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Abstract
Keywords Introduction / Background: Artificial intelligence is quickly changing how
Anrtificial Intelligence, Logistics logistics gets done. Modern supply chains tie manufacturers, suppliers, retailers,
Efficiency, Supply Chain  and consumers into networks of real complexity, and Al is making the
Management, Machine  operations inside them smarter, faster, and cheaper.

Learning, Route Optimisation, Problem: The old way of running things — manual processes and rule-based
Warehouse Automation,  software — cannot keep pace with supply chains that are dynamic, data-heavy,
Demand Forecasting, LastMile and global. The result is a familiar list of troubles: delays, errors, waste, and
Delivery. budgets that refuse to hold.

Evidence: The numbers make the case. Al demand forecasting cuts inventory
holding costs by as much as 30%. Route optimisation has saved 10-15% on
fuel and trimmed delivery times by up to 20%. Warehouse automation has
pushed orderfulfilment accuracy to 99.9% while lowering operational labour
costs by 25-40%.

Method, tools and models: The paper works through current literature,
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realworld case studies, and industry adoption data across three domains —
demand forecasting and inventory management, route optimisation and fleet
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management, and warehouse automation — covering machine learning, deep
learning, computer vision, natural language processing, and autonomous
Hamza Ali systems.

Outcomes / Conclusion: Al delivers real, measurable efficiency gains. But
adoption is not free of friction: implementation is expensive, data privacy is a
live concern, jobs will shift, and skilled people are scarce. The paper closes with
a fourphase strategic roadmap for organisations that want the gains while
keeping transition risks in hand.

1. INTRODUCTION

Logistics is the plumbing of modern commerce.
Valued at over $8.4 trillion in 2023, the industry
connects manufacturers, suppliers, retailers, and
consumers across networks that grow more
tangled every year (Statista, 2024). The pressure
on it keeps mounting, too — customers expect
more, e-commerce keeps growing, supply chains
keep getting disrupted, and competition keeps
sharpening. Getting the right goods to the right
place at the right time, at the lowest possible

cost, has never mattered more. It has also never
been harder to pull off with traditional methods
(1-4].

For decades, those methods were enough.
Manual processes, rule-based software, and
human judgment handled routing decisions,
inventory levels, warehouse workflows, and last-
mile delivery, and in stable conditions they
worked reasonably well. Today’s supply chains
are anything but stable. They are dynamic, data-
intensive, and globally interconnected, and
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organizations that have not moved past the old
approaches keep hitting the same wall: delays,
inaccuracies, inefficiencies, and cost overruns [5-
7.

This is where Al changes the picture.
Conventional software executes rules someone
wrote in advance. Al systems learn from data,
adapt as conditions shift, spot patterns no
human would notice, and make decisions on
their own — abilities that happen to fit logistics
almost perfectly, since complexity and variability
are the industry’s defining features. Machine-
learning models now predict demand weeks
ahead. Computer vision sorts packages. Natural
language processing cuts through freight
paperwork. The applications run the full length
of the operational value chain [8-10].

The World Economic Forum’s 2020 report on
the last-mile ecosystem framed it plainly: Al is
not one more passing technology trend in
logistics  but the defining operational
transformation of its time.

Adoption reflects that assessment. A McKinsey
Global Survey (2023) found that 65% of logistics
companies had built Al into at least one core
operational function, up from just 20% in 2017.
The giants — Amazon, DHL, FedEx, Maersk,
and Alibaba — have poured billions into Al
infrastructure and can point to documented
efficiency gains, while a growing wave of Al
native start-ups has put similar capabilities
within reach of smaller operators.

1.1 Research Objectives

. Review the current state of Al adoption
across the main logistics functions, drawing on
peer-reviewed literature, industry reports, and
documented case studies.

. Examine how, exactly, Al improves
logistics efficiency — with attention to metrics
that can actually be measured: cost reduction,
speed improvement, and fewer errors.

. Identify and weigh the principal barriers
to adoption, across their technical, financial,
organisational, and ethical dimensions.

. Propose a strategic framework that
organisations can use to guide adoption
decisions and plan implementation [11-15].

1.2 Scope and Significance

The study concentrates on three domains:
demand forecasting and inventory optimization;
transportation route optimization and fleet
management; and warehouse operations and
fulfilment automation. These are where the
money is currently going and where the impact
is best documented. Rather than dissecting
individual technologies one by one, the paper
looks at how Al is reshaping the logistics
function as a whole — and because logistics
underpins nearly every sector of the economy,
gains here ripple well beyond the industry itself
[16-18].

1.3 Motivation

This research grew out of a gap that keeps
widening: the distance between  what
organizations say about Al and what they
actually get from it. Headline results from the
industry leaders are genuinely impressive, but
plenty of firms treat Al as a straightforward
technical upgrade — and then wonder why the
returns fall short of the projections.
Understanding how Al creates efficiency, and
what conditions have to be in place for it to do
so, is worth knowing academically and urgent

practically for managers squeezed on both cost
and service [19-21].

1.4 Contribution

The paper makes three contributions. First, it
offers an integrated, cross-domain synthesis of
Al’s impact on logistics efficiency rather than
another single-use-case analysis. Second, it pulls
quantitative performance evidence from large-
scale enterprise deployments into a form that
allows genuine comparison. Third, it turns those
findings into a four-phase adoption framework
that takes seriously the data, organisational, and
workforce questions technical studies tend to

skip [22].

2. Literature Review / Related Work

The academic literature on Al in logistics has
grown quickly over the past decade, keeping
pace with both the topic’s rising importance and
the technology itself. Early work tackled isolated
optimization problems — vehicle routing,
warehouse slotting — using classical operations
research with a layer of machine learning on top.

https://ijournalar.com

| Ali et al., 2026 |

Page 227



INTERNATIONAL JOURNAL OF ADVANCED RESEARCH

ISSN: 3106-7980 : 3106-7972

Volume 3, Issue 3, 2026

More recent studies take a broader, data-driven
view, using deep learning, reinforcement
learning, and multi-agent systems to grapple with
the full complexity of modern logistics networks
at once [23].

2.1 Al and Supply-Chain Optimisation

Ivanov and Dolgui (2021) reviewed Al
applications across supply-chain management
and found machine learning and data analytics
to be the most widely adopted technologies,
applied mainly to demand sensing, supplier-risk
assessment, and inventory control. Across the
214 peerreviewed studies they analysed, one
finding held steady: Al-enhanced processes
outperform traditional approaches on efficiency,
though how much depends heavily on context.
Jaipuria and Mahapatra (2010) showed that
artificial neural networks forecast demand
markedly better than conventional statistical
methods — especially when seasonality,
promotions, or external shocks make the
numbers jumpy.

2.2 Route Optimisation and Transportation

The vehicle routing problem (VRP) and its many
variants have long served as a proving ground for
Al against classical methods. Nazari et al. (2018)
showed that pointer networks trained with

reinforcement learning could solve VRP
instances at near-optimal quality in a fraction of
the computing time — fast enough for real-time
dynamic routing. Kool et al. (2019) pushed
solution quality further with attention-based
architectures. Savelsbergh and Van Woensel
(2016) documented the emerging “Physical
Internet” concept, arguing that Al-enabled
matching of freight with available capacity could
cut empty-truck miles in half. That is no small
prize: empty miles account for an estimated 20-
35% of all truck movements in developed
economies [24].

2.3 Warehouse Automation

Warehouse gathered  real
momentum after Amazon acquired Kiva
Systems in 2012. Boysen et al. (2019) mapped
the technology landscape in a comprehensive
taxonomy and concluded that Al-driven robotic
systems pay off most in high-volume, high-SKU
environments — exactly where manual processes
choke on throughput and error risk. Fragapane
et al. (2021) extended the analysis to
autonomous mobile robots (AMRs), finding
that Al-coordinated AMR fleets beat fixed
automation on flexibility, scalability, and total

cost of ownership over five-to-ten-year operating
horizons [25].

automation

Table 1. Comparative summary of representative Al-in-logistics studies (2018-2021).

Results Output

analytics

Article Focus / Title Method
Ivanov & Dolgui | AI  applications  in | ML,
(2021) supply-chain

management (214-study

review)

Demand
sensing, risk &

data | Al-enhanced
processes
outperform inventory
traditional methods | control
on efficiency

Fragapane et al. | Autonomous  mobile | Al-coordinated
(2021) robots for intralogistics | AMR fleets

Outperform  fixed | Scalable

automation in | warehouse
flexibility & total | automation
cost

Boysen et al. | Warehousing in the e- | Taxonomy / | Robotics  best in | Throughput

(2019) commerce era survey high-volume, high- | gain, error
SKU settings reduction
Kool et al. | Attention-based Deep RL, | Improved VRP | Near-real-time
(2019) learning for routing | attention solution quality routing
problems networks
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(2018) for vehicle routing

Nazari et al. | Reinforcement learning | Pointer
networks + RL

Near-optimal Dynamic  real-
solutions at reduced | time routing
compute time

2.4 Comparative Analysis of Recent Studies
Table 1 lines up five influential studies from the
last five years, comparing their focus, methods,
results, and practical outputs. Read together,
they tell one consistent story: learning-based
methods — reinforcement learning and deep
neural networks above all — keep outperforming
classical optimization and statistical baselines,
while delivering the responsiveness that real-
time logistics decisions demand [26].

3. Research Methodology

This paper uses a qualitative, literature-driven
research  design, backed by secondary
quantitative  evidence from documented
industry deployments. The aim is to pull
scattered  findings into one  coherent,
comparable account of how Al improves
logistics efficiency — and then turn that account
into an adoption framework practitioners can
actually use.

3.1 Research Gap

Rich as the literature is, three gaps persist. Most
studies examine one Al application at a time
rather than the combined effect of several
systems running simultaneously across logistics
functions. The evidence skews heavily toward
large enterprises, leaving small and medium-
sized providers thinly covered. And the human
side of adoption — displacement, reskilling,
employee acceptance — receives far less attention
than questions of technical performance. This
study takes an integrated analytical lens to all

three [27].

3.2 Problem Statement

Logistics organisations increasingly see Al’s
potential; far fewer manage to convert that
interest into working systems. The problem this
research addresses is twofold. There is no
consolidated, cross-domain picture of where and
how Al delivers measurable efficiency gains in
logistics. And there is no structured framework
for turning such a picture into a phased, risk-

aware adoption path that fits organisations of
different scale and maturity [28].

3.3 Data Collection

Consistent with the review design, data came
from secondary sources rather than primary
experimentation: peer-reviewed journal articles,
conference proceedings (NeurIPS, ICLR),
industry  research  reports  (McKinsey,
Capgemini, World Economic  Forum),
corporate annual reports, and publicly
documented enterprise case studies. Where
available, open datasets and published
performance figures — from platforms such as
Kaggle and from company disclosures — were
used to crosscheck the reported efficiency
metrics. Only material relevant to logistics

efficiency and reporting quantifiable outcomes
made the cut [29].

3.4 Tools and Methods

The Al methods examined across the reviewed
sources span several families: supervised
machine learning, including gradient-boosting
models such as XGBoost and LightGBM, for
demand forecasting; deep learning, from LSTM
and  transformer time-series models to
convolutional neural networks wused in
computer-vision quality control; reinforcement
learning for routing and multi-echelon inventory
optimization; and natural language processing
for freight documentation and voice-directed
picking. Analytical tools referenced in the
literature include statistical packages such as
SPSS and numerical environments such as
MATLAB, alongside modern machine-learning
frameworks [30].

3.5 Process Model

Figure 1 sketches the workflow this study
followed: identify and screen the literature,
extract and sort the data into the three focus
domains, compare findings across studies, and
finally synthesize the proposed strategic
framework.
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Literature Search
& Identification

Literature Screening
& Eligibility Check

Data Extraction & Classification

* Human-Centered Al
+ Explainable Al
* Responsible Al Governance

Comparative Analysis
Across

Studies

Evidence
& Key Findings

Synthesis

Proposed Strategic Framework
for Trustworthy Human-Centered Al

Figure 1. Research process model adopted in this study.

4. Experimentation

Because this study is a structured review rather
than a primary empirical investigation,
“experimentation” here means a systematic
comparative analysis of documented, real-world
Al deployments. Each deployment is treated as a
natural experiment: a logistics function before
and after Al adoption, with publicly reported
performance metrics serving as the observed
outcomes.

Three experimental groupings were analysed. In
demand forecasting and inventory management,
machine-learning models fed high-dimensional
internal and external signals — weather,
macroeconomic indicators, search trends,
competitor pricing — were set against traditional
ARIMA and exponential-smoothing baselines.
In route optimisation, reinforcement-learning
and attention-based routing agents were
compared with static heuristic route planning.

In warehouse automation, Al-coordinated
robotic fleets and computer-vision inspection
were measured against manual operations.
Each grouping was then characterised along
three dimensions — cost or fuel reduction, speed
or cycle-time gain, and accuracy improvement —
using midpoint values of the ranges reported in
the source material. That puts very different
studies on a single comparative scale; Section 5
presents what it shows.

5. Results and Discussion

The comparative analysis confirms it: Al
produces substantial, measurable efficiency
gains in all three logistics domains, though the
size and shape of those gains differ by function.
Figure =~ 2 summarises the  reported
improvements; Table 2 maps representative
enterprise deployments to their headline
outcomes.
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60

Figure 2. Documented Al Efficiency Gains Across the Three Studied Domains

I Cost/Fuel Reduction
[ Speed/Cycle-Time Gain
B Accuracy Improvement

Improvement (%)

Demand Forecasting
& Inventory

Route
Optimization

Al Application Domain

Warehouse
Automation

Figure 2. Documented Al efficiency gains across the three studied domains.

Warehouse

the

automation  posts largest
accuracy and cycle-time gains, driven by robotic
order  fulflment and  computer-vision
inspection. Demand forecasting delivers the
most balanced profile, improving cost, service

Table 2. Representative Al deployments and re

level, and forecast accuracy all at once. Route
optimisation shows more modest percentages —
but transportation eats 50-60% of total logistics
cost, so even small percentage improvements

convert into very large absolute savings.

ported efficiency outcomes.

Logistics Function | Representative Key Metric Reported Improvement

Deployment
Demand Amazon global | Inventory holding | “$1B/yr  saved; stockouts
forecasting marketplace cost down 30%
Inventory Major retailers | Total inventory cost | 25-35% reduction
optimisation (reinforcement learning)
Route UPS ORION (55,000 | Miles & fuel | 100M fewer miles, 10M gal/yr
optimisation drivers) consumed (7$300-400M)
Fleet maintenance | DHL European truck | Unplanned 25% reduction

fleet breakdowns
Warehouse Amazon Robotics | Order cycle time /| 60-75 min down to 15 min;
automation (750,000+ robots) accuracy 99.9% accuracy

The adoption trend in Figure 3 reinforces the
point. The share of logistics firms using Al in at
least one core function climbed from 20% in

2017 to 65% in 2023 evidence that

documented gains are driving rapid, broad-based
uptake across the industry, not just headlines
from a handful of pioneers.
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Figure 3. Growth in Al Adoption Among Logistics Firms (2017-2023)
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Figure 3. Growth in Al adoption among logistics firms, 2017-2023.

The caveats matter as much as the headlines.
Reported gains come mostly from well-
resourced, data-mature organisations; smaller
providers working with fragmented data
environments may see smaller returns. Data
preparation alone can consume 60-80% of a
project’s total effort. A  comprehensive
programme costs anywhere from $5 million to
$50 million, with payback periods of three to
seven years. And Al and automation could
displace 20-30% of logistics roles over the next
decade — a reminder that efficiency gains carry
organisational and social costs, and those costs
have to be managed deliberately rather than
discovered by accident.

5.1 Strategic Framework

Pulling the evidence together, the paper
proposes a four-phase adoption path. Phase one
is foundation building: audit the data, establish
governance, and get leadership genuinely literate
in AL. Phase two is pilot implementation: start
with high-value, lowerrisk use cases such as
demand forecasting or routing, measure them
rigorously, and pair them with real change
management. Phase three is scaling and
integration: extend what has proven itself across
the operational footprint and connect the
systems so decisions coordinate rather than
collide. Phase four is innovation and
differentiation: invest in autonomous vehicles,
generative Al, and proprietary data assets that
competitors cannot easily copy.

Phase 1 Phase 2
Foundation Pilot Implementation
+ Data Audit + Demand Forecasting
+ Al Governance " * Route Optimization

+ Leadership * KPI Evaluation
Al Literacy + Change Management

Decision Making

Phase 3 Phase 4
Scaling & Integration Innovation
+ Enterprise Rollout + Autonomous Vehicles
+ System Integration " * Generative Al
+ Coordinated * Proprietary Data

Assets

Figure 4. Four-Phase Al-Adoption Framework for Logistics Organizations

6. Conclusion

This paper set out to examine what artificial
intelligence actually does for the efficiency of
logistics operations. Across all three domains

studied — demand forecasting and inventory
management, route optimisation and fleet
management, and warehouse automation — the
evidence points the same way: substantial,
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measurable improvement in cost, speed,
accuracy, and adaptability. The strongest
evidence comes from the largest deployments.
Amazon’s robotics systems have cut order-
fulfilment times by roughly 75%. UPS’s ORION
routing system saves about 100 million miles a
year. Al demand forecasting at major retailers
has trimmed inventory costs by 25-35% while
service levels improved. These are not outliers;
the same pattern repeats across geographies,
company sizes, and logistics segments. The
harder lesson is that adopting Al is not a
technology upgrade — it is an organisational
transformation, and it demands sustained
attention to data infrastructure, change
management, workforce development, and
governance. Firms that treat Al as a purely
technical initiative consistently underperform
those that take the integrated view. Looking
ahead, the convergence of Al with autonomous
vehicles, IoT sensor networks, and advanced
robotics will produce logistics systems of
remarkable intelligence, efficiency, and
resilience. For logistics leaders, the question has
already moved on: not whether to invest in Al,
but how to do it with the strategic clarity,
organisational commitment, and operational
discipline the technology demands.

REFERENCES

Amazon.com, Inc.,, Amazon Annual Report
2023. Amazon, 2023.

N. Boysen, R. de Koster, and F. Weidinger,
"Warehousing in the e-commerce era: A
survey," European Journal of Operational
Research, vol. 277, no. 2, pp. 396-411,
2019.

E. Brynjolfsson and A. McAfee, "The Business of
Artificial Intelligence," Harvard Business
Review, vol. 100, no. 4, pp. 3-11, 2022.

Capgemini Research Institute, The Last-Mile
Delivery Challenge. Capgemini Research
Institute Report, 2019.

G. Fragapane, R. de Koster, F. Sgarbossa, and J.
O. Strandhagen, "Planning and control of
autonomous  mobile  robots  for
intralogistics,” European Journal of

Operational Research, vol. 294, no. 2, pp.
405-426, 2021.

D. Ivanov and A. Dolgui, "A digital supply chain
twin for managing disruption risks and
resilience in the era of Industry 4.0,"
Production Planning & Control, vol. 32,
no. 9, pp. 775-788, 2021.

S. Jaipuria and S. S. Mahapatra, "An improved
demand forecasting method to reduce the
bullwhip effect in supply chains," Expert
Systems with Applications, vol. 37, no. 8,
pp. 5840-5848, 2010.

W. Kool, H. van Hoof, and M. Welling,
"Attention, learn to solve routing
problems!," in Proc. Int. Conf. Learning
Representations (ICLR), 2019.

McKinsey & Company, The State of Al in 2023:
Generative Al's Breakout Year. McKinsey
Global Institute, 2023.

S. Riaz et al., "Software development empowered
and secured by integrating a DevSecOps
design," Journal of Computing &
Biomedical Informatics, p. 02, Mar. 2025,
doi: 10.56979/802/2025.

M. Ibrar et al., "Econnoitering data protection
and recovery strategies in the cyber
environment: A thematic analysis," Int. ].
Electronic Crime Investigation, vol. 8,
Dec. 2024, doi:
10.54692/ijeci.2024.0804216.

Z. Zafar, K. Hamid, M. Kafayat, M. W. Igbal, Z.
Nazir, and A. Ghani, "Albased
cryptographical framework empowered
network security," Journal of Jilin
University (Engineering and Technology
Edition), vol. 42, pp. 497-510, Apr. 2023,
doi: 10.17605/0OSF.I0/W69VT.

K. Hamid et al., "Empowering robust security
measures in Node.js-based REST APIs by
JWT tokens and password hashing:
Safeguarding cyber world," Annual
Methodological Archive Research Review,
vol. 3, May 2025, doi:
10.63075/w2nam443.

M. W. Igbal, K. Hamid, M. Ibrar, A. Delshadi,
N. Zairah, and Y. Mahmood, "Meta-
Analysis and Investigation of Usability
Attributes for Evaluating Operating
Systems," Migration Letters, vol. 21, pp.
1363-1380, Apr. 2024.

https://ijournalar.com

| Ali et al., 2026 |

Page 233



INTERNATIONAL JOURNAL OF ADVANCED RESEARCH

ISSN: 3106-7980 : 3106-7972

Volume 3, Issue 3, 2026

K. Hamid et al., "MLbased Meta-Model
Usability Evaluation of Mobile Medical
Apps," International Journal of Advanced
Computer Science and Applications
(JACSA), vol. 15, no. 1, pp. 1-33, 2024,
doi: 10.14569/1JACSA.2024.0150104.

M. Nazari, A. Oroojlooy, L. Snyder, and M.
Takac, "Reinforcement learning for
solving the vehicle routing problem," in
Advances in  Neural Information
Processing Systems (NeurIPS), pp. 9839-
9849, 2018.

S.W. Haider, A. Ahmed, S. Zubair, M. W. Igbal,
S. Arif, and K. Hamid, "Fuzzy-based expert
system for test case generation on web
graphical user interface for usability test
improvement," Journal of Jilin University
(Engineering and Technology Edition),
vol. 42, pp. 549-565, May 2023, doi:
10.17605/0SF.1I0/H5ER9.

M. Awais, M. Tahir, R. Farid, S. Zubair, M. W.
Igbal, and K. Hamid, "Guide-A tool to
detect the GUI elements to enhance the
efficiency of testing," Journal of Jilin
University (Engineering and Technology
Edition), vol. 42, pp. 55-69, Apr. 2023,
doi: 10.17605/0OSF.1I0/2XBPZ.

N. Rasool, S. Khan, U. Haseeb, S. Zubair, M. W.
Igbal, and K. Hamid, "Scrum and the agile
procedure’s impact on software project
management,” Journal of Jilin University
(Engineering and Technology Edition),
vol. 42, pp. 380-392, Feb. 2023, doi:
10.17605/0OSF.1I0/MQWOP.

M. Salahat et al., "Software Testing Issues
Improvement in Quality Assurance," in
2023 Int. Conf. Business Analytics for
Technology and Security (ICBATS), pp.
1-6, Mar. 2023, doi:
10.1109/ICBATS57792.2023.10111145.

S. Akram, M. Ageel, M. W. Igbal, K. Hamid,
and S. Rafiq, "Enhancing software quality
through usability experience and HCI
design principles," Journal of Jilin
University (Engineering and Technology
Edition), vol. 42, pp. 46-75, Feb. 2023,
doi: 10.17605/0OSF.IO/MFE45.

M. Savelsbergh and T. Van Woensel, "City
logistics: Challenges and opportunities,”
Transportation Science, vol. 50, no. 2, pp.

579-590, 2016.

A. Alghamdi, K. Hamid, M. Igbal, M. Ashraf, A.
Alshahrani, and A. Alshamrani,
"Topological  evaluation of certain
computer networks by contraharmonic-
quadratic indices," Computers, Materials
& Continua, vol. 74, no. 2, p. 3795, 2023.

E. Arif, "K-Banhatti invariants empowered
topological investigation of bridge
networks," Computers, Materials &
Continua, 2022.. Available:
https://www.academia.edu/download/1
11417297/pdf.pdf. [Accessed: Apr. 20,
2026).

K. Hamid, M. W. Igbal, Q. Abbas, M. Arif, A.
Brezulianu, and O. Geman, "Discovering
irregularities from computer networks by
topological mapping," Applied Sciences,
vol. 12, no. 23, p. 12051, 2022.

K. Hamid, M. Igbal, M. Ashraf, A. Alghamdi, A.
Bahaddad, and K. Almarhabi, "Optimized
evaluation of mobile base station by
modern topological
Computers, Materials & Continua, vol.
74, no. 1, p. 363, 2023.

K. Hamid, M. W. Igbal, Q. Abbas, M. Arif, A.
Brezulianu, and O. Geman, "Cloud
computing network empowered by
modern topological invariants," Applied
Sciences, vol. 13, no. 3, p. 1399, 2023.

K. Hamid et al., "Topological Evaluation of
Cloud Computing Networks and Real-
Time Scenario-Based Effective Usage,"
Bulletin of Business and Economics
(BBE), vol. 13, no. 2, pp. 80-92, 2024.

Statista Research Department, Logistics Market
Size Worldwide 2022-2030. Statista,
2024.

World Economic Forum, Future of the Last
Mile Ecosystem: Transition Road Map for
Public- and Private-Sector Players. WEF
White Paper, 2020. [Online]

invariants,"

https://ijournalar.com

| Ali et al., 2026 |

Page 234



