require synergistic enhancement to make noticeable improvements [118], (Figure 9).
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Figure

9. Pairwise Relationships Among Governance and Logistics Indicators by Cluster.

7. Policy Implications

The results of this research have vast implications for policymakers seeking to

coordi

nate improvements in Logistics Performance with overall Environmental, Social,

and Governance factors. The outcomes of this research reveal strong correlations between
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improvements in the Logistics Performance Index (LPI) and key factors in the
Environmental, Social, and Governance domain, thereby validating current idioms
regarding the essential role of logistics infrastructure in Sustainable Development Policies
[120]. From a governance perspective, the strong correlations between LPI and other
factors such as Government Effectiveness (GEE) and Regression Estimate of Regulation
Quality (RQE) highlight the need for more open and effective governance in logistics
[121]. From a social perspective, the study shows that effective logistics networks support
overall achievement of social rights, as evidenced by Economic and Social Rights
Performance Scores (ESRPS). This indicates that effective logistics networks contribute
positively to the access of necessary products and services in society, underscoring the
strategic need to align logistics network investment with clear social aims. An
environmental perspective analysis indicates that effective improvements in the sector
should be aligned with robust environmental regulatory frameworks and incentives that
neutralize the negative environmental impacts of supply chains [120]. The clustering
analysis also illustrates the diversified patterns of country-level ESG and logistics
achievements, thus emphasizing the need for differentiated approaches [96]. Countries
with weaker LPI and poor ESG outcomes should focus on institutional and infrastructural
improvements, whereas more successful countries should focus on further improving
environmental and social sustainability dimensions [5]. The significance of scientific
achievement (STJA) in improving logistics achievement also draws attention in this study,
suggesting that innovation and research strategies should align with or follow overall
logistics improvements [4]. Finally, political stability and overall values (PSAOV) become
essential factors in ensuring effective logistics systems, underscoring the need for
intersectoral governance and policymaking.

Theoretical implications. Several theoretical implications of this analysis emerge as a
consequence of its results. Among them, the most central implication lies within the
assumption of ‘two-sided logistics’ that not only captures its enabling dimensions but is
also sensitive to any negative externality that might emerge as a consequence of
deregulation [122]. From a theoretical perspective, this report clearly shows that, through
the use of appropriate causal analysis, logistics, as well as sustainability, move beyond
traditional linear or unidirectional notions. Rather, they assume multiple-layered,
structurally defined trade-off forms that transform and evolve in specifically dynamic
ways [123]. The application of instrumental variables with machine learning tools in
logistics and sustainability pushes beyond conventional descriptive or correlation-based
literature, opening theoretically innovative dimensions in defining logistics and
sustainability as theoretically robust. Logistics, on the one hand, can be regarded as
enabling infrastructure for achieving logistics sustainability, whereas, on the other hand,
negative externalities may emerge with unregulated logistics [10]. Empirical
confirmations of the Logistics Performance Index (LPI) as well as its improvements that
contribute, along with their effects, towards achieving logistics sustainability exist.
Improvements in LPI will enhance social sustainability, such as better education or the
absence of child labor in some industries and countries. However, LPI, along with
logistics, may cause negative social imbalances or inequalities that may call for structural
and meaningful corrective measures [43]. Moreover, environmental sustainability may
emerge due to the promotion of clean technologies along with more effective resource
management. However, negative environmental imbalances, such as pollution, may
emerge from such LPI, along with their effects that may call for structural and meaningful
remedies [123]. Thus, theories recognize the application of “two-sided logistics
sustainability” that relies heavily on, as well as being dependent on, some extremely
specific assumptions: that logistics may enhance social sustainability in multiple aspects
(improving educations or eliminating child labor in some industries) or may generate
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social inequities requiring attention, along with contributing towards environmental
sustainability in some ways, however, with the possibility of environmental pollutions
[10,122]. Further, this analysis refutes the existing theoretical consideration that takes a
marginal stance concerning the role of environmental and demographic variables in the
field of logistics. However, the causal dynamics of air pollutants, GHG, heat stress, and
logistics efficiency identify the importance of theoretically formulating logistics systems
as units that respond to environmental dynamics [124]. This goes beyond the existing
theoretical focus that considers infrastructure, cost, and trading volume. An extra
theoretical implication relates to the formulation of ESG variables. By employing a
disaggregated framework, there would be the possibility of proving that the interaction
of the three variables of ESG with logistics system dynamics differs in ways that would
not be recognized via the aggregate metric [43,124]. Finally, in light of the above, the
interaction of machine learning with econometric insights within the methodology is a
material theoretical component, clearly showing that large-scale sustainability dynamics
are, in fact, nonlinear, such that country-level profiles must be factored in for their
effective probing. In other words, this theoretical exercise again vindicates the need for
hybrid studies in the theory of supply chain dynamics and sustainability [122,123].
Moving ahead, a practical policy implication would be that carbon pricing policies must
be adopted with a focus on keeping corporations on their toes in terms of carbon
emissions, along with providing incentives for more investments in green technology. At
the same time, green freight routes may significantly enhance the efficiency of logistics
along with its positive effects on the environment [10].

Practical implications. A number of the results have implications that are important
for policymakers, decision-making bodies in international forums, investment circles, and
managers responsible for logistics. Recent studies suggest that improvements in logistics
do not always yield positive outcomes for environmental, social, and governance (ESG)
factors, requiring policy measures to reconcile efficiency with sustainability [125].
However, it seems entirely valid that improvements in logistics will increasingly
necessitate more focused strategies, as greater efficiency may increase costs in terms of
sustainability. With regard to environmental aspects, stronger links in the logistics system
exhibit a strong positive correlation with NOx emissions, whereas air pollutants,
specifically particulate matter (PM2.5), negatively affect efficiency. These findings align
with existing empirical insights that link logistics practices with material environmental
spillovers, such as higher NOx levels, when effective sustainability-mitigating strategies
are not considered [19,126]. This further explains that any project linked to logistics
practices must effectively address comprehensive environmental protection, including
decarbonization, environmentally friendly transportation, ecologically safe warehouses,
and climate-proof infrastructure, as mentioned by [19]. Socially, the topic highlights the
importance of incorporating human development considerations into logistics planning.
Specifically, the positive causal link between Child Labor (CET) and the Logistics
Performance Index (LPI) across different societies highlights that some logistics
improvements may have stemmed from problematic social behaviors. These results
confirm that logistics improvement must operate within the parameters of responsibility,
so that the development of the value chain occurs in a fair, humane manner [126]. Also,
the negative impacts of demographics, such as aging societies or increasing school
enrollment, on logistics efficiency indicate that the adoption of effective active labor
policies, as well as the promotion of automated technology, would be necessary as a buffer
against changes in the unavailability of the workforce [127]. Thus, social logistics and
sustainable logistics practices must be seen as structural aspects that ensure the supply
chain’s resilience, rather than mere afterthoughts. With regard to governance, nations
with better quality governance, defined as better regulation, rule of law, accountability, as
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well as scientific capabilities, show better logistics capabilities [125]. This explicitly
indicates that betterment in the Logistics Performance Index requires improvements in
governance quality [19]. Machine learning analyses provide additional helpful tools for
decision-makers. Prediction algorithms such as Random Forests or K-Nearest Neighbors
(KNN) may help governments and companies predict logistics efficiency. In addition,
cluster analysis helps identify different national profiles. This will allow global
organizations and development finance institutions to develop strategies grounded in
concrete environmental or structural issues [126]. In conclusion, the implications of the
mentioned dimensions are that Sustainable Logistics requires that the processes of
infrastructure development, environmental issues, social aspects, and the quality of
institutions must move forward together. Thus, logistics transformation must be
incorporated into broader sustainable development paradigms so that efficiency for both
the economy and the environment can be achieved [125,127].

8. Discussion

In this regard, the analysis illustrates the complex but intricate link between logistics
performance and the trilogy of E(S)G issues with sufficient evidence that shows that
improvements in the Logistics Performance Index (LPI) positively correlate with
environmental, social, as well as governance issues, although with different degrees of
intensity [4,124]. Regardless of the models, be it economics, Al, or cluster models, the fact
remains that logistics efficiency is both driven as well as a driver of sustainability, with
the LPI being the mediator that facilitates the link between environmental sustainability,
social issues, and good governance [43]. Environmentally, the findings indicate a strong
trade-off among economic development, resource use, and environmental conditions.
There is a positive correlation between higher LPI rankings and greater GHG emissions,
such as nitrogen oxides, indicating that as economic development occurs, associated
carbon-intensive practices often increase. This observation aligns with the traditional
diseconomies observed in early-stage industrialization, where increased transport
infrastructure, warehousing, and freight activity lead to higher associated GHG emissions
[15]. At the same time, environmental degradation, particularly air pollutants such as PM2.5,
significantly costs the logistics system. Air pollutants contribute to poor logistics performance,
leading to reduced productivity and logistical infrastructure disruptions [43].

It is further found that there is a positive correlation between extreme heat exposure
and LPI, which is explained by the efforts of hot-region countries that invested
significantly in resilient logistics structures to overcome inefficiencies caused by weather
conditions [124]. Land use factors further interact with this aspect, such that a higher
percentage of agricultural land is associated with poorly developed logistics
infrastructure, but higher value addition in agriculture is associated with better logistics
efficiency. This difference indicates that subsistence agriculture does not enhance logistics
efficiency, but a more commercialized agricultural sector promotes investment in the Cold
Chain, exports, and transport [4]. References confirm the importance of environmental
variables, pinpointing agricultural land, nitrous oxide, PM2.5 air quality, and heat stress
as the top determinants of LPI [43]. Taken together, this literature collectively suggests
that, contrary to the topic’s periphery, environmental issues play a fundamental, defining
role within the efficiency of logistics, finding that any improvement within this realm will
necessarily require addressing issues of environmental degradation as well as those of
climate change [15]. Socially, the implication of this finding is that there is a complex
interaction of positive and negative effects, pointing towards a convergence of logistics
performance with human development. Higher LPI scores indicate improved education,
as evident through higher education enrollment and fewer children in the workforce, as
the workforce, processes, and technology required in logistics systems depend on human
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knowledge, competencies, and technology-enabled human resource capabilities, thus
their development in societies with positive education dynamics [4]. However, income
inequality appears to be a robust negative factor for logistics performance, suggesting that
societies with income inequality will suffer from inefficient human resource allocation,
unconsolidated service value, and inadequate infrastructure accessibility. Simultaneously,
other dimensions, such as an aging population and imbalanced access to basic services,
appear as weak negative determinants of logistics efficiency. Such results indicate that,
despite human development, logistics development may increase inequalities in societies,
which may further strain them if proper social policies do not channel appropriate
attention [15]. The results confirm that logistics performance extends beyond techno-
infrastructural aspects, encompassing social cohesion, human capital development, and
equal opportunities for economic participation [124]. In terms of governance, the results
are more definitive, being strongly positive. There is a positive correlation between higher
governance, as indicated by more effective governments, the rule of law, the quality of
regulation, scientific productivity, and logistics performance. This occurs because the
enabling effects of governance shape proper regulations, customs policies, the
enforceability of contracts, and stable environments that attract investment in logistics
infrastructure [43]. Voice and accountability, combined with active scientific production,
further enhance the enabling effects of innovation-modified logistics systems [124].
Similarly, machine learning models identify governance variables as robust predictors of
LPI, with cluster analyses affirming that nations with strong governance, as identified via
systematic clustering, position closely with strong logistics practices [4]. These indicate
that governance as a consideration is essential, as it promotes efforts toward logistics
modernization, allowing better alignment between the scale of logistics development and
ESG principles [15]. In any case, the conclusions of this research indicate that logistics
performance is firmly positioned at the center of the dynamics of ESG. Environmental
considerations call for proper management via greener innovation as well as more
climate-resilient infrastructure, with the social factor pinpointing that logistics systems
always remain strong within more equitable, more educated societies, contrary to effects
that generate reduced efficiency within more inequitable, poorly developed societies, with
governance proving as a cornerstone much more closely associated with improved
logistics performance [43,124]. See Table 21.

Table 21. Summary of ESG Components and Their Principal Relationships with Logistics

Performance.
ESG . . . ‘pe N .
Main Relationships Identified Direction of Effects  [Interpretation
Component
Nitrous oxide emissions rise alongside
improvements in logistics performance; Logistics modernization is linked
PM2.5 air pollution reduces logistics to higher emissions, showin
. P & Mixed effects: both & . &
. efficiency; exposure to extreme heat L ) development-pollution trade-offs;
Environmental .. . positive and negative . .
correlates positively with LPI; larger . environmental degradation harms
(E) ) . ) .., |[depending on the o ] o
agricultural land share is associated with indicator logistics, while commercialized
weaker logistics systems; greater ' agriculture and climate-adapted
agricultural value added improves systems support efficiency.
logistics performance.
Higher education levels and increased  |Generally positive for . - .
. . Social conditions shape logistics
school enrollment correspond with education-related s .
. - . . |capabilities through human capital
Social (S) stronger logistics performance; variables and negative . .
.o . . . quality, workforce stability, and
reductions in child labor correlate with [for inequality or .
. . . . . . . access to services, but unequal or
higher LPI; income inequality negatively [demographic strain.




Sustainability 2025, 17, 11370 44 of 65
influences logistics performance; aging aging societies face structural
populations and gaps in basic services barriers to logistics efficiency.

exert moderate negative effects.

Governance (G)

Government effectiveness, rule of law,
regulatory quality, and scientific
research productivity all show strong
positive correlations with logistics
performance; better governance systems
support modern customs procedures
and transparent institutional
environments.

Governance quality is a
foundational enabler of logistics
performance, reinforcing

Strongly positive. institutional stability, innovation,
and efficient regulatory
environments that support logistics
modernization.

9. Conclusions

This research undertakes a systemic examination of the multifaceted relationship
between ESG outcomes and logistics performance and makes a valuable addition to the
available research by combining econometric panel data methods with machine learning
algorithms. Contrary to prior research and its tendency to typically discuss logistics and
sustainability as two distinct areas or to limit itself to aggregate indices, this research
breakingly examines the ESG dimensions separately and analyzes how infrastructures of
logistics are interwoven with and influence each pillar in a large sample of countries
during a long period. Empirical estimates derived from instrumental variable (IV)
regressions demonstrate systematically how a higher Logistics Performance Index (LPI)
is related to multiple aspects of sustainable development. In the environmental pillar area,
better logistics performance exhibits a twofold character: in addition to promoting
resource efficiency and mitigating certain types of pollution, it also correlates with higher
levels of greenhouse gas emissions and thus with environmental dimensions as a
consequence of infrastructure expansion and industry development. In the social pillar
area, better logistics performance correlates with better education, less child labor, and
wider accessibility to basic services but risks causing negative effects related to
inequalities as well. In terms of governance, more robust logistics systems are found to
support better institutional quality and more scientific productivity, more robust rule of
law and more participative governance arrangements. The use of machine learning
models, i.e., of Random Forest and k-Nearest Neighbors algorithms by applying them to
regression and Neighborhood-Based and Density-Based clustering to unsupervised
modeling, supports and confirms the results of the econometric models. These
methodologies confirm both the predictive power of key ESG indicators but also reveal
latent data structures and enhance the multifaceted interconnection between logistic
capabilities and targets of sustainable development. The clustering analysis in particular
identifies the presence of diverging country profiles where certain groups of countries achieve
both better logistics performance and better ESG outcomes at the same time and others are
caught in a vicious circle of low efficiency in logistics and weak sustainability indicators. Most
importantly, the research indicates that while the development of logistics is a necessary
condition to modernize the economy and integrate into the global economy, it does not
necessarily translate into good ESG outcomes. Unless complemented by policies on
environmental protection, social inclusion, and good governance, gains in the performance of
logistics would risk making existing sustainability issues worse. The findings therefore
highlight the imperatives of coordinated policy schemes to align investments in logistics with
ESG priorities to guarantee that investments in improving infrastructures are used to increase
economic efficiency as much as to bring about fair, resilient, and sustainable development. In
conclusion, it underlines the importance of logistics systems as more than technical or
economic enablers but as key drivers of larger sustainability pathways. Future studies will
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need to delve deeper into causal processes by which the interplay between logistics and ESG
results occurs with possibly more detailed data by region or industry and further expanding
the methodology to dynamic machine learning methods and causal inference models.
Policymakers and international organizations need to acknowledge that investment in
sustainable logistic infrastructures is a strategic means towards fulfilling the United Nations
Sustainable Development Goals and enabling a shift towards a more sustainable and
environmentally responsible global economy.
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Abbreviations

LPI Logistic Performance Index

AAGRPCI Annualized average growth rate in per capita real survey mean consumption or
income, total population (%)

ACFTC Access to clean fuels and technologies for cooking (% of population)

AFFVA Agriculture, forestry, and fishing, value added (% of GDP)

AFWT Annual freshwater withdrawals, total (% of internal resources)

ALPA Agricultural land (% of land area)

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

ASNRD Adjusted savings: natural resources depletion (% of GNI)

CDD Cooling Degree Days

CET Children in employment, total (% of children ages 7-14)

CO2E CO2 emissions (metric tons per capita)

CODCDMPN Caus.e .of death, by communicable diseases and maternal, prenatal and nutrition
conditions (% of total)

EILPE Energy intensity level of primary energy (M]/$2017 PPP GDP)

ESRPS Economic and Social Rights Performance Score

EU Energy use (kg of oil equivalent per capita)

FFEC Fossil fuel energy consumption (% of total)

FPI Food production index (2014-2016 = 100)

FRT Fertility rate, total (births per woman)

GDPG GDP growth (annual %)

GEE Government Effectiveness: Estimate

GEET Government expenditure on education, total (% of government expenditure)

GHGLUCF GHG net emissions/removals by LUCF (Mt of CO2 equivalent)
GI Gini index
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HB Hospital beds (per 1000 people)

HDD Heating Degree Days

HI35 Heat Index 35

ISL20 Income share held by lowest 20%

101 Individuals using the Internet (% of population)

LEBT Life expectancy at birth, total (years)

LEPRT Labor force participation rate, total (% of population ages 15-64) (modeled ILO
estimate)

LRAT Literacy rate, adult total (% of people ages 15 and above)

LST Land Surface Temperature

LWS Level of water stress: freshwater withdrawal as a proportion of available
freshwater resources

MRU5 Mortality rate, under-5 (per 1000 live births)

MST Mammal species, threatened

NM Net migration

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

PD Population density (people per sq. km of land area)

PHRNPL Poverty headcount ratio at national poverty lines (% of population)

PM2.5AE PM2.5 air pollution, mean annual exposure (ug/m?)

POA Prevalence of overweight (% of adults)

PSAOV Political Stability and Absence of Violence/Terrorism: Estimate

PSHWNP Proportion of seats held by women in national parliaments (%)

PSMS People using safely managed sanitation services (% of population)

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

REC Renewable energy consumption (% of total final energy consumption)

RFMLFPR Ratio of female to male labor force participation rate (%) (modeled ILO estimate)
RLE Rule of Law: Estimate

RQE Regulatory Quality: Estimate

SEP School enrollment, primary (% gross)

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

SPEI Standardized Precipitation-Evapotranspiration Index

STJA Scientific and technical journal articles

TMPA Terrestrial and marine protected areas (% of total territorial area)
VAE Voice and Accountability: Estimate

Appendix A. Hyper Parameters of Regression Algorithms

Table Al. Support Vector Machine Hyperparameters.

Category Option Setting

Data Split Preferences Holdout Test Data-Sample 20% of all data
Training and Validation Data-Sample 20% for validation data
Weights Linear
Degree (for polynomial kernel) 3
Gamma parameter 1

. r parameter 0

Training Parameters Tolerance of termination criterion 0.001
Epsilon 0.01
Scale features Enabled
Set seed 1

Costs of Constraints Violation Costs s'ettm'g > Optimized
Max. violation cost 5
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Table A2. Regularized Linear Regression Hyperparameters.
Data Solit Preferences Holdout Test Data-Sample 20% of all data
P Training and Validation Data-Sample 20% for validation data
Penalty Lasso
Trainine P tors Include intercept Enabled
raining Parameter:
aining Laramete Scale features Enabled
Set seed 1
Selection Optimized
Lambda (A) Settings Fixed value (if selected) 1 (not selected)
Largest A within 1 SE of min Disabled
Table A3. Random Forest Regression Hyper parameters.
Solit Pref Holdout Test Data-Sample 20% of all data
it Preferences
p Training and Validation Data-Sample 20% for validation data
Training data used per tree 50%
. Features per split Auto
T P
raining Farameters Scale features Enabled
Set seed 1
Tree selection Optimized
Number of T
Hber of Trees Maximum number of trees 100
Table A4. Linear Regression Hyperparameters.
Category Option Setting
Holdout Test Data-Sample 20% of all data
Data Split Preferences IAdd generated indicator to data Disabled
Test set indicator None (not selected)
Include intercept Enabled
Training Parameters Scale features Enabled
Set seed 1
Table A5. K-Nearest Neighbors Regression Hyperparameters.
Category Option Setting
Holdout Test Data-Sample 20% of all data
Data Split Preferences IAdd generated indicator to data Disabled
Test set indicator None (not selected)
Validation Sample 20% for validation data
Training and Validation Data K-fold Disabled
Leave-one-out Disabled
Weights Rectangular
Trainine D ‘ Distance Euclidean
raining rarameters Scale features Enabled
Set seed 1
Selection Method Optimized
Number of Nearest Neighbors Max. nearest neighbors 10
Fixed nearest neighbors Disabled
Table A6. Decision Tree Regression-Hyperparameters.
Category Option Setting
Holdout Test Data-Sample 20% of all data
Data Split Preferences IAdd generated indicator to data Disabled
Test set indicator None (not selected)
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Validation Sample 20% for validation data
Training and Validation Data K-fold Disabled
Leave-one-out Disabled
Min. observations for split 20
Min. observations in terminal node 7
Training Parameters Max. interaction depth 30
Scale features Enabled
Set seed 1
Penalty Type Optimized
Tree Complexity Max. complexity penalty 1
Fixed complexity penalty Disabled (value: 0.01 grayed out)

Table A7. Boosting Regression Hyperparameters.

Category Option Setting
Holdout Test Data-Sample 20% of all data
Data Split Preferences IAdd generated indicator to data Disabled

Test set indicator

None (not selected)

Training and Validation Data Validation Sample 20% for validation data
K-fold cross-validation Disabled
Shrinkage 0.1
Interaction depth 1
Minimum observations in node 10
Training Parameters Training data used per tree 50%
Loss function Gaussian
Scale features Enabled
Set seed 1
Tree selection Optimized
Number of Trees Maximum number of trees 100

[Fixed number of trees

Disabled (value: 100 grayed out)

Appendix B. Hyper Parameters of Clustering Algorithms

Table A8. Density-Based Clustering hyper parameters.

Parameter

Value

Description

Epsilon neighborhood size 2

Maximum distance to include points in a point’s neighborhood (&)

Min. core points 5

Minimum number of points required to form a core point

Distance

Normal

Type of distance used (likely Euclidean)

Scale features Enabled  [Features are scaled (normalized or standardized)
Set seed Disabled  |[No seed set for result reproducibility
Table A9. Fuzzy C-Means Clustering hyper parameters.

Category Parameter Value Description

Max. iterations 25 Maximum number of iterations allowed during optimization
Algorithmic Fuzziness parameter 2 Degree of fuzziness in fuzzy clustering (e.g., Fuzzy C-Means)
Settings Scale features Enabled Features are scaled (standardized or normalized)

Set seed Disabled INo random seed set for reproducibility

Determination method Optimized Number of clusters determined by Bayesian Information
Cluster according to BIC |Criterion (BIC)
Determination  [Max. clusters 10 Maximum number of clusters to consider in optimization

Clusters (Fixed) 3 (disabled) Fixed cluster number is not used
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Table A10. Hierarchical Clustering hyper parameters.

Parameter Value Description
Epsilon neighborhood size 2 Maximum distance to include points in a point’s neighborhood (&)
Min. core points 5 Minimum number of points required to form a core point
Distance Normal Type of distance used (likely Euclidean)
Scale features Enabled  |Features are scaled (normalized or standardized)
Set seed Disabled  [No seed set for result reproducibility
Table A11. Model-based Clustering hyper parameters.
Parameter Value Description
Center type Means Type of cluster center used (centroids)
Algorithm Hartigan-Wong Algorithm variant used for clustering (K-Means method)
Distance Euclidean Distance metric used for clustering

Max. iterations [25

Maximum number of iterations allowed

Random sets |25

Number of random initializations for better clustering

Scale features |[Enabled Features are scaled (standardized or normalized)
Set seed Disabled INo random seed set for reproducibility
lust
Clus er- ) Optimized (BIC) Number of clusters determined using Bayesian Information Criterion (BIC)
determination

Max. clusters |10

Maximum number of clusters to evaluate

Fixed clusters

Disabled (3 shown)

Fixed number of clusters not selected

Table A12. Neighborhood-Based.

Parameter Value Description

Model Auto /Automatically selects the best clustering model

Max. iterations 25 Maximum number of iterations for model fitting

Scale features Enabled Features are scaled (standardized or normalized)

Set seed Disabled INo seed set for reproducibility

Cluster determination = Optimized (BIC) INumber of clusters selected based on Bayesian Information Criterion (BIC)
Max. clusters 10 Maximum number of clusters to evaluate

Fixed clusters Disabled (3 shown) [Fixed number of clusters not used

Table A13. Random Forest Clustering hyper parameters.

Parameter Value Description

Model Auto IAutomatically selects the best clustering model

Max. iterations 25 Maximum number of iterations for model fitting

Scale features Enabled [Features are scaled (standardized or normalized)

Set seed Disabled No seed set for reproducibility

Cluster determination  Optimized (BIC) Number of clusters selected based on Bayesian Information Criterion (BIC)
Max. clusters 10 Maximum number of clusters to evaluate

Fixed clusters Disabled (3 shown) [Fixed number of clusters not used

Appendix C. E-Environmental Summary Statistics

Table A14. Descriptive statistics of environmental (E) variables used in the analysis.

LPI NOE PM25AE  |HI35 ALPA AFFVA
Valid 2771 2771 2771 2771 2771 2771
Missing 0 0 0 0 0 0
Mode 100.000 —21.265 5.179 67.170 100.000 83.890
Median 2.760 —21.265 4.830 67.170 72.900 83.890
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Mean 10.854 —21.265 5.177 67.169 65.608 83.909
Std. Error of Mean 0.497 1.688 0.054 0.330 0.686 0.154
95% CI Mean Upper 11.828 ~17.955 5.283 67.817 66.954 84.211
95% CI Mean Lower 9.880 —24.576 5.071 66.521 64.262 83.607
Std. Deviation 26.155 88.873 2.852 17.387 36.134 8.104
95% CI Std. Dev. Upper 26.862 91.277 2.929 17.857 37.111 8.324
95% CI Std. Dev. Lower 25.484 86.593 2.779 16.941 35.207 7.897
Coefficient of variation 2.410 ~4.179 0.551 0.259 0.551 0.097
MAD 0.380 0.000 1.250 0.000 27.100 0.000
IMAD robust 0.563 0.000 1.853 0.000 40.178 0.000
IQR 0.940 26.786 2.210 0.000 64.900 0.000
Variance 684.069 7.898 8.133 302.294 1.305 65.683
95% CI Variance Upper 721.575 8.331 8.579 318.868 1.377 69.284
95% CI Variance Lower 649.425 7.498 7.721 286.985 1.239 62.356
Skewness 2.986 —4.217 2.322 —1.261 —0.650 —3.304
Std. Error of Skewness 0.047 0.047 0.047 0.047 0.047 0.047
Kurtosis 6.984 26.820 7.759 3.475 —1.067 18.588
Std. Error of Kurtosis 0.093 0.093 0.093 0.093 0.093 0.093
Shapiro-Wilk 0.336 0.551 0.796 0.754 0.826 0.483
-value of Shapiro-Wilk  0.001 <0.001 <0.001 <0.001 <0.001 <0.001
Range 99.810 1.044.803 23.950 100.000 99.800 77.688
Minimum 0.190 —944.893 1.110 0.000 0.200 22.312
Maximum 100.000 99.910 25.060 100.000 100.000 100.000
25th percentile 2.460 —21.265 3.380 67.170 35.100 83.890
50th percentile 2.760 —21.265 4.830 67.170 72.900 83.890
75th percentile 3.400 5.521 5.590 67.170 100.000 83.890
25th percentile 2.460 —21.265 3.380 67.170 35.100 83.890
50th percentile 2.760 —21.265 4.830 67.170 72.900 83.890
75th percentile 3.400 5.521 5.590 67.170 100.000 83.890
Sum 30.076 —58.926 14.345 186.125 181.800 232.511
Table A15. Covariances of environmental variables.
NOE PM25AE HI35 ALPA AFFVA LPI
NOE 7.898 -26.637 -119.086 5.641 -36.715 —23.566
PM2.5AE -26.637 8.133 -7.922 -22.657 -2.142 -3.410
HI35 -119.086 -7.922 302.294 245.815 17.297 86.509
ALPA 5.641 -22.657 245.815 1.305 88.102 209.274
AFFVA -36.715 -2.142 17.297 88.102 65.683 11.491
LPI -23.566 -3.410 86.509 209.274 11.491 684.069
Table Al6. Correlations of environmental variables.
NOE PM2.5AE HI35 ALPA AFFVA LPI
NOE 1.000 —0.105 —0.077 0.002 —0.051 —0.010
PM2.5AE —0.105 1.000 —0.160 —0.220 —0.093 —0.046
HI35 —0.077 —0.160 1.000 0.391 0.123 0.190
ALPA 0.002 —0.220 0.391 1.000 0.301 0.221
IAFFVA —0.051 —0.093 0.123 0.301 1.000 0.054
ILPI —0.010 —0.046 0.190 0.221 0.054 1.000
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Figure Al. Pairwise relationships and distributional patterns among environmental (E)
variables and the Logistics Performance Index (LPI).
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Figure A2. Quantile-quantile (Q-Q) plots assessing the distributional properties of
environmental (E) variables and the Logistics Performance Index (LPI). The red line
represents the theoretical normal distribution reference line. Deviations of the empirical
quantiles from this line indicate departures from normality in the environmental (E)
variables and the Logistics Performance Index (LPI).
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Figure A3. Boxplots illustrating the distribution of environmental (E) variables and the
Logistics Performance Index (LPI).
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Figure A4. Distribution plots with kernel density estimates illustrating the distributions of
environmental (E) variables and the Logistics Performance Index (LPI).
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Figure A5. Interval plots showing the mean values and confidence intervals of
environmental (E) variables and the Logistics Performance Index (LPI).
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Figure A6. Dot plots illustrating the distribution of environmental (E) variables and the Logistics
Performance Index (LPI).
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Appendix D. S-Social Summary Statistics.
Table A17. Descriptive Statistics.
LPI PSMWS [PSMS PA65A SEP CET POA ISL20

Valid 2771 2771 2771 2771 2771 2771 2771 2771
Missing 0 0 0 0 0 0 0 0
Mode 100.000 2.500 70.660 7.346 -0.176 | -0.115 21.092 -0.046
Median 2.760 8.700 75.890 5.759 -0.175 | -0.256 20.800 -0.089
Mean 10.854 10.523 70.649 7.346 -0.176 | -0.115 21.081 -0.046
Std. Error of Mean 0.497 0.188 0.368 0.102 0.018 0.019 0.218 0.019
95% CI Mean Upper 11.828 10.892 71.370 7.547 -0.141 | -0.079 21.508 -0.010
95% CI Mean Lower 9.880 10.154 69.928 7.146 -0.212 | -0.152 20.654 -0.083
Std. Deviation 26.155 9.899 19.355 5.380 0.950 0.983 11.467 0.978
95% CI Std. Dev. Upper 26.862 10.167 19.879 5.526 0.976 1.009 11.777 1.005
95% CI Std. Dev. Lower 25.484 9.645 18.859 5.242 0.925 0.958 11.173 0.953
Coefficient of variation 2.410 0.941 0.274 0.732 -5.389 | -8.514 0.544 -21.161
MAD 0.380 5.700 10.464 2.491 0.635 0.644 7.526 0.686
IMAD robust 0.563 8.451 15.514 3.693 0.941 0.955 11.158 1.017
IOR 0.940 9.400 23.747 5.737 1.279 1.352 14.860 1.381
\Variance 684.069 97.998 374.634 28.946 0.902 0.966 131.488 0.957
95% CI Variance Upper 721.575 103.371 395.175 30.533 0.952 1.019 138.698 1.010
95% CI Variance Lower 649.425 93.035 355.661 27.480 0.857 0.917 124.829 0.909
Skewness 2.986 2.056 -1.021 1.417 -0.582 0.424 0.612 0.153
Std. Error of Skewness 0.047 0.047 0.047 0.047 0.047 0.047 0.047 0.047
Kurtosis 6.984 5.374 0.578 1.875 0.053 -0.490 0.238 -0.539
Std. Error of Kurtosis 0.093 0.093 0.093 0.093 0.093 0.093 0.093 0.093
Shapiro-Wilk 0.336 0.768 0.919 0.873 0.970 0.966 0.971 0.985

-value of Shapiro-Wilk <0.001 <0.001 <0.001 <0.001 <0.001 | <0.001 <0.001 <0.001
Range 99.810 68.400 99.177 28.880 4.933 4.716 63.750 4.800
Minimum 0.190 2.500 7.345 0.100 -3.313 | -2.591 0.000 -2.548
Maximum 100.000 70.900 106.522 28.980 1.620 2.125 63.750 2.252
25th percentile 2.460 2.500 60.459 3.688 -0.714 | -0.823 12.531 -0.741
50th percentile 2.760 8.700 75.890 5.759 -0.175 | -0.256 20.800 -0.089
75th percentile 3.400 11.900 84.206 9.425 0.566 0.529 27.391 0.640
25th percentile 2.460 2.500 60.459 3.688 -0.714 | -0.823 12.531 -0.741
50th percentile 2.760 8.700 75.890 5.759 -0.175 | -0.256 20.800 -0.089
75th percentile 3.400 11.900 84.206 9.425 0.566 0.529 27.391 0.640
Sum 30.076 29.159 195.768 20.356 |-488.409 |-319.845| 58416 |-128.115
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Figure A7. Histograms with kernel density estimates illustrating the distributions of
social (S) indicators and the Logistics Performance Index (LPI).
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Figure A10. Quantile—quantile (Q-Q) plots assessing the distributional properties of social

(S) indicators and the Logistics Performance Index (LPI).
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Table A18. Covariance matrix of social (S) indicators and the Logistics Performance Index

(LPI).
LPI PSMWS PSMS  |PA65A |SEP CET POA ISL.20

LPT 684.069 | -39.318 | —71.754 | 8.334 | -0.339 | 1.931 | -28.347 | 2.105
PSMWS | -39.318 | 97.998 0.399 4457 | -3.922 | -4.956 | -18.778 | —4.947
PSMS -71.754 | 0.399 | 374.634 | -24.405 | 7.209 4.557 | 49.932 4.168
PA65A 8.334 4.457 | —24.405 | 28.946 | -0.350 | —0.248 0.497 -0.241
SEP -0.339 | -3.922 7.209 -0.350 | 0.902 0.725 2.395 0.652
CET 1.931 -4.956 4.557 -0.248 | 0.725 0.966 2.941 0.899
POA —28.347 | -18.778 | 49.932 0.497 2.395 2941 | 131.488 | 2.807
ISL.20 2.105 -4.947 4.168 -0.241 0.652 0.899 2.807 0.957
Table A19. Correlation matrix of social (S) indicators and the Logistics Performance Index (LPI).

LPI |PSMWS| PSMS | PA65A SEP CET POA ISL20
ILPI 1.000 -0.152 | -0.142 0.059 -0.014 0.075 —-0.095 0.082
PSMWS | —0.152 1.000 0.002 0.084 -0.417 | -0.509 | -0.165 | —0.511
PSMS -0.142 0.002 1.000 -0.234 0.392 0.240 0.225 0.220
PA65A 0.059 0.084 | —0.234 1.000 -0.069 | -0.047 | 0.008 -0.046
SEP -0.014 | -0.417 | 0.392 -0.069 1.000 0.776 0.220 0.702
CET 0.075 -0.509 0.240 -0.047 0.776 1.000 0.261 0.935
POA -0.095 | -0.165 0.225 0.008 0.220 0.261 1.000 0.250
ISL.20 0.082 -0.511 0.220 -0.046 0.702 0.935 0.250 1.000

Appendix E. G-Governance Summary Statistics

Table A20. Descriptive statistics of governance (G) indicators and the Logistics Performance Index

(LPI).

LPI GEE RQE ESRPS VAE [STJA PSAOV  RLE
Valid 771 771 0771 771 0771 771 771 771
Missing 0 0 0 0 0 0 0 0
Mode 100.000  45.761 16.506.  [67.641 ~0.137  [25.367 912.876 0.543
Median 2.760 45.761 8.307 67.641 -0.137  [26.437 912.876 0.422
Mean 10.854 45.766 16.506 67.641 -0.137  5.367 918.963 0.543
Std. Error of Mean 0.497 0.562 1.410 0.469 0.018  [0.171 3.626 0.011
95% CI Mean Upper  [11.828 46.868 19.273 68.562 -0.101  5.702 8.030 0.564
95% CI Mean Lower  9.880 44,665 13.739 66.721 -0.174  [25.032 -6.192. 0.521
Std. Deviation 26.155 29.572 74.273 24.706 0.970  18.989 190.909 0.578
95% CI Std. Dev. Upper[26.862 30.372 76.282 25.374 0.997  9.232 196.073 0.594
95% CI Std. Dev. Lower[25.484 28.814 72.368 24,072 0.945  |8.758 186.012 0.563
Coefficient of variation [2.410 0.646 4.500 0.365 -7.064 (0354 207.745 1.065
MAD 0.380 26.861 8.199 15.044 0.756 5.062 13.807 0.139
MAD robust 0.563 39.825 12.156 22.305 1121  [7.504 20.471 0.207
IQR 0.940 53.576 16.340 27.922 1.505  [11.438 26.629.000 (0.289
Variance 684.069 874.520 5.517 x 10+ 610.394 0.942 80.803 3.645 x 1010 |0.334
95% CI Variance Upper [721.575 922.468 5.819 x 10+ |643.861 0.993 85.233 3.844 = 10+10 {0.353
95% CI Variance Lower 649.425  [830.231 5.237 x 10* [579.481 0.894  [76.711 3.460 x 10+10 0.318
Skewness 2.986 0.077 13.755 -0.715 -0.015  [-0.688 -2.333 3.636
Std. Error of Skewness (0.047 0.047 0.047 0.047 0.047  10.047 0.047 0.047
Kurtosis 6.984 -1.196 221.461  0.002 -0.881 [0.577 45.528 16.473
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Std. Error of Kurtosis  0.093 0.093 0.093 0.093 0.093  [0.093 0.093 0.093
Shapiro-Wilk 0.336 0.944 0.141 0.894 0977  0.957 0.478 0.609
%’f‘klue of Shapiro= | h 01 ko.oo1 <0.001  K0.001 <0.001 [0.001  K0.001 <0.001
Range 09.810  199.783 1.427 x 1076 94.525 4034 49571  PB.740x10% [4.964
Minimum 0.190 0.217 1.000 5.475 12259 5258 2290 x 10 0.018
Maximum 100.000  [100.000  [1.427 x 10 [100.000  [1.775 44313  [1.449 x 10 [4.982
D5th percentile b.460 18.005 166.000  |61.593 10909 [19500  |17.033  [0.254
50th percentile b.760 45 761 8307 67.641 10137 6437 12876  [0.422
75th percentile 3.400 71.581 16506 [89.516 059 [B0.938  19.59% 0.543
D5th percentile b.460 18.005 166.000  |61.593 10909 [19500  |17.033  [0.254
50th percentile 2760 45761 8.307 67.641 10137 6437 12876  [0.422
75th percentile 3.400 71.581 16506  [89.516 0596 0938  9.59 0.543
Sum 30.076  [126.817  [4574x107[187.434  [-380.677 70291  P.546 x 10* [1.504
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Figure A15. Scatter plots illustrating pairwise relationships among governance (G) indicators and

the Logistics Performance Index (LPI).
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Figure A17. Correlation plot illustrating pairwise relationships among governance (G) indicators
and the Logistics Performance Index (LPI). Grey dots represent individual observations, grey
shaded areas indicate the marginal distributions of each variable, and the solid black line denotes
the fitted linear trend highlighting the direction and strength of the pairwise relationships among
governance (G) indicators and the Logistics Performance Index (LPI).
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