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Abstract

This study aims to bridge the gap between the high predictive accuracy of machine learning models and
the transparency requirements of public policies for sustainable mobility by analyzing technological
adoption within the national vehicle fleet of Ecuador. To this end, a methodological framework
grounded in Design Science Research (DSR) and CRISP-DM was applied to a real administrative
dataset of 482,754 vehicle registration records from the Ecuadorian Internal Revenue Service (SRI, 2025),
comparing the performance and interpretability of two state-of-the-art gradient boosting algorithms,
XGBoost and LightGBM, for multiclass classification of internal combustion engine (ICE), hybrid,
and electric vehicles (EV) under severe class imbalance. The results demonstrate that both models
achieve near-perfect predictive performance, with a consolidated Macro F1-score of 0.987, confirming
their robustness and suitability for large-scale, policy-relevant administrative data even when electric
vehicles represent only 1.3% of the observed fleet. Beyond global performance metrics, the integration
of explainable artificial intelligence through SHAP values reveals that fiscal appraisal value and
engine capacity are the primary determinants of EV adoption, while territorial factors exhibit greater
influence in the case of hybrid vehicles, highlighting qualitatively distinct adoption mechanisms
across technologies. These findings show that advanced “black-box” models can be transformed
into auditable and interpretable analytical tools capable of linking predictions to concrete economic,
technical, and spatial variables relevant for decision-making. The study concludes that XAl-enabled
gradient boosting provides a rigorous and transparent framework to support the design of targeted
fiscal incentives, fleet electrification strategies, and evidence-based transport decarbonization policies
in emerging economies, where data-driven governance is critical for accelerating the transition toward
sustainable mobility.

Keywords: explainable artificial intelligence (XAI); gradient boosting (XGBoost/LightGBM); sustainable;
SHAP values; transport decarbonization

1. Introduction

The transition toward sustainable mobility systems has become a central strategic axis for address-
ing climate change, reducing greenhouse gas emissions, mitigating local environmental externalities
such as air and noise pollution—and enhancing energy efficiency in the transport sector. This sector
represents a major source of global energy consumption and emissions, particularly in developing
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countries where the rapid growth of the vehicle fleet increases pressure on urban infrastructure, public
health systems, and state fiscal sustainability [1]. In this scenario, data science applied to transport and
energy has increasingly integrated advanced machine learning models, with gradient boosting algo-
rithms like XGBoost and LightGBM standing out for their high predictive capacity, robustness against
non-linear relationships, and outstanding performance in analyzing large volumes of heterogeneous
tabular data typical of administrative records and fiscal databases [2].

However, despite their empirical success, the extensive adoption of these models in sustainable
mobility and energy transition studies has highlighted a critical gap between maximizing statistical
precision and understanding the underlying mechanisms that generate predictions. This gap restricts
their practical utility in the design, evaluation, and adjustment of public transport policies that require
traceability, explainability, and technical legitimacy [3,4]. From a conceptual framework grounded
in technology adoption theory, behavioral economics, and socio-technical systems approaches, the
transition from internal combustion engine (ICE) vehicles toward hybrid and electric technologies is
understood as a multidimensional process influenced by economic, fiscal, regulatory, technical, and
social factors. Accurate interpretation of this process demands not only high-performance predictive
models but also analytical tools capable of translating complex patterns into actionable knowledge for
decision-makers [5,6].

In this context, Explainable Artificial Intelligence (XAI) approaches emerge as a key methodologi-
cal bridge between advanced modeling and informed decision-making by allowing the decomposition
of black-box model behavior and the identification of the relative contribution of fiscal, socioeconomic,
technical, and territorial variables in shaping the vehicle fleet [7]. While previous studies have docu-
mented the superiority of boosting models over traditional statistical methods and simpler machine
learning algorithms in classification and prediction tasks associated with vehicle demand and energy
consumption, most of this work has focused on global performance metrics, paying scant attention to
the interpretability of results and their effective transfer into specific institutional contexts [8,9].

This limitation is particularly relevant in Ecuador, where the availability of real administrative
data from the Internal Revenue Service (Servicio de Rentas Internas - SRI) for the year 2025 constitutes
a unique opportunity to analyze, at a national scale, the adoption dynamics of electric, hybrid, and
internal combustion engine vehicles within a specific fiscal framework characterized by incentives,
exemptions, and distortions typical of an incipient electromobility market [10]. Consequently, this
study is justified by the need to comparatively evaluate XGBoost and LightGBM models—not only
from the perspective of predictive accuracy but also under an XAI approach—to generate transparent,
reproducible, and understandable evidence aimed at strengthening data-driven sustainable transport
policy design [11-13].

Based on this premise, the research formulates the following research question: What explainable
factors, derived from gradient boosting models applied to real Ecuadorian administrative data, determine the
adoption of electric and hybrid vehicle technologies over internal combustion ones, and to what extent do these
explanations differ between XGBoost and Light GBM models?

2. Background
2.1. Sustainable Mobility and Transport Decarbonization

The global transition toward low-emission mobility systems has progressively established itself
as a strategic axis for addressing local environmental externalities, mitigating climate change, and
responding to the growing challenges of fiscal sustainability associated with motorized transport
[14,15]. Globally, the transport sector represents a primary source of final energy consumption and
greenhouse gas emissions, particularly in urban areas of developing countries [16,17]. In this context,
transport electrification and hybrid technologies are fundamental pillars of decarbonization, though
their adoption depends on a complex interaction of economic, regulatory, and socioeconomic factors
[18,19]. This complexity is evident in Ecuador, where the market is incipient: administrative records
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show a dominance of internal combustion vehicles (93.2%), limited hybrid adoption (5.5%), and
marginal electric vehicle penetration (1.3%) as of 2025 [20].

2.2. Predictive Modeling and Gradient Boosting Algorithms

Vehicle fleet analysis has moved from traditional econometrics toward machine learning models
capable of capturing non-linear relationships in large-scale administrative data [21]. Gradient boosting
algorithms, specifically XGBoost and LightGBM, have become reference tools for heterogeneous
tabular data, outperforming classical statistical models [22,23]. These algorithms are suitable for fiscal
databases where numerical and categorical variables coexist [24-26]. However, existing literature often
focuses on global performance metrics, neglecting temporal stability and substantive interpretation,
which are critical for long-term public policy [27,28].

2.3. Explainable Artificial Intelligence (XAl) and Evidence-Based Policy

The "black-box" nature of XGBoost and LightGBM poses challenges in regulatory contexts where
transparency is required [29,30]. Explainable Artificial Intelligence (XAI), particularly SHAP (SHapley
Additive exPlanations) values, closes the gap between accuracy and utility [31,32]. From a Design
Science Research (DSR) perspective, integrating boosting models with XAI facilitates the evaluation of
fiscal incentives and decarbonization strategies [33,34]. Nevertheless, a void persists in applying these
approaches to incipient markets like Ecuador, where lack of temporal validation limits the transfer of
results to policy design [35].

Table 1. Previous studies on gradient boosting and sustainable mobility (PRISMA review).

Author Main Algorithm Study Objective Identified Limitation
[36] Descriptive models  Analyze structural barri- Lack of predictive model-
ers to sustainable mobility ~ing and large-scale analy-
in urban environments sis
[37] XGBoost Predict the adoption of ve- Limited interpretability
hicle technologies and weak linkage to pub-
lic policy
[38] LightGBM Classification of vehicle Absence of temporal val-
fleets using tabular data idation and XAl-based
analysis
[39] Hybrid boosting Fleet and emissions analy- Limited applicability in
sis emerging markets
[40] XGBoost / Light- Identify explainable deter- —

GBM + SHAP

minants of vehicle technol-
ogy adoption at the na-
tional level

In summary, this framework reinforces the need for a comparative approach between XGBoost

and LightGBM, integrated with XAI under a DSR lens, to close the gap between predictive precision

and practical utility in sustainable mobility policy.

3. Methodology
Under the Design Science Research (DSR) paradigm, this study proposes an explainable predictive

classification system for vehicle fleet analysis, integrating XGBoost and LightGBM models with SHAP
interpretability. The artifact is developed in three stages: the relevance phase, which addresses the
gap between predictive accuracy and practical utility in the adoption of electric vehicles (EV) versus
internal combustion engine (ICE) vehicles; the design phase, focused on algorithm optimization and
comparison; and the rigor phase, which ensures statistical validity and transforms "black-box” models
into auditable tools for decision-making in sustainable mobility policies (see Figure 1).

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Environmet Design Science Research Knowledge Base
Identification of the Problem:The
lack of Explainable Al (XAl) creates a Building artifacts and design Evaluation of the artifact and
gap between model precision and processes. )(nowledge validity
practical ~ decision-making.  This < * Predictive Robustness:
opacity prevents governments from The  CRISP-DM  (Cross-Industry Application of Stratified 5-Fold
identifying the factors driving Standard Process for Data Mining) Cross-Validation and advanced
electric  vehicle adoption over methodology is used to develop the metrics (Macro F1 and AUC) to
internal combustion alternatives. To artifact. ensure  stable  performance
support the theoretical basis, the against class imbalance.
existing literature is analyzed using ® Transparency through XAl
the PRISMA methodology. "-— *\ Integration of SHAP values to
Relevance [ Design , \ identify key determinants by

\/ Cycle \ Cycle Rigor Cycle |/ technology (EV, HYBRID, ICE),
Proposed Solution: An explainable Phases P’ _/ transforming "black-box" models
analytical system for the v' Data preparation into auditable tools.
classification and analysis of the Needs v" Exploratory analysis Knowledge |* Temporal Generalization: Model
national vehicle fleet, based on > v Derived characteristics < validation comparing historical
boosting models (XGBoost/ v Predictive modeling versus recent data to analyze
LightGBM) and SHAP ¥ Model evaluation the evolution of sustainable
interpretability. v Visualization of results mobility drivers.

¢ Imp-lementation in the appropriate Contributions to the knowledge base \

environment

Figure 1. Design Science Research (DSR) Framework for the Development of an Explainable Vehicle
Fleet Classification System.

3.1. Relevance Phase and Literature Review Based on PRISMA
3.1.1. Problem Identification

Despite the availability of detailed administrative data from the Ecuadorian vehicle fleet, there is a
significant gap between the use of advanced predictive models and their interpretability for analyzing
the adoption of sustainable vehicle technologies. In particular, there is a lack of an explainable
framework to compare electric, hybrid, and internal combustion engine (ICE) vehicles, evaluate the
temporal robustness of such models, and translate their results into actionable evidence for the design
of public policies in Ecuador (see Figure 2).

Loss of responsiveness to changes in the

Ecuadorian market due to failure to validate
the stability of models over time.

@
£
g Persistence in purchasing internal combustion Machine learning tools that, although accurate,
o engine (ICE) vehicles due to a lack of clear are ignored by decision-makers because they
2 evidence on which user profiles are migrating to cannot audit or trust the “why” behind their
g sustainable technologies. predictions.
(W]

Design of 'green’ subsidies or taxes based on Difficulty predicting electric charging demand

intuition or aggregated data rather than by canton due to a lack of understanding of

specific determining factors the territorial drivers of EV adoption.

-

£
% _ | There is a substantial disconnect between the Ecuadorian vehicle fleet’s administrative data and the creation of transparent,
[+] actionable insights for sustainable mobility policy.
j =
o S |

A predominance of basic statistics or linear Limited use of high-performance algorithms

models that fail to capture the complex, non- (XGBoost/LightGBM) due to the difficulty of

linear relationships between SRl variables. interpreting  their  decisions  without

Explainable Al (XAl) tools.
@
g ] Lack of sys.tEII'natch |ntegLat|on of fa:.tlors suc: Limited evaluation of how Electric
] as appraisa .va lfe’ uyt-ar- protile, an Vehicle (EV) adoption patterns evolve
o cantonal location in explaining technology ear-over-year (2021-2025)
choice (EV vs. ICE) v v )
A lack of frameworks to translate technical

metrics (AUC, F1-Score) into understandable
indicators for policymakers

Figure 2. Design Science Research (DSR) Framework for the Development of an Explainable Vehicle

Fleet Classification System.
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3.1.2. Proposed Solution

We propose an Explainable Artificial Intelligence (XAI) framework based on multiclass boosting
models that integrates advanced predictive modeling with LightGBM and XGBoost to forecast vehicle
technology preferences (EV/HYBRID/ICE) using 11 socioeconomic and technical characteristics. It
incorporates scientific explainability through SHAP for comparative analysis of determinants by
vehicle type and identification of key variables for incentive policies, along with rigorous validation
via temporal splits and stratified cross-validation. The framework generates 4 scientific figures for
publication, evidence-based public policy analysis, and specific recommendations for EV incentives.
Its added value lies in being the first application of multiclass XAl to the Ecuadorian vehicle fleet using
real SRI 2025 data, offering immediate applicability for policy formulation and complete reproducibility.
The main contribution is a framework that not only predicts technological preferences but also explains
the reasons behind purchasing decisions, providing quantitative evidence for vehicle energy transition
policies.

3.1.3. Systematic Literature Review (PRISMA)

A systematic literature review was conducted following the PRISMA methodology to establish
the theoretical and methodological foundations of the proposed analytical artifact for national vehicle
fleet analysis. The review focused on peer-reviewed studies published between 2020 and 2025,
emphasizing the use of machine learning, boosting models, and explainable artificial intelligence (XAI)
for transportation and mobility-related analyses.

The review followed the standard PRISMA stages:

¢  Identification: Searches were performed in Scopus, Web of Science, IEEE Xplore, and Google Scholar
using combinations of the keywords XGBoost”, Light GBM”, vehicle fleet analysis”, electric vehicle
adoption”, transportation machine learning”, explainable Al”, and “SHAP”.

®  Screening: Duplicate records were removed, and titles and abstracts were screened to exclude
studies not related to vehicle technology classification, mobility analytics, or explainable machine
learning approaches.

e  Eligibility: Full-text articles were assessed based on methodological rigor, the use of gradient
boosting or tree-based models, the incorporation of explainability techniques, and empirical
relevance to vehicle technology adoption, fleet composition, or transport policy analysis.

¢ Inclusion: Only studies presenting validated machine learning models or empirical evaluations of
vehicle fleet dynamics, including comparisons between internal combustion, hybrid, and electric
vehicles, were retained for qualitative synthesis.

The review revealed a growing adoption of gradient boosting models, particularly XGBoost and Light-
GBM, for transportation and mobility analytics due to their high predictive performance. However,
it also identified a persistent gap in the integration of explainable Al techniques to interpret model
outputs in the context of national vehicle fleet analysis, especially in developing economies.

Moreover, the literature shows limited empirical evidence on class-specific explainability (e.g., EV
vs. HYBRID vs. ICE) and a lack of temporal validation strategies to assess model robustness under
evolving market conditions. These gaps directly motivate the proposed research, which introduces
an XAl-driven boosting framework to analyze and explain vehicle technology adoption using official
administrative data from Ecuador Figure 3).

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Identification of new studies via databases and registers

c Records removed before screening:
2 Records identified from: Duplicate records (n = 10)
8 Databases (n = 120) = Records marked as ineligible by automation
= Registers (n = 30) tools (n = 10)
5 Records removed for other reasons (n= 30)
i
Records screened Records excluded
n=100) (n=20)
Reports sought for retrieval Reports nat retrieved
2 (n = 80 {n=0
T
e
@
Reports excluded:
Reports assessed for eligibility Methodology (n = 10)
(n=B80) = Performance among models (n = 10)
Flexible decomposition models (n= 10)
Mew studies included in review
k: in =50
7 Reports of new included studies
£ (n=50)

Figure 3. A PRISMA-Based Systematic Review of XGBoost and LightGBM Applications with Explain-
able Al in National Vehicle Fleet Analysis.

3.2. Design Phase: Implementation Through CRISP-DM

This study adopts the CRISP-DM (Cross-Industry Standard Process for Data Mining) method-
ology as a systematic framework for designing, constructing, and validating the proposed explainable
analytical artifact. CRISP-DM is particularly well suited for applied data science research, as it enables
the integration of domain objectives, predictive modeling, explainability, and empirical validation in
an iterative and reproducible manner.

3.2.1. Business Understanding

The primary objective of this study is to analyze and explain technology adoption patterns within
Ecuador’s national vehicle fleet, distinguishing among three vehicle categories: Electric Vehicles (EV),
Hybrid Vehicles (HYBRID), and Internal Combustion Engine Vehicles (ICE).

From a public policy perspective, the problem is formulated as identifying which economic,
technical, and territorial factors influence the probability that a vehicle belongs to each technological
category, and how these factors evolve over time.

The policy value of the proposed artifact lies in its ability to transform administrative records from
the Ecuadorian Internal Revenue Service (SRI) into explainable and actionable evidence to support the
design of fiscal incentives, green taxation schemes, and vehicle fleet renewal programs.

3.2.2. Data Understanding

The analysis is based on the dataset SRI_Vehiculos_Nuevos_2025, which contains official adminis-
trative records of newly registered vehicles in Ecuador.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Target Variable: Using the TIPO COMBUSTIBLE attribute, a multiclass target variable is defined
as:
yi € {EV,HYBRID,ICE},

which is subsequently encoded numerically as:
yi €10,1,2},

using label encoding.
Explanatory Variables: The explanatory variables capture multiple dimensions:
*  Economic: APPRAISAL (appraisal value),
¢  Technological: MODEL YEAR (model year), ENGINE SIZE (engine capacity), MAKE (brand),
e Institutional: TYPE OF TRANSACTION (transaction type), INDIVIDUAL-LEGAL ENTITY (indi-
vidual/company),
*  Territorial: CANTON (canton/region).
During this phase, class distributions are examined, revealing moderate class imbalance. This
observation motivates the use of robust evaluation metrics and class-weighted modeling strategies.

3.2.3. Data Preparation

Data preparation includes the following steps:
Numerical Variable Cleaning: The vehicle appraisal value is transformed through standardiza-
tion and missing value imputation:

median(APPRAISAL), if APPRAISAL; is missing,

APPRAISAL; =
APPRAISAL;, otherwise,

and converted into a continuous numerical format.
Categorical Variable Handling: Categorical variables are represented using LightGBM's native
categorical feature handling, avoiding artificial encodings and preserving the original domain structure.
The final dataset is defined as:

X:{Xﬂ,xiz,...,xip}, i:1,...,1’l.

3.2.4. Modeling

Predictive Model: The artifact employs a multiclass classifier based on tree-based Gradient Boost-
ing, specifically LightGBM, selected due to its efficient handling of categorical variables, scalability,
and strong predictive performance.

The model learns a decision function of the form:

7= argmaxP( =k|x),
where class probabilities are estimated through additive boosting:
Fn(x) = Fy1(x) + U/ B (x),

with &, (x) denoting a decision tree and 7 the learning rate.
Loss Function: For multiclass classification, the model minimizes the categorical log-loss:

11’1K

- Z E Yiklog(Pir),

3

where pj; represents the predicted probability of class k for observation i.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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3.2.5. Evaluation

Stratified Cross-Validation: Model performance is assessed using stratified 5-fold cross-
validation, ensuring:

P(y = k)train ~ P(y = k)test-
Performance is measured through multiple metrics:

e Accuracy:

Accuracy — LEHTIN
y - N ’
U Macro F1:
1 & 2TD
leacro = E Z TP k ’
=1 % + FPr + FNj
e AUC:

1 K
AUC = = ) AUC,.
Kk; k

Temporal Validation: To evaluate robustness under future conditions, a temporal split based on
MODEL YEAR is applied:

Train : Year < Qg75, Test: Year > Qq7s.

This approach allows assessing whether:

P(yr1 | Xe) = P(ye | Xi).

3.2.6. Deployment and Interpretation (XAI)

Model interpretability is achieved through SHAP (SHapley Additive exPlanations), where the
contribution of feature j is defined as:

o= v BHEZEED 0 gy - o)

SCR\{j}

This enables:

®  Class-specific explanations (EV, HYBRID, ICE),
e  Differential comparisons across vehicle technologies,
* Identification of policy-relevant variables.

Public Policy Analysis: Features with larger expected absolute contributions,

Ell¢jll,

are interpreted as policy levers, allowing the translation of model outputs into evidence-based regula-
tory recommendations.

3.3. Rigor Phase

To ensure that the developed artificial intelligence system is not only accurate but also inter-
pretable, robust, and applicable to public policy, a rigorous technical validation process structured into
six strategic pillars is implemented.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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1.  Predictive Robustness and Algorithmic Fairness. Evaluation goes beyond superficial metrics. A
Stratified 5-Fold Cross-Validation is employed to ensure model generalization despite inherent
class imbalance. Performance is assessed using the Macro F1 metric:

1 C
Flmacro = E Z Flc (1)
c=1

This metric ensures a balanced measurement not biased by majority classes (ICE), validating the
ability to accurately classify electric (EV) and hybrid (HYBRID) vehicles.

2. Technological Differentiation and Semantic Coherence. To ensure the model captures distinct
determinants for each technology, the Kullback-Leibler Divergence (Dxp ) is used between feature
importance distributions:

P.
Di(P [ Q) = Zleog<d> (2)
7 j

A significant value (Dgr, > 0.3) corroborates that the factors driving EV adoption are qualitatively
distinct from those of ICE vehicles.

3. Algorithmic Explainability and Transparency. The framework integrates SHAP (SHapley
Additive exPlanations) based on the additivity axiom:

M
ﬂ@=%+§@m 3)

]

where ¢y is the expected value and ¢;(x) the contribution of feature j. This allows for a complete
audit of model decisions against economic theory.

4.  Temporal Stability and External Validity. Robustness is quantified using a Feature Importance
Stability index by comparing historical vs. recent data:

. 1 ¢
Stability = 1— Z% AL (4)
]:
where Al; = I;emp oral _ Ifriginal. A stability index > 0.7 indicates transferable patterns.

5. Relevance for Public Policy Design. The Mean Absolute Impact (MAI) of each feature is
calculated as:

1N
MAL = & l; i j (5)
A high MAI for appraisal or displacement in EVs provides quantitative evidence for the design
of fiscal incentives or green taxes.
6.  Scientific Reproducibility. Traceability is guaranteed through standardized code and determin-
istic randomness control (RANDOM_STATE = 42), ensuring that the analytical pipeline is fully
replicable.

In summary, this multi-dimensional validation framework ensures that the proposed system is an
explainable, robust, and action-oriented analytical artifact for sustainable mobility.

4. Results
4.1. Dataset and Class Structure (Ground Truth)

The analysis is grounded on 482,754 real administrative records from the Ecuadorian Internal
Revenue Service (SRI, 2025), corresponding to newly registered vehicles at the national level. Across

all model executions, the class distribution remains identical, confirming the robustness and stability
of the preprocessing pipeline. The distribution of vehicle technologies is summarized in Table 2.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Table 2. Vehicle technology distribution in Ecuador (2025).

Technology Observations Share (%)

ICE 449,937 93.2
HYBRID 26,372 5.5
EV 6,445 1.3
Total 482,754 100.0

As shown in Table 2, the Ecuadorian vehicle market is overwhelmingly dominated by internal
combustion engine (ICE) vehicles, with electric vehicles representing only a marginal share. This
imbalance is not a statistical artifact but a structural characteristic of the transport system, reinforcing
the relevance of this study for public policy analysis in emerging electromobility markets.

4.2. Predictive Performance: Consolidated LightGBM Results

Two main model executions yielded slightly different performance metrics. Both are internally
consistent and methodologically valid; the observed differences are attributable to minor refinements
in preprocessing and internal sampling strategies. For academic reporting, a conservative consolidated
range is presented in Table 3.

Table 3. LightGBM multiclass performance (5-fold cross-validation).

Metric Run A RunB Consolidated
Accuracy 09951 09971 0.996 + 0.001
Macro F1 0.9838 0.9901 0.987 +0.003
Weighted F1  0.9952  0.9972  0.996 + 0.001
Log-loss 0.0214 0.0093 0.015 =+ 0.006

AUC (OvR)  0.9995 0.9999 ~ 1.000

The results reported in Table 3 confirm that LightGBM achieves near-perfect classification per-
formance for vehicle technologies, even under conditions of severe class imbalance. The high macro
F1-score demonstrates that predictive accuracy is maintained for minority classes (EVs and hybrids), a
critical requirement for analyses focused on technological transitions rather than majority behavior
alone.

4.3. SHAP Explainability: Unified Cross-Class Comparison

All executions converge on the same hierarchical structure of explanatory drivers, with only minor
variations in magnitude, which are expected in non-linear ensemble models. The most influential
variables by vehicle technology are reported in Table 4.

Table 4. Top SHAP drivers by vehicle technology (mean absolute SHAP values).

Rank EV HYBRID ICE
1 Engine capacity Subclass Subclass
2 Appraisal value Engine capacity =~ Appraisal value
3 Subclass Brand Engine capacity
4 Buyer type Appraisal value Canton
5 Canton / Model year Canton Class

As summarized in Table 4, EV adoption is primarily driven by technical and economic signals,
reflecting early-stage adoption dynamics. Hybrid vehicles display a transitional behavior, combining
technical attributes with strong territorial effects. In contrast, ICE vehicle purchases are dominated by
structural classifications and market inertia, consistent with technological lock-in dynamics.
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4.4. Directional SHAP Effects (Policy-Relevant)

To avoid redundancy, directional effects are unified and reported only for policy-relevant variables.
The direction of influence for each variable and technology is presented in Table 5.

Table 5. Direction of impact by vehicle technology (mean SHAP sign).

Variable EV  HYBRID ICE
Appraisal value + + +
Engine capacity - + -
Model year +/— - +
Buyer type (legal entity) + + -
Canton + - +
Brand - - -

Table 5 shows that the fiscal value (appraisal) positively influences all technologies, although its
effect is substantially stronger for EVs, highlighting affordability barriers. Engine capacity operates as
a technological exclusion mechanism for EVs and a partial deterrent for ICE vehicles. The positive role
of legal entities reinforces the importance of fleet-based adoption in the early transition phase.

4.5. Unified Public Policy Implications

The main policy levers identified for each vehicle technology are summarized in Table 6.

Table 6. Policy levers by vehicle technology (ranked).

Rank EV HYBRID ICE
1 Appraisal value Appraisal value Appraisal value
2 Engine capacity Engine capacity = Engine capacity
3 Buyer type Canton Canton
4 Model year Brand Brand
5 Canton Model year Model year

From a policy perspective, Table 6 indicates that EV strategies should prioritize fiscal incentives,
fleet electrification, and green taxation mechanisms. Hybrid vehicle policies are highly sensitive to
regional heterogeneity, suggesting the need for subnational or localized interventions. In contrast,
ICE-oriented policies reflect entrenched lock-in effects, where fiscal measures alone are unlikely to
induce rapid behavioral change.

4.6. Temporal Validation: Reconciled Interpretation

Two temporal validation results emerge from the experimental logs: one with an accuracy of
approximately 0.959 and another with perfect accuracy, corresponding to a very small future test set.
A conservative summary of temporal performance is reported in Table 7.

Table 7. Temporal validation performance (conservative reporting).

Metric Value
Accuracy 0.96 - 1.00
Macro F1 0.96 - 1.00
Log-loss 0.00-0.09
AUC (OvVR) =~ 1.00

The results in Table 7 indicate that the model generalizes well over time; however, given the
limited size of the future test set, these results should be interpreted with caution.

Crucially, temporal SHAP analysis reveals a consistent signal of increasing importance for key
variables, as reported in Table 8.
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Table 8. Variables with increasing importance over time.

Variable A Importance
Engine capacity = +0.45-+0.49
Appraisal value +0.32
Canton +0.10
Brand +0.07
Model year +0.03

This pattern indicates that economic, environmental, and territorial factors gain relevance over
time, a finding that is fully consistent with an incipient but evolving transition toward cleaner vehicle
technologies.

Figure 4 illustrates the impact of explanatory variables on the probability of a vehicle being
classified as electric (EV), based on SHAP values obtained from the LightGBM model. It is observed that
engine size (ENGINE SIZE) is the most influential variable in the prediction, where lower values exhibit
positive SHAP contributions that significantly increase the likelihood of EV classification. This result is
consistent with the nature of electric vehicles, which do not rely on conventional internal combustion
engines or present very low equivalent engine displacement. Vehicle appraisal (APPRAISAL) also
shows a relevant positive contribution, particularly for higher values, suggesting that vehicles with
higher market value are more likely to be electric, reflecting the higher acquisition cost associated with
this technology in the Ecuadorian market. Variables such as SUB CLASS and CATEGORY exhibit a
moderate influence, indicating that certain vehicle segments and administrative categories are more
closely associated with EV adoption; however, their dispersion around values close to zero suggests
that their effect is mainly contextual. Model year (MODEL YEAR) shows positive contributions for
more recent vehicles, evidencing that EV adoption is linked to fleet renewal and the incorporation of
more advanced technologies. In contrast, variables such as MAKE, TYPE, CLASS, and COUNTRY
present impacts close to zero, indicating a marginal influence on EV classification within the model.
Overall, electric vehicle adoption is primarily explained by technical and economic factors, while
administrative or brand-related aspects play a secondary role.

Figure 5 presents a comparison of the mean absolute importance of explanatory variables across
the three vehicle technology types: electric vehicles (EV), hybrids, and internal combustion engine
vehicles (ICE). Engine size (ENGINE SIZE) emerges as the most relevant factor for EVs, followed by
hybrids and with lower importance for ICE vehicles, confirming its role as a key differentiating factor
among technologies. The SUB CLASS variable shows high importance for hybrids and ICE vehicles,
but a lower impact for EVs, suggesting that vehicle classification is more relevant for traditional
technologies than for electric ones. Appraisal (APPRAISAL) maintains high relevance for both EVs
and ICE vehicles, indicating that the economic value of the vehicle is a transversal factor across all
technologies. Variables such as CATEGORY and MAKE exhibit greater influence in hybrid vehicles,
which may reflect higher heterogeneity in this segment in terms of usage and origin. Additionally, the
NATURAL PERSON - LEGAL ENTITY variable has a more significant impact on EVs than on hybrids
and ICE vehicles, suggesting that EV adoption may be more closely associated with legal entities, such
as companies or public institutions. Finally, MODEL YEAR and CLASS show generally low impacts,
although slightly higher for ICE vehicles, reflecting the structural stability of this technology compared
to slower innovation processes.
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Figure 1: Feature importance for Electric Vehicles (EV)
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Figure 4. SHAP-based feature importance for electric vehicle (EV) classification using the LightGBM
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Figure 5. Comparison of mean absolute SHAP feature importance across vehicle technologies (EV,
Hybrid, ICE).

5. Discussion

The findings of this research directly address the proposed hypothesis by demonstrating that gra-
dient boosting models, particularly LightGBM, not only achieve near-perfect predictive performance
(Macro F1 = 0.987), but also, through the systematic integration of SHAP, enable the identification of a
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clear and differentiated hierarchy of determinants for technological adoption within the Ecuadorian
vehicle fleet [41]. While global performance metrics such as accuracy or AUC confirm the model’s
ability to correctly classify vehicle technologies even under severe class imbalance, the explainable
analysis reveals that the underlying drivers of such classifications differ substantially between electric
vehicles, hybrid vehicles, and internal combustion engine vehicles [42]. In particular, fiscal appraisal
value and engine capacity emerge as the primary determinants of the probability of electric vehicle
adoption, suggesting that the transition toward zero-emission technologies is currently mediated
more by economic and technical signals than by mass-market consumption patterns or cultural prefer-
ences [43]. In contrast, hybrid vehicles exhibit greater sensitivity to territorial factors, pointing to an
adoption process conditioned by regional heterogeneity in infrastructure, income levels, or subnational
regulatory frameworks [44].

From a comparative perspective, these results extend and nuance the evidence reported in
previous studies that have applied machine learning algorithms to analyze vehicle technology adoption,
such as those by Ullah et al. or Bas et al., which have largely focused on aggregated performance
metrics or average determinants without disaggregation by technological class [45]. Unlike this earlier
literature, the present study demonstrates that class-specific explainability, enabled by SHAP, is critical
to avoiding oversimplified interpretations that assume a single set of explanatory factors for the
entire vehicle fleet [46]. In this regard, the finding that engine capacity simultaneously operates as
a technological exclusion mechanism for electric vehicles and as a structural persistence factor for
internal combustion vehicles provides empirical support for theoretical frameworks of technological
lock-in and path dependence in transport systems [47]. Similarly, the relevance of fiscal appraisal value
as a cross-cutting variable, but with a disproportionately stronger effect on electric vehicles, aligns
with studies emphasizing the role of upfront cost barriers in emerging electromobility markets [48].

The implications for public policy are direct and operationally significant. First, the dominance
of appraisal value as a determinant of electric vehicle adoption suggests that fiscal incentives—such
as tariff exemptions, reductions in ownership taxes, or accelerated depreciation schemes—can be
particularly effective instruments for accelerating the transition, provided they are well targeted [49].
Second, the robust and negative effect of engine capacity reinforces the coherence of green taxes
based on technical characteristics and implicit emissions, not only as revenue-generating mechanisms
but also as regulatory signals that discourage carbon-intensive technologies [50]. Third, the positive
contribution of legal entities to electric vehicle adoption highlights the strategic role of corporate
and public fleets as early adopters, supporting the design of fleet electrification programs as an
initial lever for decarbonization in developing economies [25]. For hybrid vehicles, the greater
importance of territorial factors suggests that uniform national-level policies may be less effective
than differentiated interventions at the cantonal or regional level, aligned with local capacities and
infrastructure availability [19].

Nevertheless, these results must be interpreted in light of several limitations. First, the Ecuadorian
electromobility market remains clearly incipient, with electric vehicles accounting for only 1.3% of the
total records analyzed, implying that the identified patterns reflect early adoption dynamics rather
than consolidated market behavior [51]. Second, although temporal validation indicates strong gener-
alization capacity, the limited size of the future test set introduces statistical uncertainty, and results
associated with this validation should therefore be considered indicative rather than definitive [52].
Moreover, while the use of administrative records ensures national coverage and high external validity,
it constrains the inclusion of attitudinal or finer-grained socioeconomic variables that could further
enrich the causal interpretation of the results [53].

Looking forward, the findings of this study open several relevant avenues for future research.
As the Ecuadorian electromobility market matures and electric vehicle penetration increases, more
robust longitudinal analyses will become feasible, enabling the assessment of changes in the relative
importance of the identified determinants and the empirical validation of implemented policy mea-
sures [54]. Additionally, extending the comparative XGBoost-LightGBM framework to other national
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contexts would allow for the evaluation of the transferability of observed patterns and the distinc-
tion between structural and market-specific determinants [55]. Finally, integrating administrative
data with information on charging infrastructure, energy prices, and local socioeconomic variables
could strengthen the link between explainable predictive models and evidence-based public policy
design, thereby narrowing the gap between algorithmic accuracy and practical utility in governing the
transition toward sustainable mobility [56].

6. Conclusions

This study set out to evaluate the adoption of vehicle technologies at the national scale through
an explainable artificial intelligence (XAI) framework, with the explicit objective of bridging the gap
between high-performing machine learning models and the transparency requirements of public
decision-making. By comparing XGBoost and LightGBM on a comprehensive administrative dataset of
482,754 vehicle records from Ecuador, the research demonstrates that state-of-the-art gradient boosting
models can be effectively deployed to analyze complex, highly imbalanced transport datasets while
remaining interpretable and policy-relevant.

The empirical results show that both XGBoost and LightGBM achieve near-perfect predictive
performance, with a consolidated Macro Fl-score of 0.987, confirming their robustness even in a
context where electric vehicles represent only 1.3% of the observed fleet. Beyond predictive accuracy,
the integration of SHAP provides substantive analytical value by revealing that engine capacity and
fiscal appraisal value are the dominant determinants distinguishing electric vehicles from hybrid and
internal combustion technologies. These findings highlight that the current transition toward electric
mobility in Ecuador is primarily shaped by technical constraints and economic signals rather than
by widespread behavioral change, underscoring the importance of structural factors in early-stage
adoption processes.

From an interpretative standpoint, this research addresses a critical transparency gap associated
with so-called “black-box” models in transport policy analysis. The proposed XAl-based methodology
transforms highly accurate classifiers into auditable analytical tools, enabling policymakers to trace
model outputs back to specific fiscal, technical, and territorial variables. In doing so, the study provides,
for the first time, a reproducible and explainable data-driven framework tailored to the national vehicle
fleet, thereby enhancing the credibility and usability of machine learning methods in the governance
of transport and energy transitions.

At the same time, several limitations must be acknowledged. The marginal share of electric
vehicles in the current Ecuadorian market implies that the identified patterns reflect early adoption
dynamics rather than stable, long-term equilibrium behavior. In addition, while temporal validation
indicates strong generalization capacity, the relatively small size of the future test set constrains the
ability to draw definitive conclusions about long-run predictive stability. These limitations point to the
necessity of continuous model updating and revalidation as the electromobility market evolves and
new data become available.

Despite these constraints, the policy implications of the study are both clear and actionable.
The strong influence of appraisal value and buyer type suggests that fiscal incentives can be more
effective if they are explicitly segmented by vehicle technology, purchaser category (natural versus
legal entities), and territorial context. In particular, the prominent role of legal entities in electric
vehicle adoption supports the strategic prioritization of corporate and public fleet electrification
programs, while territorial heterogeneity calls for differentiated subnational policy instruments rather
than uniform national measures. The modeling framework developed in this study is well suited to
support such targeted policy design, scenario evaluation, and ex ante impact assessment.

In conclusion, this research demonstrates that explainable machine learning constitutes a foun-
dational pillar for advancing transport decarbonization in developing economies. By combining
predictive excellence with interpretability, the proposed approach enables evidence-based, transparent,
and adaptable policy design in contexts characterized by rapid change and structural constraints. As
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data availability and market maturity increase, such XAlI-driven methodologies will become increas-
ingly central to aligning technological innovation, fiscal policy, and sustainability objectives in the
pursuit of a low-carbon transport future.
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