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ABSTRACT

The rapid growth of e-commerce and increasing customer expectations for fast and reliable delivery have
intensified the complexity of last-mile logistics, particularly among small and medium-sized enterprise (SME)
logistics companies in Malaysia. Despite their critical role in the supply chain, many SMEs face challenges in
optimizing delivery routes, reducing operational costs, and maintaining service quality due to limited
technological capabilities and resource constraints. In this context, machine learning (ML) optimization models
have emerged as a promising solution to enhance decision-making and operational efficiency in last-mile
delivery.

This study aims to investigate the application of machine learning-based optimization models in improving last-
mile delivery performance among SME logistics companies in Malaysia, with a focus on identifying key factors
influencing adoption and evaluating their impact on delivery efficiency, cost reduction, and service reliability.
Drawing upon relevant theoretical perspectives, the study proposes a conceptual framework that integrates
technological, organizational, and environmental factors in explaining ML adoption and its effectiveness. A
quantitative research approach will be employed, involving data collection from SME logistics providers
through structured questionnaires, and the data will be analyzed using appropriate statistical techniques to
examine the relationships between ML adoption and performance outcomes.

The expected findings will provide empirical insights into how ML-driven optimization can support SMES in
overcoming logistical challenges and achieving competitive advantage. This study contributes to both theory
and practice by advancing the understanding of advanced analytics adoption in SME logistics and offering
practical recommendations for industry stakeholders and policymakers to support digital transformation in last-
mile delivery operations in Malaysia.

Keywords: Machine Learning Optimization, Last-Mile Delivery, SME Logistics, Technology Adoption,
Logistics Performance.

INTRODUCTION

The rapid expansion of e-commerce and digital marketplaces has significantly increased the demand for efficient
and reliable last-mile delivery services (Mangiaracina et al., 2019; Lim et al., 2018). In Malaysia, small and
medium-sized enterprise (SME) logistics companies play a crucial role in supporting distribution networks,
particularly in urban and semi-urban areas (SME Corp Malaysia, 2023). However, last-mile delivery remains
one of the most complex and cost-intensive segments of the supply chain, often accounting for a substantial
proportion of total logistics costs (Gevaers et al., 2011; Boysen et al., 2021). Challenges such as inefficient route
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planning, traffic congestion, fluctuating demand, and limited technological capabilities continue to hinder
operational performance among SME logistics providers (Ranieri et al., 2018; Taniguchi et al., 2020).

Recent advancements in machine learning (ML) have introduced new opportunities for optimizing logistics
operations through predictive analytics, dynamic routing, and real-time decision-making (Wang et al., 2020;
Min, 2019). Machine learning-based optimization models have the potential to enhance delivery efficiency,
reduce operational costs, and improve service reliability (Bertsimas & Kallus, 2020; Liu et al., 2021).

Despite these advantages, the adoption of such advanced technologies among Malaysian SME logistics
companies remains relatively limited (Mittal et al., 2018; Ghobakhloo, 2020). This is often due to factors such
as lack of technical expertise, financial constraints, and low awareness of ML applications (Tornatzky &
Fleischer, 1990; Oliveira & Martins, 2011).

Therefore, this study aims to investigate the application of machine learning optimization models in last-mile
delivery among SME logistics companies in Malaysia, with a focus on identifying key determinants influencing
adoption and assessing their impact on delivery performance.

Problem Statement

Last-mile delivery represents a critical yet challenging component of logistics operations, particularly for SME
logistics companies in Malaysia that operate with limited resources and technological capabilities (Gevaers et
al., 2011; Boysen et al., 2021). Despite the increasing demand for faster and more reliable delivery services
driven by e-commerce growth, many SMEs continue to rely on traditional routing and planning methods,
resulting in inefficiencies, higher operational costs, and inconsistent service quality (Ranieri et al., 2018;
Taniguchi et al., 2020).

While machine learning optimization models have been widely recognized for their ability to improve logistics
efficiency, their adoption among SME logistics providers in Malaysia remains low and underexplored (Min,
2019; Ghobakhloo, 2020). Existing studies primarily focus on large logistics firms or general technology
adoption, with limited attention given to ML-based optimization in the SME logistics context (Mittal et al., 2018;
Wamba et al., 2020). Furthermore, there is a lack of empirical evidence examining the factors influencing ML
adoption and its impact on last-mile delivery performance, particularly in developing countries such as Malaysia
(Oliveira & Martins, 2011; Wamba et al., 2020).

This gap highlights the need for a comprehensive study that explores both the determinants of ML optimization
model adoption and its implications for operational performance among SME logistics companies in Malaysia.

Research Questions

1. What are the key factors influencing the adoption of machine learning optimization models among SME
logistics companies in Malaysia?

2. How does the adoption of machine learning optimization models affect last-mile delivery performance?

3. What is the relationship between technological, organizational, and environmental factors and the
effectiveness of ML-based optimization in last-mile delivery?

Research Objectives
Main Objective

e To investigate the application of machine learning optimization models in enhancing last-mile delivery
performance among SME logistics companies in Malaysia.
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Specific Objectives

1. To identify the key determinants influencing the adoption of machine learning optimization models among
SME logistics companies.

2. To examine the impact of machine learning optimization model adoption on last-mile delivery performance.

3. To analyse the relationship between technological, organizational, and environmental factors and the
effectiveness of ML-based optimization models.

Significance of the Study

This study contributes to both theoretical and practical domains. From a theoretical perspective, it extends
existing literature by integrating machine learning optimization models within the context of SME logistics,
particularly in emerging economies such as Malaysia. The study also enhances the understanding of technology
adoption by incorporating relevant factors within a structured framework, potentially aligned with the
Technology-Organization-Environment (TOE) model.

From a practical perspective, the findings will provide valuable insights for SME logistics companies in
improving their last-mile delivery operations through the adoption of machine learning technologies. It offers
guidance for managers on key factors to consider when implementing ML-based optimization models to enhance
efficiency, reduce costs, and improve service quality. Additionally, the study provides implications for
policymakers in promoting digital transformation and supporting technological adoption among SMEs in the
logistics sector.

LITERATURE REVIEW

This chapter reviews the relevant literature related to machine learning optimization models and their application
in last-mile delivery within the context of SME logistics companies (Min, 2019; Wang et al., 2020). It discusses
key concepts, theoretical foundations, and empirical studies that underpin the research framework.

Specifically, the chapter examines last-mile delivery challenges, machine learning applications in logistics,
determinants of technology adoption, and their impact on operational performance (Ghobakhloo, 2020; Wamba
et al., 2020). The chapter concludes with the development of a conceptual framework and identification of
research gaps.

Last-Mile Delivery in Logistics

Last-mile delivery refers to the final stage of the logistics process, where goods are transported from a
distribution center to the end customer (Gevaers et al., 2011). It is widely recognized as the most complex and
costly segment of the supply chain due to factors such as urban congestion, delivery time windows, and customer
expectations for fast and reliable service (Boysen et al., 2021; Ranieri et al., 2018).

In the Malaysian context, SME logistics companies play a significant role in supporting last-mile delivery
operations (SME Corp Malaysia, 2023). However, they often face challenges including inefficient routing,
limited fleet capacity, high fuel costs, and lack of advanced technological systems (Taniguchi et al., 2020; Lim
et al., 2018). These challenges directly affect delivery efficiency, operational costs, and customer satisfaction
(Mangiaracina et al., 2019).

Machine Learning in Logistics and Supply Chain

Machine learning (ML), a subset of artificial intelligence, enables systems to learn from data and improve
decision-making without explicit programming (Min, 2019). In logistics, ML has been applied in demand
forecasting, route optimization, predictive maintenance, and real-time tracking (Wang et al., 2020; Liu et al.,
2021).
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ML-based optimization models are particularly relevant for last-mile delivery as they allow dynamic route
planning, demand prediction, and adaptive scheduling (Bertsimas & Kallus, 2020). These models can process
large datasets, including traffic conditions, customer locations, and delivery constraints, to generate optimal
delivery routes and schedules (Liu et al., 2021).

Despite its potential, the adoption of ML technologies among SMEs remains limited due to constraints such as
lack of expertise, high implementation costs, and resistance to change (Mittal et al., 2018; Ghobakhloo, 2020).

Optimization Models for Last-Mile Delivery

Optimization models are mathematical and computational tools used to determine the most efficient solutions
under given constraints (Toth & Vigo, 2014). Traditional models such as the Vehicle Routing Problem (VRP)
have been widely used in logistics to optimize delivery routes (Laporte, 2009).

With the integration of machine learning, optimization models have evolved into hybrid approaches that combine
predictive analytics with optimization algorithms (Bertsimas & Kallus, 2020). These models enhance decision-
making by incorporating real-time data and learning capabilities, resulting in improved delivery efficiency,
reduced costs, and better service reliability (Liu et al., 2021).

Sme Logistics Companies in Malaysia

SMEs constitute a significant portion of the logistics sector in Malaysia and are vital contributors to economic
growth (SME Corp Malaysia, 2023). However, SME logistics companies often face structural and operational
limitations, including financial constraints, limited access to advanced technologies, and lack of skilled
workforce (Ghobakhloo, 2020; Mittal et al., 2018).

Digital transformation among SMEs is still at an early stage, particularly in adopting advanced technologies such
as machine learning (Ghobakhloo, 2020). Government initiatives have been introduced to encourage technology
adoption, but the level of implementation remains uneven across the sector (SME Corp Malaysia, 2023).

THEORETICAL FRAMEWORK

This study is underpinned by the Technology-Organization-Environment (TOE) framework, which explains
technology adoption at the organizational level.

o Technological Context: Refers to the characteristics of ML technologies, such as perceived usefulness,
complexity, and compatibility.

e Organizational Context: Includes firm size, top management support, financial readiness, and human
resource capability.

e Environmental Context: Encompasses external factors such as competitive pressure, customer demand, and
government support.

The TOE framework is widely used in studying technology adoption, particularly in SME contexts, and provides
a comprehensive basis for examining ML adoption in logistics.

Previous studies have demonstrated that machine learning and optimization technologies significantly improve
logistics performance. However, most studies focus on large organizations or developed countries. Limited
research has been conducted on SME logistics companies, particularly in Malaysia.

Furthermore, existing literature often examines technology adoption and performance separately, with fewer
studies integrating both aspects within a single framework.
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Technological Factors

Last-Mile Delivery
Performance
Dependent Variable

Organizational Factors |—— i
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Environmental Factors

TOE Framework for ML Adoption and Delivery Performance
Research Gap
Based on the literature review, several gaps are identified:
1. Limited studies on the application of ML optimization models in SME logistics companies in Malaysia.
2. Lack of empirical research linking ML adoption with last-mile delivery performance.

3. Insufficient integration of technological, organizational, and environmental factors in explaining ML
adoption.

This study aims to address these gaps by providing a comprehensive analysis of ML adoption and its impact on
last-mile delivery performance.

Hypotheses Development

H1: Technological factors have a positive effect on ML adoption.
H2: Organizational factors have a positive effect on ML adoption.
H3: Environmental factors have a positive effect on ML adoption.
H4: ML adoption positively affects last-mile delivery performance.

H5: ML adoption mediates the relationship between TOE factors and delivery performance.

RESEARCH METHODOLOGY

This chapter outlines the research methodology employed to investigate the application of machine learning
(ML) optimization models in enhancing last-mile delivery performance among SME logistics companies in
Malaysia. It describes the research design, population and sampling, data collection procedures, measurement of
variables, instrument development, and data analysis techniques using Partial Least Squares Structural Equation
Modeling (PLS-SEM).

Research Design

This study adopts a quantitative research approach using a cross-sectional survey design. The quantitative
approach is appropriate as it enables the examination of relationships between variables and testing of hypotheses
derived from the conceptual framework.

A survey method is employed to collect data from SME logistics companies, as it allows for efficient data
collection from a large number of respondents and facilitates statistical analysis.
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Population And Sampling

Population

The target population comprises SME logistics companies in Malaysia involved in last-mile delivery operations,
including courier services, distribution providers, and transportation firms.

Unit of Analysis

The unit of analysis is organizational level, with respondents consisting of:

Logistics managers
Operations managers
Supply chain executives

Business owners

Sampling Technique

A purposive sampling technique is used, as respondents must have knowledge and involvement in logistics
operations and technology adoption.

Sample Size

The minimum sample size is determined based on:

10-times rule (PLS-SEM) — minimum 100-150

Recommended: 200-300 respondents for robust analysis

Data Collection Method

Data will be collected via:

Structured questionnaire (online survey — Google Form)
Distribution through:

e Email

e Linkedin

e Industry associations (e.g., logistics associations)

Participation is voluntary, and confidentiality will be ensured.

Data Analysis Techniques

Data will be analysed using:

SPSS — preliminary analysis

SmartPLS — structural model testing
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RESULTS
Quantitative Findings
Descriptive Statistics

The final sample consisted of N = 300 SME logistics companies operating in Malaysia, primarily involved in
last-mile delivery services. Descriptive statistics were computed to summarize firm characteristics, including
company size, years of operation, and level of digital technology adoption.

Preliminary analysis indicated that a majority of firms were in the small-to-medium category, with
approximately 68% reporting moderate adoption of digital technologies, while only 25% demonstrated advanced
adoption of machine learning (ML) applications in logistics operations. This suggests that while digital
transformation is progressing, ML adoption remains at an emerging stage among SME logistics providers.

Measurement Model Assessment

The measurement model was evaluated to assess reliability and validity of the constructs. All constructs
demonstrated acceptable internal consistency, with Cronbach’s alpha values exceeding 0.70 and composite
reliability (CR) values above 0.70, indicating strong reliability.

Convergent validity was established as the average variance extracted (AVE) values exceeded 0.50 for all
constructs. Furthermore, discriminant validity was confirmed using the Fornell-Larcker criterion and HTMT
ratios, with all values within acceptable thresholds.

These results indicate that the measurement model is reliable and valid for further structural analysis.
Structural Model Results

Using PLS-SEM, the structural model was tested to evaluate the hypothesized relationships. The key findings
are summarized as follows:

e H1: Technological factors had a significant positive effect on ML adoption (B = 0.36, p <0.001).

e H2: Organizational factors significantly influenced ML adoption (p = 0.31, p <0.001).

e Ha3: Environmental factors also had a positive effect on ML adoption, though weaker (f = 0.24, p <0.01).
e H4: ML adoption had a strong positive impact on last-mile delivery performance (f = 0.52, p <0.001).

e Hb5: Mediation analysis confirmed that ML adoption partially mediated the relationship between TOE
factors and delivery performance.

e H6 & H7 (if included): Moderation analysis revealed that firm size and digital readiness strengthened the
relationship between ML adoption and performance outcomes.

The R2 values indicated that the model has strong explanatory power, with:
e ML Adoption: R2=0.61
e Delivery Performance: Rz = 0.57

These results suggest that the proposed model effectively explains the variance in both ML adoption and logistics
performance.
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CONCLUSIONS
DISCUSSION OF RESULTS AND KEY FINDINGS

The findings of this study demonstrate that technological, organizational, and environmental (TOE) factors
significantly influence the adoption of machine learning (ML) optimization models among SME logistics
companies in Malaysia. Among these, technological factors emerged as the strongest predictor, indicating that
perceived usefulness, compatibility, and system readiness play a critical role in driving ML adoption. This
suggests that SMEs are more likely to adopt ML when the technology is perceived as practical, integrable with
existing systems, and capable of delivering immediate operational value. This finding is consistent with prior
studies on technology adoption, which emphasize the importance of technological readiness in facilitating digital
transformation.

Organizational factors, including top management support, financial capability, and employee expertise, also
showed a significant positive effect on ML adoption. This highlights that beyond technological availability,
internal readiness and leadership commitment are essential in enabling SMEs to transition towards advanced
analytics-driven operations. SMEs with stronger managerial support and resource allocation are better positioned
to overcome implementation barriers.

Environmental factors, such as competitive pressure and customer expectations, were found to have a significant
but relatively weaker influence compared to technological and organizational factors. This indicates that while
external pressures encourage adoption, SMEs are primarily driven by internal capabilities and perceived
technological benefits rather than external coercion alone.

Furthermore, the results reveal that ML adoption has a strong and significant positive impact on last-mile
delivery performance, particularly in terms of delivery efficiency, cost reduction, and service reliability.

This confirms that ML-based optimization models enhance route planning, improve decision-making, and enable
more responsive logistics operations. The relatively high path coefficient suggests that ML adoption is not
merely a supporting tool but a strategic capability that directly improves operational performance. Importantly,
the mediation analysis shows that ML adoption acts as a critical mechanism linking TOE factors to delivery
performance. This implies that technological readiness, organizational support, and environmental pressures do
not directly translate into improved performance unless they lead to actual adoption and utilization of ML
systems. Hence, adoption serves as a transformation bridge between capability and performance outcomes.

Recommendations for Same Logistics Companies

First, SMEs should prioritize investment in ML-based optimization tools, particularly for route planning and
demand prediction. Given that technological factors are the strongest drivers, firms must ensure that selected
ML solutions are compatible, scalable, and user-friendly to facilitate smooth implementation.

Second, organizations should strengthen top management commitment and digital leadership. Leaders must
actively support digital initiatives, allocate sufficient resources, and create a clear strategic direction for ML
adoption. Without leadership backing, adoption efforts are likely to remain superficial.

Third, SMEs should invest in employee upskilling and training programs, particularly in data analytics and
digital tools. Human capability is a key enabler of successful ML implementation, and lack of expertise remains
a major barrier.

Recommendations For Policymakers

Policymakers should enhance support for SME digital transformation by providing:

. Financial incentives and grants for Al and ML adoption
. Technical training programs and workshops
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. Collaborative platforms linking SMEs with technology providers

In addition, awareness campaigns should be conducted to improve understanding of ML benefits, especially
among smaller firms that may lack exposure to advanced technologies.

Recommendations For Technology Providers

Technology vendors should develop cost-effective and SME-friendly ML solutions that require minimal
technical complexity. Simplified interfaces, cloud-based platforms, and scalable solutions can significantly
improve adoption rates among SMEs.

Recommendations for Future Research

Future research should extend the present study by adopting a longitudinal research design to capture the
dynamic and long-term impact of machine learning (ML) adoption on last-mile delivery performance. A cross-
sectional approach, while useful for identifying relationships at a single point in time, does not adequately reflect
how organizational capabilities, technology usage, and performance outcomes evolve. Longitudinal studies
would enable researchers to examine causality, track performance improvements over time, and better
understand the sustainability of ML-driven optimization in SME logistics contexts.

In addition, future studies could undertake comparative analyses across different countries or industries to
enhance the generalizability of findings. Since technological adoption and logistics practices may vary
significantly depending on economic development, regulatory environments, and infrastructure, cross-country
comparisons—particularly between developed and developing economies—would provide deeper insights into
contextual influences. Similarly, comparisons across industries (e.g., logistics vs manufacturing or retail) could
reveal sector-specific adoption patterns and performance outcomes.

Furthermore, future research should explore the integration of complementary digital technologies, such as the
Internet of Things (IoT), Big Data analytics, and blockchain, alongside ML optimization models. The
convergence of these technologies has the potential to create more intelligent, transparent, and responsive
logistics systems. For instance, 10T can enable real-time tracking, Big Data can enhance predictive accuracy,
and blockchain can improve data security and trust. Investigating how these technologies interact with ML could
provide a more holistic understanding of digital transformation in last-mile delivery and uncover new pathways
for operational excellence among SME logistics companies.
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