
40

Transportation Development Research | Volume 03 | Issue 02 | November 2025

Japan Bilingual Publishing Co.

Transportation Development Research
https://ojs.bilpub.com/index.php/tdr

ARTICLE

Last-Mile Logistics Optimization in West Africa: A Machine Learn-
ing-Driven Case Study of Ghana and Burkina Faso

Eugene Ansah Owusu Ampaw 1, 2 , Qin Jin 1* , Maxwell Ako Owusu-Ampaw 2 , Isaac Richard Malan 3

1 School of Traffic & Transportation Engineering, Central South University, Changsha 410083, China
2 Department of Theory and History of International Relations, Peoples’ Friendship University of Russia, Moscow 
117198, Russia
3 School of Computer Science and Engineering, Central South University, Changsha 410083, China

ABSTRACT

In Sub-Saharan Africa, the emergence of e-commerce and the rising population of cities is placing novel strain on 
logistics systems. The efficiency of last-mile delivery (LMD) is an important factor for improving the economic output 
and sustainable development of cities, particularly in fast urban development areas. This study investigates LMD effi-
ciency in urbanizing Accra, Ghana, and Ouagadougou, Burkina Faso for the effects of urbanisation. It also explores the 
various urban problems such as persistent mass traffic jams, woefully inadequate infrastructure, and a growing number 
of informal settlements characterized by a lack of addressing systems that collectively impede the operation of LMD. 
The mixed methods approach integrates Geographic Information System (GIS) analysis with stakeholder surveys and 
statistical modelling to uncover that unmanaged traffic conditions, coupled with poor road quality, are leading contribu-
tors to inefficiency. It increases delivery times, increases operating costs due to fuel use and vehicle degradation, and ag-
gravates environmental damage through the emission of greenhouse gases. Furthermore, informal economies and a lack 
of formal addressing aggravate these logistical problems within the research, the researchers highlight. An important 
contribution of this research is the development and empirical validation of a contextualised Automatic Machine Learn
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ing (AutoML) framework. The results revealed in a systematic case study simulation showed that routes optimized with 
AutoML achieved a 28% reduction in total delivery time, an estimated 22% reduction in travel distance, and a predicted 
reduction in fuel consumption by 22.1% compared to routing using regular routing approaches. This paper suggests spe-
cific policy recommendations to cities in Sub-Saharan Africa.
Keywords: Last-Mile Logistics; Automatic Machine Learning (AutoML); Route Optimization; Delivery Time 
Estimation; Sustainable Transport

1.	 Introduction
Last-mile logistics (LML), representing the final 

and most critical segment of the supply chain where goods 
are delivered to the end consumer, has evolved into a cor-
nerstone of economic competitiveness and urban service 
quality [1]. This phase is particularly salient in the era of a 
global surge in e-commerce, which has elevated consum-
er expectations for speed, reliability, and transparency. 
While technologically advanced economies have leveraged 
digitalization, robotics, and sophisticated algorithms to 
streamline last-mile operations, the scenario in developing 
regions presents a stark contrast characterized by unique 
and magnified complexities [2–5]. In West Africa, a region 
experiencing some of the world’s fastest urban growth 
rates, last-mile delivery is fraught with a confluence of 
infrastructural deficits, regulatory heterogeneity, and pro-
found socio-economic diversity. These factors collectively 
magnify operational costs, impede service reliability, and 
constrain the potential benefits of digital commerce [6].

The logistical corridor between Ghana, a historically 
significant coastal trade hub with ports like Tema and Ta-
koradi, and Burkina Faso, a landlocked nation dependent 
on transnational corridors for maritime access, epitomizes 
these regional challenges and opportunities. This corridor 
functions as a critical artery for regional commerce, facili-
tating the flow of imported goods inland and the export of 
agricultural and mineral resources. The efficiency of this 
flow is severely tested at the last mile within the major 
urban centers that act as consumption nodes. Cities like 
Accra and Ouagadougou are characterized by rapid, often 
unplanned expansion, leading to severe traffic congestion, 
inadequate road networks, and sprawling informal settle-
ments lacking formal addressing systems [7,8]. 

For logistics operators, this translates into unpredict-
able delivery times, excessive fuel consumption, vehicle 
deterioration, and elevated costs that are often passed on to 

consumers, thereby stifling economic activity. Extant lit-
erature has extensively documented the broad operational 
and economic challenges of last-mile delivery in emerging 
markets, highlighting issues such as high-cost shares, in-
frastructure gaps, and the impact of informal sectors [9,10]. 
Concurrently, a robust stream of research in developed 
contexts explores advanced technological solutions, in-
cluding dynamic routing algorithms, drone deliveries, and 
autonomous vehicles [11–15]. 

However, a significant and critical gap remains in the 
application of scalable, practical, and automated analytics 
specifically tailored for the West African context. The high 
cost and scarcity of expert data science talent often prevent 
local small and medium-sized logistics enterprises (SMEs) 
from adopting and maintaining advanced optimization 
techniques [13,14]. This is where Automatic Machine Learn-
ing (AutoML) presents a transformative potential. AutoML 
platforms automate the complex, iterative processes of 
model selection, feature engineering, and hyperparameter 
tuning, thereby democratizing access to advanced predic-
tive analytics for organizations lacking deep technical ex-
pertise [15].

This study aims to address a notable gap in the liter-
ature. While existing last-mile optimization and machine 
learning research is abundant in developed, data-rich 
contexts, there is limited work on applying accessible, 
automated solutions like AutoML to the unique and con-
strained environments of West African urban logistics. 
This research contributes by: (1) empirically identifying 
the dominant, context-specific barriers to LMD efficiency 
in Accra and Ouagadougou; (2) developing and validating 
a practical AutoML framework tailored for data-scarce, 
high-variability settings; and (3) quantifying the operation-
al and environmental benefits of this approach through an 
integrated simulation, providing evidence-based policy and 
managerial recommendations. 
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2.	 Literature Review

2.1.	The Last-Mile Challenge in Developing 
Economies

The last-mile logistics problem is a well-established 
domain within transportation and supply chain research. In 
developing economies, its significance is even more pro-
nounced. Studies consistently show that the last mile can 
account for up to 50% of total logistics costs, a proportion 
drastically higher than in developed nations [10]. This cost 
inflation is driven by a multifaceted set of factors. Chronic 
and unmanaged traffic congestion, a direct consequence 
of rapid motorization outpacing road infrastructure devel-
opment, leads to significant and unpredictable delays [16]. 
Poor road conditions, including unpaved surfaces and lack 
of maintenance, not only slow vehicles but also acceler-
ate wear-and-tear, increasing fleet maintenance costs [17,18]. 
Furthermore, inefficient routing practices, often reliant 
on driver experience rather than systematic optimization, 
compound these issues [19,20].

The urban form in many African cities, marked by 
high-density informal settlements and a lack of coherent 
spatial planning, introduces unique hurdles. The absence 
of formal street names and property numbering systems 
makes location finding a time-consuming and error-prone 
process, heavily reliant on landmarks and verbal descrip-
tions [21,22]. This challenge is intimately tied to the perva-
sive informal economy, where many small businesses and 
end-consumers operate in spaces not captured by formal 
addressing databases, creating “logistical blind spots” [23].

2.2.	Technological Interventions and the Data 
Scarcity Problem

A growing body of work emphasizes the role of in-
formation and communication technology (ICT) as a po-
tential mitigator for these challenges. Mobile technology 
has been pivotal in enhancing communication between dis-
patchers and drivers [24]. Geographic Information Systems 
(GIS) have been employed for basic spatial analysis and 
depot location planning [25]. More recently, machine learn-
ing (ML) has emerged as a key enabler for predictive ana-
lytics in logistics, with applications in demand forecasting, 
delivery time prediction, and dynamic routing [26,27].

However, the implementation of traditional ML in 
regions like West Africa faces significant barriers. The pri-
mary hurdle is the scarcity of local data science expertise 
required to build, tune, and maintain complex models [13,28]. 

Secondly, there is a pronounced issue of data scarcity 
and poor quality. Logistics data is often fragmented, man-
ually recorded, unstructured, and trapped in organizational 
silos, failing to meet the big data requirements of many ad-
vanced ML paradigms [29]. 

This creates a vicious cycle where the lack of data 
inhibits analytics, and the lack of analytics prevents the 
systematic data collection that could fuel improvements.

2.3.	AutoML as a Pragmatic Solution

Automatic Machine Learning (AutoML) represents 
a paradigm shift designed to overcome these very barri-
ers. By automating the end-to-end process of applying 
machine learning from data preprocessing and feature se-
lection to algorithm choice and hyperparameter optimiza-
tion, AutoML reduces the need for deep human expertise 
[15,30]. It allows domain experts (e.g., logistics managers) 
to leverage state-of-the-art ML techniques by focusing on 
problem framing and data preparation. Recent reviews 
on the convergence of optimization and ML in last-mile 
logistics note its significant potential but also highlight a 
predominant focus on developed, data-rich markets [31,32]. 
Our study builds directly on this identified gap by applying 
an AutoML framework explicitly to the West African con-
text, where data is messy and unstructured, and operational 
constraints are deeply influenced by local socio-technical 
realities.

2.4.	The Sustainability Imperative

The environmental dimension of last-mile logistics is 
gaining urgent attention globally. The sector’s reliance on 
fossil-fuel-powered vehicles, often older and less efficient 
models in developing regions, contributes substantially 
to urban air pollution (e.g., particulate matter) and green-
house gas (GHG) emissions, notably CO2 

[33–36]. Any pro-
posed logistical optimization, therefore, must be evaluated 
not only on economic and operational metrics but also on 
its environmental footprint. Reducing travel distance and 
idle time directly correlates with lower fuel consumption 
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and emissions, making route optimization a key strategy 
for sustainable urban transport [34‒38]. This study explicitly 
incorporates fuel consumption and emission estimates as 
core evaluation metrics, aligning technological optimiza-
tion with the broader goal of sustainable urban develop-
ment.

3.	 Study Area Context: Accra and 
Ouagadougou

3.1.	Accra, Ghana

As the capital and largest city of Ghana, Accra is 
the nation’s primary economic and administrative hub. Its 
population has grown exponentially, leading to extensive 
urban sprawl beyond its original core. The city’s road 
network, a mix of modern highways and a dense web of 
older, narrower streets, is perennially congested. Key bot-
tlenecks occur at intersections like the Tema Motorway 
Roundabout and the Kwame Nkrumah Circle. Further-
more, rapid development has led to the proliferation of 
informal settlements (e.g., Old Fadama, Agbogbloshie) 
and peri-urban communities with poor road infrastructure 
and no formal addressing. The logistics sector is vibrant 
but fragmented, with a mix of international couriers, lo-
cal haulage companies, and a vast informal network of 
motorcycle and tricycle delivery operators. The “trotro” 
(minibus) system, while crucial for passenger movement, 
adds to traffic complexity.

3.2.	Ouagadougou, Burkina Faso

Ouagadougou, the capital of Burkina Faso, presents 
a different but equally challenging profile. As a landlocked 
city, its supply chains are longer and more vulnerable to 
regional disruptions. The urban fabric is less dense than 
Accra but is characterized by a vast geographical expanse 
with low-density development [39]. Road infrastructure is a 
major constraint; while primary arteries are paved, many 
secondary and tertiary roads are unpaved, turning to dust 
in the dry season and mud in the rainy season, severely 
hampering vehicle movement [40–44]. The informal econo-
my dominates, and the lack of a standardized addressing 
system is acute. Unique local practices, such as the weekly 
closure of major roads for large open-air markets (e.g., the 

Tuesday market), introduce predictable but significant dis-
ruptions that must be factored into any logistical plan [45–47].

4.	 Materials and Methods

4.1.	Research Design and Data Collection

A sequential explanatory mixed-methods design was 
employed to ensure a holistic and grounded understand-
ing. This approach involved first collecting and analysing 
quantitative operational data, followed by qualitative data 
collection to explain, contextualize, and enrich the quanti-
tative findings. Data was collected from March to August 
2023 in both Accra and Ouagadougou.

4.1.1.	Quantitative Data

A historical dataset of 4580 anonymized delivery re-
cords was obtained through a partnership with a mid-sized 
logistics company operating in both cities. The dataset 
spanned a period of six months and included the following 
key variables per record:

•	 Timestamp: Date and time of delivery attempt.
•	 Geospatial Data: GPS coordinates of the distribution 

depot (origin) and the delivery point (destination).
•	 Parcel Characteristics: Weight (kg), dimensions (ap-

proximated), and type (document, package).
•	 Vehicle Information: Type (motorcycle, van, pickup 

truck).
•	 Operational Metrics: Actual travel time (minutes), 

delivery status (successful/failed), and reason for 
failure if applicable.

•	 Contextual Indicator: A derived historical traffic in-
dex (Low/Medium/High) based on the time of day 
and delivery zone, created from driver logs.

4.1.2.	Qualitative Data

To ground the quantitative analysis in local reality, 
22 semi-structured interviews were conducted with key 
stakeholders:

•	 Logistics Managers (8): To understand strategic chal-
lenges, cost structures, technology adoption barriers, 
and decision-making processes.

•	 Delivery Drivers (10): To gain insights into daily op-
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erational hurdles, navigation strategies, interactions 
with customers, and perceptions of technology.

•	 Local Shop Owners (4): To understand the recipient 
experience, reliability of services, and impact of de-
livery failures on business.

•	 Interview transcripts were analyzed using thematic 
analysis to identify recurring patterns and critical in-
sights

4.2.	AutoML Framework for Last-Mile Opti-
mization

We selected the H2O.ai AutoML platform due to 
its proven scalability, robust handling of structured data, 
and ability to produce interpretable model ensembles. 
The platform automates the training and tuning of a wide 
range of algorithms (including Generalized Linear Models, 
Random Forests, Gradient Boosting Machines, and neu-
ral networks) and creates a Stacked Ensemble model that 
combines the best-performing ones to maximize predictive 
accuracy. The historical dataset was cleaned and prepro-
cessed. Categorical variables were encoded, and a distance 
km feature was engineered using the Haversine formula 
based on GPS coordinates. 

The data was then split into a 70/30 train-test 
set, preserving the temporal order to prevent look-
ahead bias. The AutoML process was configured to 
use 5-fold cross-validation for model selection, optimiz-
ing for RMSE (Root Mean Squared Error) for regression 
tasks and log-loss for classification. The 70/30 train-test 
split preserved temporal order, with the first 70% of the 
chronological records used for training and the latter 30% 
for testing, preventing data leakage. For the time-series 
demand forecasting (Task 3), the model was configured 
for one-day-ahead forecasting using daily aggregated 
data. The AutoML process was configured to run for a 
maximum of 50 base models per task. We framed three 
core predictive tasks:

1.	 Task 1: Delivery Time Estimation (Regression)
•	 Target Variable: total_delivery_time_minutes.
•	 Feature Set: distance_km,  time_of_day (cat-

egorical: morning, midday, afternoon, eve-
ning), vehicle_type, parcel_weight_kg, histori-
cal_traffic_index, and day_of_week.

2. 	 Task 2: Next-Stop Sequencing (Multi-class Classi-
fication)

•	 To optimize routes in near-real-time, we 
framed the problem as predicting the optimal_
next_stop from a list of pending deliveries for 
a given vehicle.

•	 Target Variable: The ID of the next delivery lo-
cation (from a list of 5–10 pending stops).

•	 Feature Set: Current vehicle GPS location, 
geospatial centroid and spread (cluster) of all 
pending stops, parcel attributes for the pending 
stops, and aggregate time constraints.

3. 	 Task 3: Demand Forecasting (Time-Series)
•	 Target Variable: Daily parcel volume per city 

district.
•	 Feature Set: Historical volume, day-of-week, 

month, and a binary indicator for public holi-
days.

Model performance was evaluated using Root Mean 
Squared Error (RMSE) for the regression task and log-loss 
(cross-entropy) for the classification task. The final stacked 
ensemble models were selected for deployment in the sim-
ulation.

4.3.	Discrete Event Simulation Setup

1. 	 Model Embedding in Simulator:
•	 Delivery Time Estimation: The predicted 

travel time from the AutoML regression model 
was used as the dynamic service time for each 
leg between stops in the simulation.

•	 Next-Stop Sequencing: At each decision point 
(after a stop is completed), the classifier selects 
the next stop from the set of pending deliveries 
for that vehicle, based on the current contextu-
al features.

•	 Demand Forecasting: The district-level de-
mand forecasts were used to generate the daily 
delivery list (50 stops) for the simulation sce-
nario, ensuring a realistic spatial distribution of 
stops reflective of actual demand patterns.

2. 	 Baseline Routing Logic Justification:

The traditional method was chosen as the baseline 

https://h2o.ai/
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because it directly reflects the current, widespread prac-
tice among local SMEs in our study areas, which relies on 
driver experience and simple FIFO rules due to a lack of 
formal optimization tools. This provides a realistic bench-
mark for improvement achievable by introducing accessi-
ble AutoML technology.

3. 	 Operational Constraints:

The simulation was run for a single vehicle. The 
vehicle capacity was modeled based on standard van 

sizes. A route duration limit of an 8-hour shift was en-
forced. Time windows for deliveries were not explicitly 
modeled, as they are not strictly enforced in the observed 
operations. The 50-stop scenario was constructed as a 
representative, stylized day based on the average daily 
load for a mid-sized vehicle from our partner company’s 
data. Figure 1 shows the conceptual diagram of the Au-
toML-driven last-mile optimisation framework, from data 
collection and preprocessing to predictive models and 
route optimisation.

Figure 1. A conceptual diagram of the proposed AutoML-driven last-mile optimization framework.

5.	 Results and Discussion

5.1.	Model Performance and Quantitative Im-
pact 

The AutoML process successfully identified 
high-performing models. For Delivery Time Estimation, 
a Stacked Ensemble model outperformed all base models, 

achieving a test set RMSE of 11.2 min. This represented a 
39.5% improvement over a baseline multiple linear regres-
sion model (RMSE: 18.5 min), underscoring AutoML’s 
ability to capture complex, non-linear relationships. For 
Next-Stop Sequencing, a Gradient Boosting Machine 
(GBM) model was the top performer, achieving a predic-
tion accuracy of 87% on the test set, effectively learning 
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efficient sequencing logic that minimizes backtracking. To 
quantify the operational impact, a discrete-event simula-
tion was conducted on a representative delivery day with 
50 stops spread across a dense urban sector in Accra and 
a more dispersed sector in Ouagadougou. We compared 
the performance of a traditional routing method (based on 

driver experience and first-in-first-out order) against routes 
generated by the AutoML-optimized scheduler. The re-
sults, summarized in Table 1, are striking.

As shown in Figure 2, the 28% reduction in total de-
livery time is the most significant outcome, directly trans-
lating to increased daily delivery capacity. 

Table 1. Comparative Performance: Traditional vs. AutoML-Optimized Routes.
Metric Traditional Method AutoML-Optimized  Improvement (%)

Total Distance (km) 148.5 115.8 22.0%
Total Delivery Time (min) 482 347 28.0%

Estimated Fuel Consumption (L) 41.6 32.4 22.1%
Average Stops per Hour 6.2 8.7 40.3%

Figure 2. A bar chart visualizing the improvements from Table 1.

5.2.	Discussion of Findings

5.2.1.	Operational Efficiency and Cost Reduc-
tion

The quantitative improvements demonstrated in Ta-
ble 1 provide a direct answer to the high operational costs 
plaguing last-mile logistics in the region, as noted in the 
literature [10,19]. A 22% reduction in distance directly low-
ers variable costs like fuel and vehicle maintenance. The 
28% time saving allows a vehicle to complete more deliv-
eries per shift or reduces overtime wages, improving labor 
productivity. For a logistics firm, these savings can be the 

difference between marginal profitability and sustainable 
growth, or can be reinvested into service quality and com-
petitive pricing. The success of the AutoML model stems 
from its data-driven adaptability. Unlike rigid rule-based 
systems, it learned subtle patterns from the historical data. 
For instance, it internalized the severe slowdown during 
Accra’s midday congestion (12:00–15:00) and learned to 
avoid certain unpaved road segments in Ouagadougou sub-
urbs during the simulation period, which coincided with 
the rainy season. This capability to learn from local, messy 
data is a major advantage over importing optimization 
models calibrated for Western cities [12,41].
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5.2.2.	The Critical Role of Socio-Technical 
Context 

The qualitative interviews provided indispensable 
depth, revealing why pure algorithmic solutions are in-
sufficient. A logistics manager in Ouagadougou empha-
sized: “Your model is good, but it must know that the 
main road to Gounghin is closed every Tuesday for the 
market. The algorithm must be as adaptable as our best 
drivers.” This comment highlights that effective optimiza-
tion requires the integration of tacit, localized knowledge: 
knowledge that is often excluded from formal datasets. 
Our approach addressed this by allowing such recurrent 
events (market days) to be encoded as features in the train-

ing data, making the model context-aware. Furthermore, 
drivers universally cited finding the address as a major 
stressor and time sink. The classification model’s logic of 
grouping deliveries into tight geospatial clusters effective-
ly creates walking delivery zones. Once the driver reaches 
the cluster centroid (a major landmark or accessible point), 
subsequent deliveries within that cluster can be completed 
on foot or with minimal vehicle movement. This reduces 
the cognitive load on drivers and indirectly mitigates the 
addressing problem, a benefit that aligns with human-cen-
tered design principles in logistics [42,43]. Figure 3. shows 
the map visualization comparing a traditional delivery 
route (zigzag, scattered) with an AutoML-optimized route 
(clustered, linear path) in a dense urban area of Accra. 

Figure 3. A map comparing a traditional vs. optimized route.

5.2.3.	Environmental and Strategic Sustain-
ability

The estimated 22.1% reduction in fuel consumption 
has clear environmental benefits, directly reducing tailpipe 
emissions of CO2 and local pollutants. In an era where 
environmental, social, and governance (ESG) criteria are 
gaining importance, this offers logistics companies a tan-
gible way to reduce their carbon footprint. Moreover, as 
regional bodies like the ECOWAS consider stricter emis-
sions standards, such efficiency gains become a strategic 
compliance measure, future-proofing operations against 

tighter regulations. The savings also buffer against volatile 

global fuel prices, enhancing economic resilience [33,34].

5.2.4.	Policy Implications

The findings suggest several policy directions for ur-

ban planners and national governments:

1. 	 Invest in Open Urban Data Infrastructure: Gov-

ernments should prioritize the development of 

standardized digital addressing systems and open 

Application Programming Interfaces (APIs) for (ano-
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nymized) traffic data. This public good would lower 
the barrier for all logistics firms to deploy advanced 
analytics [44].

2. 	 Promote Digitalization in the Logistics Sec-
tor: Support programs, such as tax incentives or 
grants for SMEs to adopt logistics management soft-
ware and IoT sensors (for vehicle tracking), can cat-
alyze the data collection needed for optimization [45].

3. 	 Integrate Logistics into Urban Planning: New 
urban developments must include provisions for lo-
gistics spaces, micro-distribution hubs, designated 
loading bays, and secure parking to prevent last-mile 
vehicles from clogging primary streets [46].

4. 	 Incentivize Green Fleet Transition: Policies pro-
moting the adoption of electric motorcycles and vans 
for last-mile delivery, coupled with investments in 
renewable energy for charging, can amplify the envi-
ronmental benefits of route optimization [35,47].

5.3.	Limitations and Future Research 

This study has limitations that outline paths for fu-
ture work. First, the data came from a single partner, which 
may affect the generalizability of the exact magnitude of 
improvements across all operators. Second, the current 
framework uses historical and near-real-time data but does 
not perform second-by-second dynamic re-routing in re-
sponse to accidents or sudden roadblocks.

Future research should explore:

1. 	 The integration of real-time IoT data streams (GPS 
pings, traffic sensors) with Reinforcement Learning 
(RL) algorithms to create truly adaptive, self-correct-
ing routing systems [48–50]. 

2. 	 The development of business models for shared, ur-
ban consolidation centers that leverage the demand 
forecasts from our AutoML model to enable cargo 
bundling and the use of smaller, cleaner vehicles for 
the final delivery leg [51,52]. 

3. 	 A deeper investigation into the social equity di-
mensions of last-mile optimization, ensuring that 
efficiency gains do not come at the cost of exclud-
ing deliveries to poorer, harder-to-reach neighbor-
hoods [50,53].

6.	 Conclusions
This study demonstrates the tangible viability and 

significant impact of applying an AutoML framework to 
optimize last-mile logistics in the complex West African 
urban context of Accra and Ouagadougou. By bridging 
advanced, yet accessible, machine learning methodologies 
with on-the-ground operational realities, we have shown 
that substantial efficiency gains are achievable even in da-
ta-scarce environments. The AutoML-driven optimization 
yielded a 28% reduction in delivery time, a 22% decrease 
in distance traveled, and a proportional 22.1% saving in 
fuel consumption. Theoretically, this research contributes 
by validating a pragmatic framework for context-aware 
digitalization in developing economies, moving beyond 
mere technological transfer to grounded integration. Prac-
tically, it provides a blueprint for logistics managers and 
policymakers. For firms, it demonstrates that strategic in-
vestment in systematic data collection and off-the-shelf 
AutoML tools can yield a compelling return on investment. 
For policymakers, it underscores the urgency of fostering 
enabling digital and physical infrastructures from open 
data platforms to resilient road networks and EV charging 
stations.

Ultimately, building efficient, sustainable, and inclu-
sive last-mile logistics systems is not merely a commercial 
imperative but a foundational requirement for sustainable 
urban development in West Africa. As cities continue to 
grow, leveraging data-driven tools like AutoML will be 
essential to untangle the knots of congestion, cost, and pol-
lution, paving the way for more resilient and economically 
vibrant urban futures.
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