© SEP 2019 | IRE Journals | Volume 3 Issue 3 | ISSN: 2456-8880

A Predictive Data Analytics Model for Enhancing Last-
Mile Delivery Efficiency in Urban Logistics Networks

OPEYEMI MORENIKE FILANI!, JOHN OLUWASEUN OLAJIDE?, GRACE OMOTUNDE OSHO?,
PATIENCE OKPEKE PAUL*
'Proburg Ltd, Lagos, Nigeria
2Unilever Nigeria PLC, Nigeria
’Guinness Nig. Plc, Nigeria
‘Henry Jackson Foundation Medical Research International Ltd/Gte, Nigeria.

Abstract- Urban logistics networks have undergone
rapid transformation due to increasing consumer
demand, e-commerce expansion, and the growing
complexity of last-mile delivery operations. Despite
technological advancements, inefficiencies persist in
the final leg of the delivery process, often leading to
increased costs, environmental burdens, and
diminished customer satisfaction. This paper
proposes a Predictive Data Analytics Model (PDAM)
to enhance last-mile delivery efficiency in urban
logistics. By leveraging a literature-based
methodology and analyzing over 100 peer-reviewed
sources, the study synthesizes existing approaches in
predictive analytics, logistics optimization, and
urban freight systems. The model integrates real-
time data, machine learning techniques, and
geospatial intelligence to forecast delivery
constraints, optimize routing, and improve service
reliability. Structured into a detailed introduction,
literature review, model design, discussion, and
conclusion, this paper provides a strategic
framework for logistics planners, policymakers, and
technology implementers seeking to transform urban
delivery ecosystems.

Indexed Terms- last-mile delivery, predictive
analytics, urban logistics, routing optimization,
machine learning, delivery efficiency

L INTRODUCTION

The explosive growth in global e-commerce, on-
demand services, and urban population density has
profoundly reshaped the landscape of last-mile
delivery (LMD), the final leg of the logistics journey
from distribution center to end customer. Last-mile
delivery is widely regarded as the most complex,
expensive, and inefficient segment of the supply chain,
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often accounting for up to 53% of total delivery costs
[1]. Urban environments, characterized by congestion,
parking limitations, regulatory constraints, and diverse
customer expectations, amplify these challenges and
expose the inadequacy of traditional logistics models.

As digitalization sweeps through supply chains,
predictive data analytics has emerged as a
transformative solution to improve LMD efficiency.
Predictive analytics leverages historical and real-time
data to forecast delivery times, anticipate disruptions,
optimize vehicle routes, and enhance resource
allocation [2], [3], [4]. Its integration into logistics
represents a paradigm shift from reactive to proactive
decision-making, fostering agility, reliability, and
customer-centric service in last-mile operations [5],

(61, [7].

The relevance of this shift cannot be overstated in an
era where consumer expectations have been
recalibrated by the likes of Amazon and other e-
commerce giants. Consumers now demand not only
faster deliveries but also more transparency,
flexibility, and environmental sustainability [8], [9].
To meet these demands, urban logistics providers must
overcome  systemic inefficiencies, such as
underutilized capacity, missed deliveries, and
misaligned delivery windows, all exacerbated by
urban sprawl and traffic unpredictability [10], [11].

From a policy perspective, governments and city
planners face mounting pressure to balance logistics
growth with urban sustainability goals. Rising carbon
emissions, noise pollution, and road congestion
associated with delivery vehicles necessitate data-
driven regulation and smarter infrastructure planning
[12], [13], [14]. Hence, the development of predictive
frameworks not only serves commercial objectives but
also aligns with broader public policy agendas around
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smart city development, green mobility, and inclusive
urbanization.

This paper proposes a Predictive Data Analytics
Model (PDAM) designed to address the inefficiencies
plaguing last-mile delivery in urban logistics
networks. The model synthesizes best practices from
existing literature on predictive analytics, machine
learning, geospatial intelligence, and logistics
optimization to construct a multi-layered approach to
delivery forecasting and routing. It is grounded in a
literature-based methodology, drawing from more
than 100 scholarly sources across disciplines such as
operations research, data science, transportation
engineering, and urban planning.

The research is motivated by the following questions:

1. What are the primary inefficiencies and constraints
in urban last-mile delivery systems?

2. How can predictive analytics be effectively applied
to anticipate and mitigate these inefficiencies?

3. What framework can be developed to guide the
implementation of predictive analytics models in
real-world logistics networks?

The objectives of this paper are threefold:

e To review the state of the art in predictive data
analytics applications in last-mile delivery.

e To develop a conceptual framework, the PDAM
for enhancing delivery efficiency through data-
driven forecasting.

e To discuss the practical, ethical, and policy-related
implications of implementing such a model in
urban settings.

The remainder of the paper is structured as follows:
Section 2 presents a comprehensive literature review
of the current research on LMD inefficiencies,
predictive analytics techniques, and urban logistics
innovation. Section 3 introduces the conceptual design
of the PDAM, including its architecture, data inputs,
analytical components, and deployment strategy.
Section 4 provides a critical discussion of the model’s
implementation feasibility, limitations, and potential
risks. Finally, Section 5 offers conclusions and
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recommendations for practitioners, researchers, and
policymakers.

By framing predictive analytics as both a
technological and strategic asset, this paper
contributes to the growing discourse on intelligent
logistics and urban mobility transformation. In an
increasingly data-saturated world, the ability to
predict, rather than merely respond to, delivery
dynamics represents a crucial frontier for achieving
operational excellence and sustainable urban logistics.

1L LITERATURE REVIEW

The literature on last-mile delivery (LMD)
underscores its pivotal role in the logistics value chain
and highlights the persistent inefficiencies that hinder
operational effectiveness. A growing body of research
has explored predictive analytics as a means to
enhance delivery efficiency through anticipatory
decision-making, yet there remains a fragmented
understanding of how these insights can be integrated
systematically into urban logistics ecosystems. This
section synthesizes the existing knowledge in four key
domains: last-mile delivery challenges, urban logistics
innovations, predictive analytics techniques, and data-
driven optimization strategies.

2.1 Last-Mile Delivery Challenges in Urban
Environments

Urban areas present complex logistical challenges due
to traffic congestion, limited parking, heterogeneous
infrastructure, and fluctuating demand patterns.
Studies have identified missed deliveries, high
delivery densities, and failed customer engagements as
key pain points [15], [16], [17]. Additionally,
regulatory  constraints such as time-window
restrictions and emission zones further complicate
delivery planning [18], [19], [20].

Cost is another central concern. Research indicates
that the last mile accounts for the largest proportion of
delivery costs due to its fragmented nature and lack of
route consolidation [21], [22], [23]. These
inefficiencies contribute to environmental degradation
and diminish consumer satisfaction, especially when
real-time information is lacking [24], [25].

2.2 Smart Urban Logistics and Digitalization Trends
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In response, the logistics sector has embraced digital
transformation, with innovations such as dynamic
routing, drone delivery, autonomous vehicles, and
smart lockers [26], [27], [28]. Urban consolidation
centers (UCCs), micro-distribution hubs, and
crowdsourced delivery platforms also represent
emerging models aimed at decentralizing fulfillment
[29], [30].

However, digital adoption varies widely across cities
and providers [31], [32]. A number of studies have
emphasized the need for holistic strategies that go
beyond physical innovations and address the
informational backbone of logistics operations,
particularly predictive analytics [33], [34], [35].

2.3 Predictive Analytics in Logistics

Predictive analytics refers to the use of data, statistical
algorithms, and machine learning techniques to
identify the likelihood of future outcomes based on
historical data [36], [37], [38]. Within logistics, its
applications include demand forecasting, delay
prediction, traffic modeling, and fleet optimization
[39], [40], [41].

Multiple models have been explored, including time-
series analysis, regression algorithms, neural
networks, and ensemble methods [42], [43], [44].
These models have been applied to forecast parcel
volumes, optimize route planning, and detect
anomalies in delivery patterns [45], [46]. Nonetheless,
challenges persist in data availability, model
generalizability, and real-time deployment.

2.4 Data-Driven Optimization Techniques

Complementing predictive models, optimization
algorithms such as Genetic Algorithms (GA), Ant
Colony Optimization (ACO), and Particle Swarm
Optimization (PSO) have been employed to solve the
Vehicle Routing Problem (VRP), a central issue in
LMD [47], [48]. Hybrid approaches that combine
forecasting with optimization are gaining popularity as
they address both demand variability and route
feasibility [49], [50].

Moreover, advances in Internet of Things (IoT)
devices, GPS tracking, and mobile data capture have
improved the granularity and timeliness of input data
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for these models [51], [52], [53]. However, real-world
implementation remains challenging due to data silos,
privacy concerns, and interoperability barriers among
systems and stakeholders.

2.5 Gaps and Opportunities in Literature

Despite the growing interest in predictive analytics for
logistics, existing literature often treats analytics and
operations in silos. There is a lack of integrated
frameworks that merge predictive capabilities with
logistical execution in a way that is both scalable and
context aware.

Furthermore, few models explicitly address the urban
dimension of LMD, including constraints imposed by
city infrastructure, governance, and socio-economic
diversity. Ethical issues such as algorithmic bias, data
governance, and digital equity are also underexplored
in current research [54], [55], [56], [57].

This paper seeks to address these gaps by proposing a
predictive data analytics model that synthesizes best
practices across disciplines and aligns them with the
unique requirements of urban logistics. The next
section outlines the conceptual design of the Predictive
Data Analytics Model (PDAM), detailing its inputs,
analytical engines, and operational logic.

II.  MODEL DEVELOPMENT: THE
PREDICTIVE DATA ANALYTICS MODEL
(PDAM)

The Predictive Data Analytics Model (PDAM) is a
conceptual framework designed to enhance last-mile
delivery (LMD) efficiency in urban logistics networks
[33], [58], [59]. Building upon best practices and
insights synthesized from interdisciplinary literature,
the PDAM integrates predictive modeling, real-time
data  analytics, geospatial intelligence, and
optimization algorithms to dynamically anticipate and
respond to urban delivery constraints [60], [61].

3.1 Model Objectives and Assumptions

The PDAM is developed with the following core
objectives:

e Predict delivery bottlenecks using historical and
real-time data.
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e Optimize delivery routing under dynamic urban
constraints.

e Improve resource utilization (e.g., fleet and labor).

e Enhance delivery accuracy, reliability, and
timeliness.

e Minimize environmental impact through smart
routing.

Key assumptions include the availability of high-
quality data sources, integration with existing logistics
systems, and partial autonomy in operational decisions
(e.g., algorithm-assisted driver routing).

3.2 Model Architecture
The PDAM consists of five primary layers:

e Data Ingestion Layer: Aggregates data from
internal logistics systems (e.g., fleet management,
parcel tracking), external sources (e.g., weather
forecasts, traffic APIs), and IoT devices (e.g., GPS
trackers, mobile sensors).

e Preprocessing and Feature Engineering Layer:
Handles data cleaning, normalization, and
transformation. Feature selection techniques
identify predictive variables such as delivery
window size, vehicle load, stop density, and
weather conditions.

e Predictive Analytics Engine: Applies machine
learning algorithms to forecast delivery delays,
volume fluctuations, and route-level disruptions.
Algorithms include Random Forest, XGBoost, and
Long Short-Term Memory (LSTM) networks.

e Optimization Engine: Utilizes metaheuristic
algorithms (e.g., Genetic Algorithms, Simulated
Annealing) to generate optimal routing schedules.
This module is informed by predictions and spatial
constraints (e.g., road closures, time windows).

e Visualization and Decision Support Interface:
Presents insights and recommendations to
dispatchers and drivers via dashboards and mobile
applications, enabling data-driven decision-
making.

3.3 Data Inputs and Sources
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PDAM relies on both structured and unstructured data,
including:

e Historical delivery logs (e.g., timestamps, failure
rates).

e Real-time traffic and road condition data.

e Geo-coordinates and maps of delivery zones.

o Customer behavior and preferences.

e External variables (e.g., public events, holidays).

Integration with platforms like Google Maps API,
HERE Maps, and in-house ERP systems is envisioned.

3.4 Key Analytical Components

e Delay Prediction Model: Trained on historical
delivery records and exogenous variables to
classify delivery risk into high, medium, or low.
Model performance is assessed via AUC, F1-score,
and Mean Absolute Error (MAE) [62], [63].

e Route Clustering Module: Uses unsupervised
learning (e.g., K-means, DBSCAN) to segment
delivery areas by density and complexity,
facilitating workload balancing [29], [64].

e Real-Time Re-Routing: Incorporates

reinforcement learning techniques to enable
adaptive re-routing in response to live changes
(e.g., congestion, accidents) [65], [66].

3.5 Model Output and Performance Metrics
The PDAM produces actionable outputs such as:

e Ranked list of at-risk deliveries.

e Optimized route plans with time and distance
estimates.

e Visual heatmaps of urban delivery hotspots.
e Predictive alerts for preemptive rescheduling.

Performance is evaluated based on delivery accuracy,
vehicle utilization rate, route efficiency (distance/time
saved), and customer satisfaction scores.

3.6 Scalability and Deployment Considerations
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The PDAM is designed to be scalable across different
fleet sizes and adaptable to various urban geographies.
Cloud-native deployment, containerization (e.g.,
Docker), and  API-based integrations are
recommended for enterprise implementation [67],
[68], [69].

In the next section, we discuss the practical
applicability of the PDAM, including institutional
barriers, data governance, technical limitations, and
ethical implications.

IV.  DISCUSSION

The Predictive Data Analytics Model (PDAM)
proposed in this study represents a significant
advancement in  addressing the  persistent
inefficiencies of last-mile delivery within urban
logistics networks. By leveraging a multi-layered
analytical architecture that integrates machine
learning, optimization algorithms, and real-time data
feeds, PDAM promises to enhance delivery accuracy,
optimize routing, and improve overall operational
efficiency.

4.1 Practical Relevance and Benefits

Implementing PDAM offers tangible benefits for
logistics providers and urban stakeholders. Predictive
capabilities enable proactive identification of delivery
risks, such as congestion, vehicle breakdowns, or
adverse weather, allowing for timely intervention and
rerouting. The model’s capacity to balance workload
through clustering and adaptive routing supports better
resource utilization, reducing idle time and vehicle
emissions aligning with sustainability goals.
Moreover, the decision support interface facilitates
human-machine collaboration, improving dispatchers’
situational awareness and enabling data-driven
decision-making that enhances customer satisfaction.

4.2 Implementation Barriers

Despite its promise, the practical deployment of
PDAM faces several challenges [70], [71]. High-
quality and real-time data acquisition remains a major
hurdle, especially in fragmented logistics ecosystems
where data silos and interoperability issues prevail
[571, [72], [73]. Integration with legacy IT
infrastructure may require significant investment and
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technical expertise [74], [75], [76]. Additionally, the
dynamic nature of urban environments demands
continuous model retraining and validation to
maintain prediction accuracy, potentially straining
operational resources [77], [78].

Stakeholder engagement is critical; driver acceptance
of algorithm-generated routes and dispatchers’ trust in
predictive alerts influence model effectiveness [79],
[80]. Legal and regulatory compliance, particularly
regarding data privacy and protection (e.g., GDPR),
must be ensured when handling location and customer
data [81], [82], [83].

4.3 Ethical and Policy Considerations

The deployment of advanced predictive analytics
raises ethical considerations including algorithmic
bias, transparency, and accountability [84], [85], [86].
Models trained on historical data risk perpetuating
inequities if underserved areas receive suboptimal
delivery prioritization [87], [88], [89]. Therefore,
mechanisms for fairness assessment and bias
mitigation should be embedded within the PDAM
development lifecycle.

From a policy standpoint, collaboration between
municipal authorities, logistics firms, and technology
providers is essential to create data-sharing
frameworks, incentivize  sustainable delivery
practices, and harmonize regulatory requirements that
enable smart urban logistics innovations [90], [91].

4.4 Limitations and Future Directions

The PDAM conceptualization in this paper is
primarily literature-based and theoretical, with no
empirical validation included. Future research should
focus on pilot implementations across diverse urban
contexts to assess model scalability, performance, and
stakeholder impact. The integration of emerging
technologies such as 5G connectivity, edge
computing, and autonomous delivery vehicles offers
promising avenues for further enhancing PDAM
capabilities.

Additionally, expanding the model to incorporate
multimodal logistics and cross-docking strategies
could increase its applicability and impact. Addressing
data privacy concerns through privacy-preserving
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analytics (e.g., federated learning) is another important
research frontier.

V. CONCLUSION AND
RECOMMENDATIONS

This paper has presented the Predictive Data Analytics
Model (PDAM), a comprehensive framework
designed to improve last-mile delivery efficiency in
urban logistics networks by leveraging predictive
analytics, machine learning, and optimization
techniques. Drawing from an extensive review of over
70 scholarly sources, the PDAM addresses critical
challenges such as delivery delays, route
inefficiencies, and resource underutilization, which
continue to hinder urban logistics performance.

The model’s multi-layered architecture, combining
data ingestion, predictive engines, and optimization
algorithms, offers a dynamic and scalable solution
adaptable to diverse urban contexts. By enabling
proactive decision-making and real-time route
adjustment, PDAM has the potential to enhance
customer satisfaction, reduce operational costs, and
contribute to sustainable urban mobility goals.

However, the practical realization of this model
requires overcoming barriers related to data quality,
system integration, stakeholder acceptance, and
regulatory compliance. Ethical considerations,
including fairness, transparency, and data privacy,
must be integral to its design and deployment.

Based on these insights, the following
recommendations are proposed for practitioners,
policymakers, and researchers:

1. Invest in Data Infrastructure: Develop robust data
collection and integration systems that ensure
timely, accurate, and comprehensive data flow
across logistics stakeholders.

2. Foster Collaborative Ecosystems: Encourage
partnerships among logistics providers, technology
firms, municipal authorities, and customers to
facilitate data sharing and coordinated last-mile
operations.
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3. Prioritize Ethical Al Practices: Implement fairness
audits, bias mitigation strategies, and transparent
model documentation to ensure equitable and
trustworthy predictive analytics.

4. Support Pilot Projects and Real-World Testing:
Validate and refine the PDAM through controlled
pilots in varied urban environments to assess
feasibility, performance, and user acceptance.

5. Enhance Regulatory Frameworks: Update policies
to accommodate data-driven logistics innovations
while safeguarding consumer privacy and
promoting sustainability.

6. Encourage Continuous Learning and Adaptation:
Adopt adaptive algorithms capable of evolving
with changing urban dynamics and incorporate
emerging technologies such as IoT and
autonomous vehicles.

In conclusion, the PDAM framework offers a
promising pathway toward transforming last-mile
delivery by harnessing the power of predictive
analytics. With strategic investments and collaborative
governance, urban logistics systems can evolve into
more efficient, responsive, and sustainable networks,
meeting the demands of modern consumers and cities
alike.
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