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Abstract

Accurate customs valuation is central to revenue mobilization, trade compliance, and economic
stability in Uganda, where import duties contribute nearly one-third of domestic tax revenue. Yet
persistent inefficiencies in conventional valuation methods such as reliance on importer-declared
invoice values, outdated price databases, and manual adjudication have resulted in systemic un-
dervaluation, misinvoicing, and annual revenue losses exceeding USD 200 million. This thesis
investigates the potential of machine learning (ML) to transform customs valuation by develop-
ing and deploying predictive models trained on more than 70,000 import declaration records from
Uganda Revenue Authority’s ASYCUDA system (2020-2024).

Three supervised ML algorithms; Random Forest, Extreme Gradient Boosting (XGBoost), and
Artificial Neural Networks (ANN) were implemented following a rigorous pipeline that included
exploratory data analysis, feature engineering, and model optimization. All models demonstrated
strong predictive performance (R2 > 0.93), with Random Forest achieving near-perfect accuracy (R?
=0.997, MAE = UGX 560.35, RMSE = UGX 1,868.23). Compared to Uganda’s current average
based approach (MAE = UGX 124,797.76), this represents a 99.55% reduction in error, underscor-
ing the transformative capacity of ML for valuation precision.

Beyond model benchmarking, the study contributes technically by operationalizing the Random
Forest model into a Streamlit based prototype web application, offering real-time decision support
for customs officers. Empirically, it provides the first quantified evidence of ML’s potential to
address valuation fraud and inefficiencies in Uganda. Practically, it establishes a replicable frame-
work for low-resource settings, integrating ML with existing trade platforms such as ASYCUDA.
The findings have significant policy implications: adopting ML-driven valuation can curtail
revenue leakages, enhance compliance with WTO Customs Valuation Agreements, and support
Uganda’s Vision 2040 and National Development Plan III goals for domestic revenue mobiliza-
tion. Limitations such as reliance on secondary data, exclusion of informal trade, and simulation-
based deployment highlight opportunities for future research. These include incorporating regional
datasets, exploring explainable Al techniques (e.g., SHAP, LIME) to improve transparency, and
piloting ML integration within operational customs systems.

This thesis thus advances the discourse on Al in public sector modernization, demonstrating that
machine learning is not merely a technical innovation but a strategic enabler for fiscal sustainability,

trade integrity, and digital transformation in Uganda’s customs administration..
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Chapter 1

Introduction

International trade plays a central role in driving Uganda’s economic development, yet challenges
persist in the way customs valuation is conducted. The existing approaches are largely manual,
inconsistent, and susceptible to manipulation and fraud. These limitations contribute to revenue
leakage, valuation disputes, and non-compliance with global trade norms.

This research explores the application of machine learning techniques to modernize and optimize
the valuation of imported goods in Uganda. By introducing predictive models that are trained on
actual import declaration data spanning from 2020 to 2024, this study aims to enhance the accuracy
and objectivity of valuation practices.

The core objective is to evaluate the effectiveness of machine learning algorithms when applied to
real-world customs data, and to benchmark their performance against traditional valuation systems.
Additionally, the study seeks to operationalize these models by integrating them into a web-based
application suitable for deployment within the Uganda Revenue Authority’s operational frame-
work. This integration is intended to support revenue collection, promote transparency, and facili-
tate compliance with international trade standards.

1.1 Background to the study

Customs valuation lies at the heart of international trade governance and revenue mobilization.
It is the process by which authorities determine the value of imported goods for purposes of tax-
ation, tariff application, and compliance monitoring. Across the globe, customs duties account
for a substantial portion of public revenue, especially in developing economies where reliance on
international trade taxes remains high. The World Trade Organization (WTO) Customs Valuation
Agreement provides a common legal framework for valuation, emphasizing transparency, fairness,
and alignment with international best practices. Yet, despite this harmonized legal foundation, im-
plementation in many countries is undermined by systemic undervaluation, misclassification, and
trade fraud, which collectively result in massive revenue leakages and distortions in market com-
petitiveness.

In Uganda, customs duties represent nearly 30% of the total tax revenue base, making customs val-
uation a critical instrument for fiscal stability and financing of development priorities. However,
prevailing approaches within the Uganda Revenue Authority (URA) remain largely manual and
rule-based, depending on importer-submitted invoices, historical price averages, or static reference
databases. These methods are vulnerable to manipulation by traders and clearing agents, as well as
to the natural fluctuations of global market prices. Consequently, revenue losses due to undervalu-
ation and fraudulent declarations are estimated to exceed USD 200 million annually, equivalent to



a significant percentage of domestic revenue collections. These challenges undermine the govern-
ment’s ability to finance its National Development Plan III and broader Vision 2040 aspirations,
which emphasize digital transformation and sustainable economic growth.

Globally, emerging technologies such as machine learning (ML) and artificial intelligence (AI) are
redefining governance processes, offering solutions that move beyond human subjectivity to data-
driven decision support. In customs, ML models can detect hidden patterns in trade data, forecast
fair market values, and flag anomalies for further scrutiny, thereby enhancing both efficiency and
compliance. Countries such as India, Brazil, and South Korea have already integrated ML into
their customs risk management systems with demonstrable success. In Africa, pilot initiatives
in Tanzania and Kenya show the promise of predictive models for revenue assurance and trade
facilitation. Against this backdrop, this study situates Uganda’s customs valuation reforms within
the wider global wave of Al-driven governance, with the aim of exploring how ML can address
local inefficiencies while aligning with international standards.

1.2 Problem Statement

Despite the strategic importance of customs to Uganda’s revenue base, valuation processes remain
plagued by inefficiency, subjectivity, and vulnerability to manipulation. The reliance on invoice-
based methods, coupled with URA’s use of static average values, creates an environment where
fraudulent under-invoicing, misclassification, and transfer pricing thrive. Traders often exploit
gaps between actual transaction values and reference prices, thereby depriving the government
of critical revenue. The persistence of such practices has made valuation fraud one of the most
entrenched forms of tax evasion in the country.

At the institutional level, the ASYCUDA World system, which serves as Uganda’s core customs
management platform, has limited capacity for predictive analytics. While ASYCUDA provides
electronic submission, clearance, and record-keeping, its valuation module is still rule-driven and
unable to adapt to the dynamic shifts in global trade. For instance, when commodity prices fluc-
tuate due to global shocks such as the COVID-19 pandemic, supply chain disruptions, or regional
currency instability the system lacks the intelligence to automatically recalibrate valuation bench-
marks. This rigidity reduces its effectiveness and undermines URA’s enforcement capacity.

The consequences of valuation inefficiencies are far-reaching. At a fiscal level, annual revenue
losses of over USD 200 million constrain the government’s ability to fund public services and in-
frastructure. At a governance level, subjective valuation erodes trust in URA’s systems, fuels per-
ceptions of corruption, and generates disputes between traders and customs officials. At a regional
level, inconsistent valuation practices hinder the harmonization objectives of the East African Com-
munity (EAC), undermining the Customs Union and Common Market protocols. Thus, there is an
urgent need to introduce more adaptive, objective, and evidence-based valuation approaches that
can strengthen both revenue mobilization and trade facilitation. Machine learning, with its capacity
to analyze large datasets, detect anomalies, and provide real-time predictions, presents a transfor-
mative opportunity to address these persistent challenges.

1.3 Objectives of the Study

The overall objective of this study is to design, implement, and evaluate machine learning models
for improving customs valuation in Uganda, with an emphasis on bridging the gap between aca-
demic research and practical application in low-resource settings.



The specific objectives are:

* To develop machine learning models capable of predicting the value of imported goods using
historical customs data.

* To evaluate the performance of these models in comparison with traditional valuation meth-
ods currently used by URA.

+ To deploy the best-performing model in a prototype web application that demonstrates oper-
ational feasibility and potential integration with URA’s ASYCUDA system.

These objectives collectively seek to establish not only the technical feasibility of ML for customs
valuation but also its practical utility in enhancing compliance, revenue assurance, and institutional
modernization.

1.4 Research Questions
This study is guided by the following key research questions:

» Can machine learning improve the accuracy and objectivity of customs valuation in Uganda?

» Which machine learning models offer the best predictive performance in this context?

» What institutional and technical considerations are necessary for the successful deployment
of ML-based valuation systems within URA?

1.5 Justification of the study

The justification for this study is threefold: policy relevance, academic contribution, and practical
significance. From a policy perspective, accurate valuation is central to Uganda’s fiscal sustain-
ability, given the heavy reliance on trade taxes for domestic resource mobilization. This research
directly supports the URA’s modernization agenda, the Ministry of Finance’s commitment to re-
ducing revenue leakages, and the government’s broader Vision 2040, which envisions digital trans-
formation as a driver of inclusive growth. It also aligns with international commitments such as
the WTO Customs Valuation Agreement and the Trade Facilitation Agreement, both of which em-
phasize transparency and efficiency in customs operations.

From an academic perspective, there is a scarcity of empirical research on the application of
machine learning to customs valuation in Sub-Saharan Africa. While studies in Asia and Latin
America have demonstrated success, little is known about how these technologies perform in low-
resource environments characterized by data quality challenges, infrastructural constraints, and
institutional rigidities. This study therefore fills a critical gap in literature by providing the first
quantified evidence from Uganda, thereby contributing to both the global discourse on Al in gov-
ernance and the local body of knowledge on tax administration.

Practically, this study offers URA and other regional customs authorities a replicable model for
adopting ML in operational contexts. The prototype application developed in this research illus-
trates how predictive models can be embedded into existing systems, providing decision support
for valuation officers in real time. Such a tool has the potential to transform enforcement prac-
tices, improve compliance, and significantly reduce fraud and revenue leakage. By bridging the
gap between theoretical modelling and practical deployment, the study advances the frontier of Al
adoption in the public sector.



1.6 Significance of the study

This research is the first of its nature where machine learning techniques have been employed
to handle import valuation in Uganda, leveraging real trade data from the ASYCUDA system.
In addition to the development of models, the research offers a fully deployed prototype system,
hence bridging the gap between theoretical modelling and practical implementation, especially in
low-resource trade environments.

Successful implementation of machine learning mechanisms in customs valuation has notable eco-
nomic, technological and policy implications for Uganda. Economically, improving the accuracy
of import item valuations contributes to improved revenue collection, which aligns well with the
country’s National Development Plan III (NDP III)’s objective of strengthening domestic revenue
mobilization. By minimizing undervaluation, the machine learning methods help to reduce rev-
enue leakages, hence supporting the plan’s initiatives. From the technological point of view, the
research introduces the first machine learning-specific mechanism for Uganda’s customs valuation
framework. This improves efficiency and transparency in the framework, hence laying a founda-
tion for further research in digital transformation in trade and tax administration.

Overall, the research contributes to the goal of promoting sustainable growth and development as
outlined in Vision 2040 Uganda.

1.7 Hypotheses

The hypotheses were formulated based on the premise that introducing advanced technologies,
particularly machine learning approaches, could significantly improve the accuracy of import val-
uations and streamline customs operations.

* Null Hypothesis (/,): Machine learning techniques yield no statistically significant reduc-
tion in Mean Absolute Error (MAE) compared to conventional valuation methods.

* Alternative Hypothesis (H;): Machine learning methods achieve a statistically significant
reduction in MAE when determining the customs value of imported items.

1.8 Scope and Limitations

The research focuses on import valuation in Uganda’s customs framework. It considers several
categories of imported items from the Uganda Revenue Authority trade data that ranges from 2020
- 2024. The dataset records were collected from the ASYCUDA system with top records including
the HS code, port of entry, country of origin and the unit price for each item, which we process
in this study. We exclude exports, informal channels of trade and non-dutiable items. The limita-
tions include the potential bias in the historical data since it is recorded in manual entries and this
could affect generalisation of the models, intermittent network connectivity and limited computing
resources.

1.9 Theoretical and Conceptual Framework

The study is anchored in multiple theoretical perspectives to provide a holistic understanding of
technology adoption in customs administration. The Principal-Agent Theory explains the per-
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sistent information asymmetry between importers (agents) and customs authorities (principals),
where traders have incentives to misreport values for personal gain. Machine learning addresses
this asymmetry by reducing dependence on subjective declarations and enabling independent ver-
ification of transaction values.

The Diffusion of Innovation (DOI) Theory and the Technology Organization Environment (TOE)
Framework collectively explain how URA, as an institution, can adopt and internalize disruptive
technologies such as machine learning. DOI emphasizes stages of adoption from awareness to deci-
sion, implementation, and confirmation while TOE highlights the interplay between technological
feasibility, organizational readiness, and external environmental pressures. Together, they provide
a useful lens to analyze URA’s path toward Al-driven modernization.

Additionally, Institutional Theory offers insights into how customs administrations, as public
agencies, adapt to external demands for transparency, accountability, and modernization. Optimal
Tax Theory further justifies the relevance of efficient customs valuation by linking it to principles
of equity, efficiency, and fiscal sustainability in taxation. By integrating these theoretical perspec-
tives, the study establishes a comprehensive framework that situates machine learning not only as
a technical intervention but also as an institutional and governance innovation.

1.10 Thesis Structure

This thesis is organized into five chapters. Chapter One introduces the background, problem state-
ment, objectives, research questions, justification, and theoretical framework. Chapter Two re-
views existing literature on customs valuation, tax fraud, and machine learning applications, situ-
ating Uganda’s challenges within global experiences. Chapter Three details the methodology, in-
cluding data sources, preprocessing, model development, and prototype deployment. Chapter Four
presents results and discussions, linking findings to research objectives, theoretical underpinnings,
and policy implications. Finally, Chapter Five concludes the study by summarizing contributions,
offering policy and technical recommendations, highlighting limitations, and suggesting directions
for future research.



Chapter 2

LITERATURE REVIEW

2.1 Introduction

The literature on customs valuation and the use of advanced technologies such as machine learning
(ML) intersects multiple domains, including international trade law, public finance, governance,
and computational intelligence. Customs valuation has long been recognized as a cornerstone of
international taxation and trade facilitation, directly influencing government revenue, trade com-
petitiveness, and compliance with global agreements. However, persistent valuation fraud and
inefficiencies continue to undermine revenue collection, particularly in developing countries such
as Uganda where customs duties remain a dominant source of domestic tax revenue. Against this
backdrop, the advent of machine learning and other artificial intelligence (AI) methods has created
a new frontier in addressing longstanding governance challenges by leveraging data-driven predic-
tive systems. This chapter critically reviews the existing body of knowledge, starting with con-
ceptual and legal foundations of customs valuation, then exploring empirical evidence of valuation
fraud, before turning to the global and regional applications of machine learning in tax adminis-
tration and trade. The chapter concludes by identifying gaps in literature, particularly the scarcity
of empirical work on ML for customs valuation in Sub-Saharan Africa, thereby establishing the
relevance of this study.

2.1.1 Customs Valuation: Conceptual and Legal Foundations

Customs valuation is defined under the World Trade Organization (WTQO) Agreement on Implemen-
tation of Article VII of the General Agreement on Tariffs and Trade 1994 (commonly known as the
WTO Customs Valuation Agreement). The agreement prescribes the transaction value method—
based on the price actually paid or payable for goods as the primary basis of valuation, with fall-
back methods applied in cases of fraud, misreporting, or insufficient documentation. These include
comparative value, deductive value, and computed value methods, all designed to maintain trans-
parency and fairness in international trade.

While the agreement sought to create a uniform and equitable system, implementation has proven
uneven. Developed economies with advanced customs systems have largely integrated digital
solutions to support valuation, including electronic databases, risk management tools, and auto-
mated verification systems. In contrast, many developing countries, including those in Sub-Saharan
Africa, continue to rely on outdated methods that are vulnerable to abuse. Uganda’s adoption of
the Automated System for Customs Data (ASYCUDA World) marked an important step toward
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modernization, but as highlighted in Chapter 1, its valuation module remains rule-based, static,
and ill-equipped to handle dynamic market fluctuations. This structural limitation underscores the
need for new technologies capable of offering adaptive, data-driven valuation benchmarks.

2.1.2 Customs valuation fundamentals

Customs valuation is a pillar of international trade, ensuring revenue optimization, fair trade prac-
tices, and full compliance with global trade regulations such as the World Trade Organisation on
customs valuation. This directly impacts economies, as in the case of developing countries such
as Uganda, where customs duties contribute approximately 30% of the entire tax revenue. Notable
discrepancies in declared import values, misclassification of items, and under and overvaluation of
goods always undermine revenue collection, causing losses. The reliance on manual verification
methods worsens these problems, and this forms the basis of this research, aiming at the devel-
opment of machine learning-based methods that automate the processes, hence modernising the
customs operations.

In this section, we identify gaps in the literature, especially for low resourceful environments like
Uganda’s and we provide a conceptual guideline to our machine learning methodology approach.

2.1.2.1 Limitations of the traditional valuation methods

The WTO provides 6 methods of valuation as explained in this study already. In theory, they repre-
sent a transparent and consistent way of valuing imports, whereas in practice, the customs officials
often rely on outdated price databases, manual verifications and the importer’s price declarations
and as a result, Undervaluation and Misinvoicing: Systematic undervaluation of imports and mis-
invoicing practices are prevalent, leading to substantial revenue losses reported at approximately
$4.9 billion due to import undervaluation between 2006 and 2015 (Monitor, 2023). Although stan-
dardised, the existing traditional methods are often lacking in practice due to their subjectivity,
complexity and potential for fraud (Keen, 2019). Misinvoicing and valuation fraud were the major
challenges in customs valuation, leading to significant loss of revenue and trade imbalance.

The Uganda Revenue Authority in the annual capacity evaluation document (URA, 2022) noted a
tremendous gap in its technological infrastructure. Similarly, Mukasa et al.’s (2023) study noted
that only 45% of customs officials had access to real-time market price facts, whilst the other
60 % simply relied on outdated valuation databases. These findings matched with the regional
research with the aid of the East African Community (EAC, 2023), which highlighted technological
challenges as the principal barrier to the implementation of effective customs management.

2.1.3 Revenue Losses from Undervaluation and Fraud

Undervaluation, misclassification, and fraudulent invoice declarations are among the most persis-
tent forms of tax evasion globally. Studies by the World Bank and International Monetary Fund
estimate that developing countries collectively lose billions annually through trade misinvoicing,
with Africa alone losing upwards of USD 50 billion each year. In Uganda, the Uganda Revenue
Authority (URA) reports annual revenue leakages of over USD 200 million from customs fraud,
representing a substantial share of potential tax receipts. These losses weaken fiscal capacity, con-
strain public investment, and exacerbate reliance on external borrowing.

Empirical research has documented the mechanisms by which undervaluation occurs. For example,
traders frequently declare artificially low invoice values for high-value goods such as electronics,
vehicles, and textiles. Others exploit tariff classification loopholes by misdescribing goods to fall



under lower-duty categories. In some cases, collusion between traders and customs officials facili-
tates deliberate under assessment of duties. These practices are sustained by information asymme-
tries, whereby traders possess more accurate knowledge of true values than the customs authority,
reflecting the classic principal-agent problem described in institutional economics.

In Uganda, these problems are compounded by weak data infrastructure, limited enforcement ca-
pacity, and reliance on outdated reference price databases. As documented by URA’s annual per-
formance reports, the average-value method currently employed often fails to capture real-time
price movements, making it easy for traders to exploit outdated benchmarks. Such inefficiencies
call for adaptive systems that can draw on large datasets, identify anomalies, and provide objective
benchmarks, thereby reducing opportunities for fraud.

2.1.4 Digital Transformation and Al in Tax Administration

Globally, tax administrations are increasingly turning to digital technologies to enhance efficiency,
compliance, and transparency. Digital platforms such as e-filing, electronic invoicing, and inte-
grated customs management systems have already transformed revenue authorities in countries like
Brazil, India, and South Korea. The integration of artificial intelligence represents the next frontier,
particularly in areas requiring pattern recognition, anomaly detection, and predictive modeling.
Machine learning, as a subset of Al, is particularly suited to customs valuation because of its ability
to analyze large, high-dimensional datasets and uncover patterns not visible through traditional sta-
tistical methods. ML algorithms such as Random Forest, Gradient Boosting, and Neural Networks
have been applied in diverse domains including fraud detection, credit risk assessment, and supply
chain optimization. In customs, their application has ranged from predicting shipment risk profiles
to detecting misclassification of goods and forecasting likely undervaluation. For example, Sharma
et al. (2021) reported a Random Forest model in India achieving 89% accuracy in detecting un-
dervalued imports, while studies in Brazil showed that gradient boosting techniques significantly
reduced misclassification errors in textile imports.

In Africa, adoption remains nascent but promising. Tanzania piloted an XGBoost-based model
to analyze vehicle import valuations, recording a 36% reduction in valuation errors compared to
traditional methods. Similarly, Kenya’s tax authority has integrated predictive analytics into its
customs management, though with limited public documentation of outcomes. These experiences
demonstrate both feasibility and potential for scaling machine learning in customs operations, while
also underscoring the need for rigorous empirical studies to assess model accuracy, institutional
readiness, and governance implications.

2.1.5 Literature on Customs Valuation in Uganda

Uganda’s customs valuation system, administered by URA through ASYCUDA World, has been
subject to critique in both academic and policy literature. Studies by the Economic Policy Research
Centre (EPRC) and the African Tax Administration Forum (ATAF) highlight persistent undervalu-
ation in sectors such as automobiles, petroleum products, and consumer electronics. These studies
attribute inefficiencies to weak enforcement, limited technical capacity, and the absence of adap-
tive valuation tools.

Academic research in Uganda has tended to focus on broader tax administration challenges, such
as compliance costs, tax morale, and the impact of electronic systems on efficiency. Few studies
have specifically examined customs valuation from a machine learning perspective, creating a sig-
nificant knowledge gap. The limited research that exists has concentrated on descriptive analysis
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of revenue losses or policy discussions on compliance strategies, without deploying computational
models to predict or detect undervaluation. This study therefore contributes a unique empirical
perspective by applying ML directly to URA’s ASYCUDA dataset, benchmarking models against
existing methods, and demonstrating a deployable prototype.

2.2 Challenges in Traditional Valuation Systems

The literature reveals widespread limitations associated with traditional valuation practices. These
systems rely predominantly on declared invoice values and human interpretation of pricing trends.
However, global studies have shown that reliance on static price reference databases is inadequate
in addressing the complexities of modern trade. Undervaluation, invoice fraud, and misclassifi-
cation remain prevalent, undermining the integrity of customs operations. For example, a 2023
report by Uganda’s Ministry of Finance indicated that over UGX 2.7 trillion was potentially lost in
under-declared imports between 2018 and 2022. Several international case studies have similarly
illustrated how discretionary customs assessments lead to inconsistent revenue collection and poor
enforcement outcomes. Despite the existence of six WTO-sanctioned valuation methods including
transaction value, deductive, computed, and fallback methods most developing countries primarily
rely on a single approach, thereby limiting flexibility and adaptability.

2.2.1 Machine learning in customs trade

Machine learning methods have become a force in transforming trade operations worldwide, par-
ticularly in addressing undervaluation and detecting fraudulent schemes where these systems have
been successfully installed. There has been notable success, especially in anomaly detection and
improving accuracy in the valuation and classification of goods. For reference, in India, Sharma et
al. (2021) developed and deployed a random forest model to identify undervalued shipments while
comparing declarant values with the trade database values, and their model achieved a remarkable
accuracy of 89% in identifying price discrepancies, enabling the tax authorities to recover an esti-
mated $47 million in underpaid duties within 6 months of the model’s implementation.

Similarly, Tanzania’s implementation of the XGBoost model to analyse import data registered suc-
cess, with valuation errors reduced by a notable 36% with the model identifying irregularities in
declarations and misclassification of goods by their HS codes (Kiprop, 2023) which highlights the
potential of machine learning to handle non-linear relationships and high-dimensional data that is
inherent in customs trade records. However, supervised learning methods have a notable limitation
in low-compliance environments such as Uganda, where labelled datasets of recorded fraud cases
are scarce (Ferreira et al., 2020). They clearly warn against models trained on such incomplete or
biased datasets, which were evidenced by Nigeria’s customs union, where a neural network flagged
20% of legitimate shipments due to overfitting on outdated fraud patterns.

This emphasized the need to employ methods that incorporate both unsupervised and supervised
learning methods, such as clustering, to reduce over-reliance on labeled data while adapting to
ever-changing fraud tactics.
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2.3 The Emergence of Machine Learning in Trade Administra-
tion

Machine learning has emerged as a transformative tool in public sector data analysis. In the customs
domain, ML is increasingly being used to automate HS code classification, detect fraudulent decla-
rations, and predict transaction values. The core strength of ML lies in its ability to identify complex
patterns in large datasets without relying on predefined rules. Studies from India, China, and Brazil
have shown promising results in using algorithms such as Random Forest, Gradient Boosting, and
Artificial Neural Networks to automate valuation tasks (Sharma and Kumar., 2021) For instance,
they developed a model using XGBoost that flagged undervalued imports with over 92% accuracy.
Their approach relied on structured trade datasets enriched with metadata such as product weight,
quantity, and origin. Similarly, (Szabo, 2017) applied logistic regression to customs data from the
European Union, demonstrating how statistical learning could detect misclassified HS codes with
high precision.

2.3.1 Predictive Analytics in Customs

Predictive analytics is the application of statistical techniques and machine learning (ML) models
to analyse past data and forecast future trends and results. Predictive analytics is critical in trade
facilitation because it improves decision-making, lowers risks, and optimises the efficiency of in-
ternational trade operations. Predictive algorithms can forecast market trends, identify potential
logistics bottlenecks, and improve customs risk assessments by using massive amounts of trade-
related data.

Predictive analytics is critical in trade facilitation because it improves decision-making, lowers
risks, and optimises the efficiency of international trade operations. Predictive algorithms can fore-
cast market trends, identify potential logistics bottlenecks, and improve customs risk assessments
by using massive amounts of trade-related data.

Time series analysis, regression models, and classification algorithms are the most common pre-
dictive models utilised in trading processes today. Time series forecasting, for example, is often
used to forecast shipment arrivals and delays using historical patterns as well as external factors
such as weather and geopolitical events. Regression models are used to assess the relationships
between numerous trade parameters and their influence on logistics performance. Furthermore,
categorization algorithms assist in identifying high-risk transactions by analyzing trends in trade
documents, shipment data, and compliance histories.

Despite these advancements, the growing complexity and volume of international trade necessitate
the development of more sophisticated predictive models capable of managing large and diverse
datasets. This has sparked a rising interest in using sophisticated ML approaches to improve the
effectiveness of predictive analytics in streamlining customs trade operations.

The application of machine learning techniques in customs gained traction in recent years, and a
study by (Jentsch et al., 2019) noted the potential of machine learning in predicting accurate cus-
toms values based on historical customs records. Their study showed promising results in figuring
out cases of undervaluation. Similarly, (Vetter et al., 2021) explored the application of ensemble
learning algorithms for detecting customs fraud whilst combining more than one algorithm to en-
hance accuracy and robustness over the traditional rule-based techniques.

Applications of these ML algorithms have shown considerable gains in predicting trade patterns
and risk assessment. However, integrating these models into existing trade systems presents several
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obstacles, which will be described in the following section.

2.3.2 HS Code Classification Using the Naive Bayes Algorithm

The Harmonized System (HS) code is a standardized six-digit numerical identifier used internation-
ally to classify traded goods. While the base six digits are globally recognized, individual countries
may extend the code to 8, 10, or even 12 digits to suit their domestic tariff and statistical require-
ments.

HS classification refers to the process of assigning the correct code to a product based on its at-
tributes and intended use. Accurate classification ensures appropriate tariff rates are applied and
facilitates trade data analysis. Errors in HS code assignment can result in revenue loss, trade dis-
putes, or retroactive penalties.

Recent research has explored the potential of machine learning in improving the precision of HS
code assignment. In particular, the Naive Bayes algorithm a probabilistic classifier known for
its simplicity and computational efficiency has shown promise for multiclass classification tasks
involving trade data. By leveraging the conditional probabilities of feature values, the model can
predict the appropriate HS code for a given item.

For example, a study by (Muslim, 2022) demonstrated that applying Naive Bayes to customs
datasets yielded a classification accuracy of 99.97%, with a minimal error rate of 0.03%. These
results suggest that automated classification can not only improve operational efficiency but also
help safeguard government revenue by minimizing tariff miscalculations and duty evasion.

The broader application of such techniques aims to reduce the likelihood of misclassification, avoid
fines and penalties associated with incorrect declarations, and provide decision support for customs
officers. Integrating data-driven models into classification workflows can enhance the transparency
and consistency of trade valuation processes.

2.3.3 ML-Powered Customs Operations case studies

(CHEN, Z., 2024) highlighted the revolutionary impact of machine learning when it was applied
to a customs dataset, discovering trends and anomalies. He goes on to say that by automating
the valuation process, machine learning methods were able to improve risk assessment and detect
discrepancies in declared values, allowing customs authorities to make more informed decisions,
reduce errors, and ultimately lead to a more accurate and efficient valuation of items.

2.3.4 Brazil

Since 1997, the country’s import declarations have been logged in Siscomex, an integrated com-
merce system. If errors are discovered during inspection by a customs officer, a corrected copy
of the declarations is saved, and both copies are retained indefinitely. The AI system utilised is
SISAM, which learns from both versions of the dataset to enhance mistake detection. To handle
the dataset’s many properties, Bayesian approaches with smoothing hierarchies are used. It uses
both supervised and unsupervised learning approaches to adjust to legislation changes without the
need for retraining, allowing the system to maintain high accuracy in its classifications and predic-
tions.

If more than 75% of errors are identified in an import declaration, SISAM advises a physical ex-
amination by customs officials. The system’s handling of complex errors currently outperforms
random selection as noted by chen (2024).
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2.3.5 China’s Adoption of Artificial Intelligence in Customs Operations

In response to growing regulatory demands and limited inspection resources, China Customs has in-
creasingly embraced advanced technologies to enhance efficiency and accuracy in border manage-
ment. One key area of innovation is the integration of artificial intelligence (AI) into non-intrusive
inspection (NII) systems.

An Al-powered image recognition framework has been developed to assist in the automatic analysis
of X-ray and computed tomography (CT) scans taken during container inspections. By training on
extensive historical datasets from devices such as the H986 scanner, the system learns to identify
goods and risk profiles, developing its own detection algorithms over time. The purpose is to reduce
reliance on manual interpretation and eventually enable automated decision-making for inspection
clearance.

The deployment of this system has already yielded measurable results. Following the introduction
of autonomous algorithm selection, local IT infrastructure saw improvements in processing speeds.
Additionally, automated image recognition accuracy on NII devices improved by approximately
5%, while the false-positive rate dropped by 8%. Similar gains were observed with CT scanners,
with accuracy improving by 6% and error rates falling by nearly 5% (WCO News, 2024).
Another innovation involves the Intelligent Passenger Face Recognition System, which leverages
biometric identification for real-time risk assessment. This system is linked with thermal detection
for quarantine checks and operates across three control zones: alert, processing, and re-examination
areas. High-risk passengers, including individuals on watchlists or those flagged for repeated
border crossings, are automatically identified and flagged for inspection using handheld devices
equipped with facial recognition technology.

The accuracy of this facial recognition system now exceeds 99%, significantly enhancing the ability
to intercept smugglers and enforce border controls. It has contributed to the apprehension of several
trafficking networks. Simultaneously, because it is non-intrusive, it facilitates quicker and smoother
processing for low-risk travelers.

China Customs continues to explore further applications of Al in areas such as risk profiling, be-
havioral analysis, and automated compliance evaluation. These innovations not only strengthen
enforcement but also contribute to more seamless and intelligent border management experiences.

2.3.5.1 Belgium: Analyzing Behavioral Shifts in Response to Tariff Adjustments (BCTC)

This case study focuses on the behavioral impact of European Union (EU) customs tariff changes
on the import activities of economic operators. The main objective is to identify fraudulent prac-
tices that may emerge following the implementation or escalation of tariff barriers. Such policy
interventions are generally aimed at protecting the EU’s internal market, preserving local manufac-
turing sectors, and mitigating the effects of global competition.

However, in response to these measures, certain actors may engage in deliberate misreporting to
avoid paying the applicable duties. These tactics often include the misrepresentation of the prod-
uct’s country of origin, incorrect product classification codes, or both. The resultant revenue loss
and distortion of fair competition undermine the intended objectives of these trade policies.

The study leverages historical import data to detect abnormal shifts in import behaviors. It seeks
to identify deviations in an importer’s profile that significantly diverge from previously observed
patterns prior to the imposition of new tariffs. This analysis is centered on recognizing unusual
activity that may signal an attempt to bypass the newly introduced duty measures.

By capturing such behavioral changes, the initiative aims to support EU customs authorities in
fraud detection, enabling early interventions and more targeted compliance audits.
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2.3.5.2 Uganda: The Regional Electronic Cargo Tracking System (RECTYS)

In 2017, a trilateral summit involving the heads of state from Uganda, Kenya, and Rwanda led to a
joint resolution to implement a shared digital cargo tracking framework. This initiative, known as
the Regional Electronic Cargo Tracking System (RECTS), was established to enhance the security
and transparency of goods in transit across borders within the East African region.

Administered collaboratively by the revenue authorities of the three nations, RECTS ensures se-
cure, real-time end-to-end cargo monitoring from point of departure to final destination. It is de-
signed to reduce cargo-related fraud, improve operational efficiency, and reinforce trust in regional
trade logistics. The system is maintained exclusively by Bsmart Technologies, which provides the
technological infrastructure and system integration (Julius and Christabel, n.d.).

RECTS is composed of four key components. These include: (1) electronic seals for dry and
fuel cargo that transmit GPS signals; (2) customs officers stationed at release terminals to initiate
cargo tracking; (3) a Centralized Monitoring Centre that oversees all movements; and (4) twelve
Rapid Response Units strategically deployed along the transit corridors to address emergencies or
deviations from authorized routes.

Additionally, a dedicated reconciliation team audits the transit documentation and verifies com-
pliance with regional transportation regulations. This team is responsible for identifying discrep-
ancies, resolving malpractice issues, and maintaining the integrity of transit flows across partner
states.

The implementation of RECTS marks a significant step toward modernizing East Africa’s trade
monitoring infrastructure by integrating real-time technology into customs enforcement.
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FIGURE 2.1 A customs officer inspecting a cargo container equipped with the RECTS tracking system, en-
suring secure and transparent transit monitoring. Picture Source: URA Vol. 1, Issue 1 FY 2015/16

Benefits realised after the implementation of the project include:
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2.3.5.3 Benefits of Implementing the RECTS Project

Following the deployment of the RECTS initiative, several notable improvements have been ob-
served across the region’s customs operations and logistics systems:

* Shortened Transit Time: The average duration of cargo movement decreased to between
three and four days, improving delivery efficiency.

* Revenue Enhancement: The deployment of Rapid Response Units (RRUs) has led to an
increase in revenue collection by intercepting non-compliant cargo.

« Improved Data Integrity: Strengthened control measures have enhanced the reliability and
security of data associated with cargo tracking.

* Enhanced Regional Collaboration: The formation and coordination of joint technical
working groups have fostered greater cooperation among member states.

* Real-time Monitoring: Live tracking capabilities have reduced incident response times to
within 60 minutes, promoting swift intervention.

* Reduction in Diversion Cases: The incidence of cargo diversion has decreased significantly
due to closer route monitoring.

* Lower Business Costs: Greater operational efficiency and minimized delays have con-
tributed to a reduction in costs incurred by traders and logistics providers.

2.3.5.4 Ongoing Enhancement Initiatives

The technical teams from the participating revenue authorities continue to assess and refine the
RECTS system to ensure it remains aligned with evolving trade and security demands. These joint
working groups regularly evaluate the platform’s functionality and suggest operational improve-
ments.

One of the major enhancement plans involves expanding the network of Rapid Response Units
across all transit corridors to provide broader coverage and faster enforcement. To achieve this,
there is an ongoing effort to ensure that all RECTS components including personnel, technology,
and infrastructure are adequately resourced and supported through continuous training and system
upgrades. These developments aim to reinforce cargo oversight and boost the system’s overall
resilience and performance.

2.3.5.5 The DATE model

Chen and Liu (2022) developed this, which resulted in a significant improvement in customs data
processing. "DATE (Dual Attentive Tree Embeddings) demonstrated that tree-structured attention
models can capture relationships in customs declarations, improving accuracy by 28 percent com-
pared to traditional machine learning methods.”

The model was introduced by the World Customs Organization’s BACUDA project, and it repre-
sents a significant shift in customs fraud detection, with notable findings such as superior perfor-
mance over the XG Boost model, particularly in classification tasks. This model was also successful
in Nigeria (FSI, 2023). In addition, a more straightforward web-based user interface was imple-
mented to prevent item misclassification effectively.

FSI (2023) conducted a study on the use of artificial intelligence in developing Nigeria’s customs
system, and the DATE model outperformed existing traditional methods. To avoid the misclassi-
fication of imported items, relevant users are provided with a web link where they can enter the
item name and another unique identifier, and the model returns the appropriate class to which those
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items belong. This study closes a gap in the existing literature by developing a machine-learning
model to address valuation issues within Uganda’s customs regime.

2.4 Relevance to the Ugandan Context

In Uganda, the potential for machine learning in customs has not yet been fully realized. While
the URA has experimented with digital declarations and data analytics, there is limited evidence
of predictive modeling being used in valuation decision-making. The country faces unique chal-
lenges, including limited technical infrastructure, inconsistently structured trade data, and minimal
budget allocations for Al-driven innovation. However, these challenges also present an opportu-
nity to design context-sensitive solutions that address local capacity gaps. Applying ML models to
Uganda’s own historical import data can offer a more accurate, objective, and scalable approach
to customs valuation. Moreover, by integrating predictive tools into existing platforms like ASY-
CUDA, valuation officers can benefit from real-time decision support, especially for high-risk or
frequently misdeclared items.

2.4.1 Significance of machine learning in customs trade.

Similar innovations have been reported and explored mainly in the sub-Saharan African countries,
such as the Kenya Revenue Authority’s Al study for customs fraud detection (Mutua et al., 2021)
and Ghana’s e-customs portal that integrates machine learning methods for HS codes classification
(Mensah & Owusu, 2022). However, there hasn’t been any documented research about the predic-
tion of unit prices of imports for Uganda’s context, and this has formed the basis for this study.
Machine learning (ML) has emerged as a strong technology that has the potential to transform
trade facilitation. ML identifies patterns, trends, and anomalies in large datasets by employing
data-driven algorithms. This functionality is especially useful in trade environments that create
massive amounts of data daily.

Automated risk assessment, real-time customs clearance time prediction, and supply chain op-
eration optimization are all examples of machine learning applications in trade facilitation. Pre-
dictive models, for example, can analyse past customs data to identify shipments that are likely
to have delays or violations, allowing customs officials to better deploy resources. Similarly, ma-
chine learning-based risk assessment models can aid in the identification of high-risk consignments,
boosting inspection accuracy and efficiency. These examples highlight machine learning’s trans-
formational potential in improving trade processes and reducing inefficiencies.

Enhanced efficiency:The implementation of machine learning systems in customs trade stream-
lines operations by reducing costs and improving efficiency. While analyzing large trade datasets,
these systems reduce human error, automate customs clearance, and reduce delays in document
processing, hence enhancing efficiency.

Anomaly detection: Machine learning systems often support classifying trade transactions through
outlier detection mechanisms.

2.4.2 Problems associated with deployment of ML solutions in low resource
economies

Data quality and its availability: The use of predictive analytics and machine learning models in
trade facilitation faces several challenges, the most significant of which are data quality concerns
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and system integration. Machine learning systems frequently rely on high-quality data to function
properly. Biased data produces incorrect results and conclusions, undermining the ML system’s
reliability. Customs trade employs a variety of data sources, including customs records, shipping
manifests, and regulatory documents. These datasets’ discrepancies, missing values, and inconsis-
tencies can all have a significant impact on the predictive model’s accuracy.

Ethical and Regulatory Considerations: The use of machine learning models can inadvertently
perpetuate biases that are frequently present in training data, resulting in unfair outcomes. Further-
more, the sensitivity of trade data raises privacy and security concerns, which limit the availability
of large datasets for model training and analysis.

Technological Constraints: Special skills and knowledge are required for the successful imple-
mentation of machine learning systems. The scarcity of skilled professionals in artificial intelli-
gence impedes the adoption and effective implementation of these technologies. This necessitates
significant investment in infrastructure, particularly in high-performance computing resources and
data storage systems.

Public Perception: Building public trust in these artificial intelligence systems is critical. There is
a constant fear of job loss as Al automates many tasks. As a result, addressing the societal impact
of Al systems necessitates the creation of programmes that up-skill the workforce and provide
opportunities for employees to learn new skills.

AI Regulation: The absence of a structured legal framework for data collection and use of elec-
tronic data. The lack of standardization in data formats and communication protocols complicates
ML model integration. In addition, traditional trade systems frequently lack the technical infras-
tructure required to support real-time machine learning predictions.

These issues highlight the importance of better data management techniques and robust integration
frameworks for properly deploying ML in trade facilitation.

2.4.3 Theoretical Perspectives

Several theoretical frameworks underpin the literature on customs valuation and technology adop-
tion. The Principal-Agent Theory is frequently invoked to explain valuation fraud, emphasizing the
asymmetry of information between traders (agents) and customs authorities (principals). Traders
have incentives to misreport values, while customs authorities face monitoring challenges. Ma-
chine learning reduces this asymmetry by leveraging data to independently validate transaction
values.

The Diffusion of Innovation (DOI) Theory provides insights into how institutions adopt and in-
ternalize new technologies. For URA, ML adoption requires moving through stages of awareness,
persuasion, decision, implementation, and confirmation. Similarly, the Technology—Organization—
Environment (TOE) Framework highlights the interplay of technological readiness, organizational
capacity, and environmental pressures. Uganda’s push for digital transformation under Vision
2040, combined with international obligations under the WTO Valuation Agreement, creates both
internal and external pressures conducive to adoption.

Finally, Institutional Theory enriches the discussion by examining how public agencies adapt to
demands for transparency and modernization. In Uganda, international donor support, regional
integration through the East African Community, and domestic pressure for revenue mobilization
all constitute institutional drivers for customs reform. Integrating these theoretical perspectives
allows this study to situate ML not only as a technical innovation but also as part of a broader
institutional and governance transformation.

A Machine learning Approach for accurate valuation of imports in Uganda
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2.5 Gaps in the Existing Literature

Despite the growing global evidence on the use of machine learning in customs administration,
critical gaps remain in the African and Ugandan context. First, few empirical studies have ap-
plied predictive ML models to real customs datasets in Sub-Saharan Africa, leaving uncertainty
about their accuracy and feasibility in low-resource environments. Second, little is known about
how such models can be operationalized into existing systems like ASYCUDA, especially given
infrastructural constraints. Third, there is scant research on the institutional, organizational, and
behavioral factors that influence adoption of Al in public revenue authorities. These gaps highlight
the originality and relevance of this study, which not only benchmarks model performance but also
deploys a prototype, providing both technical evidence and practical insights.

2.6 Conclusion

The literature establishes customs valuation as a critical but vulnerable component of trade gover-
nance, subject to manipulation through undervaluation and misclassification. While international
frameworks such as the WTO Customs Valuation Agreement set legal standards, implementa-
tion challenges persist, particularly in developing economies. Machine learning has emerged as
a promising tool for enhancing valuation accuracy, with successful applications documented in
Asia and Latin America and pilot initiatives underway in Africa. However, empirical evidence
from Uganda is limited, and no study to date has operationalized ML models within URA’s cus-
toms framework. This gap underscores the need for this study, which seeks to demonstrate the
feasibility, performance, and practical implications of ML adoption in Uganda’s customs valuation
system.
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Chapter 3

METHODOLOGY

3.1 Introduction

This chapter presents the methodological framework employed in the study, from data collection
and preparation through model development, evaluation, and prototype deployment. The approach
adheres to Guo’s (2018) seven-step machine-learning development paradigm, which ensures a log-
ical progression from data collecting to model deployment.The objective was to design and rigor-
ously test machine learning (ML) models for customs valuation, benchmark them against existing
practices at the Uganda Revenue Authority (URA), and demonstrate operational feasibility through
a functional prototype. Methodological decisions were informed by both theoretical considerations
such as the Principal Agent problem and the Technology Organization—Environment (TOE) frame-
work discussed in Chapter 1 and practical constraints associated with data availability, computa-
tional resources, and institutional readiness. The chapter is structured as follows: data sources and
description, data preprocessing and feature engineering, model selection and development, evalu-
ation procedures, deployment of the prototype application, and ethical considerations.



20

Machine Learning Workflow
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FIGURE 3.1 A flowchart of the steps of machine learning as per Dr Yufeng Guo.

3.1.1 Data Sources

The primary dataset for this study was obtained from the Uganda Revenue Authority’s Automated
System for Customs Data (ASYCUDA World), covering the period 2020 to 2024. ASYCUDA
is a standardized customs management system developed by UNCTAD and deployed globally to
facilitate electronic processing of customs declarations. The dataset comprised more than 70,000
import declaration records, representing a wide range of commodities including automobiles, elec-
tronics, textiles, and agricultural products. Access was granted under URA’s research collaboration
framework, with strict adherence to confidentiality agreements and ethical data use protocols.

3.1.2 Data Structure

Each record in the dataset included variables relevant to customs valuation: Harmonized System
(HS) codes, declared transaction values, quantities, country of origin, freight and insurance costs,
duty-paid values, and exchange rates at the time of clearance. Categorical variables such as HS
codes captured commodity classifications, while continuous variables included unit prices, freight
charges, and duty amounts. Metadata such as declaration dates and import channels (air, sea, or
land) provided temporal and logistical context.

3.1.3 Data limitations

As with most administrative data, the ASYCUDA dataset contained missing values, inconsisten-
cies, and potential misclassifications. Moreover, it excluded informal cross-border trade flows,
which account for a substantial share of Uganda’s total trade volume. These limitations, discussed
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further in subsequent sections, were addressed through data cleaning, imputation, and careful fea-
ture engineering.

3.1.4 Descriptive statistics

These statistics enabled us to gain preliminary insights about the dataset. This allowed for better
understanding of the distribution of variables, quick analysis of values to detect extreme values
and abnormal distribution. Understanding the central tendencies of the variables allowed for an
organised model development process.

Observation Data Distribution: Most numerical features showed a right-skewed distribution, as
evidenced by their means being higher than the medians (such as: Unit_Price_UGX, Value_per_-
kg, FOB_per_kg). This hinted at the presence of high-value outliers, which would influence model
behavior and initial recommendation required robust scaling.

Target Variable(Unit_Price_UGX): The unit price in UGX values ranged from 62.20 to 729,221.44,
with a high standard deviation of 163,745.99, which indicated a substantial variance. Its median
value (86,718.70) was significantly lower than the mean (151,323.88), confirming skewness.
Freight and Insurance Costs: Both Freight USD and Insurance_usd exhibited wide variability, with
maximum values exceeding 1,000 USD and 135 USD respectively. However, Freight_per_kg and
Insurance_per_kg show that some shipments had minimal to no costs per kilogram, suggesting
variable valuation or subsidization.

Mass and Quantity: The Gross_Mass_kg and Net_Mass_kg were highly correlated, with average
values of 786 kg and 726 kg respectively. The mass-based price features (FOB_per_kg, Value_-
per_kg) were also spread out significantly, which may affect model sensitivity to weight-based
features.

Time Span: The data ranged from 2020 to 2024, which allowed for time series analysis using
the Year and Month columns. This temporal information would be used to detect policy changes,
macroeconomic shifts, or demand cycles.

Taxes and Valuation: The Tax_Rate had a relatively small standard deviation and ranged between
5% and 25%, which indicated tiered tax policies.

Distributional Characteristics of the target variable: (Unit Price)
To assess the shape of the distribution of key valuation variables, we computed the skewness and
kurtosis of the dataset. The calculated values were as follows:

» Skewness: 1.519
* Kurtosis: 1.654

To further explore the distribution of the target variable, statistical tests were ran on the target
variable to determine the skewness and Kurtosis.

A skewness of 1.519 indicates a moderately right-skewed distribution, which is common in finan-
cial datasets where a small number of high-value transactions significantly raise the average. This
asymmetry implies that while most import declarations lie near the lower end of the valuation spec-
trum, a few high-value entries stretch the distribution to the right.

The kurtosis value of 1.654, which is lower than the normal distribution’s benchmark value of 3,
indicated a platykurtic distribution characterised by lighter tails and a flatter peak. This suggested
that extreme outliers are less frequent than in a Gaussian distribution, but some influential high-
value observations still existed.
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These findings confirmed that the target variable deviated from normality and supported the choice
of machine learning models, particularly tree-based methods like Random Forest, which are robust
to skewed and non-Gaussian data structures (Kim & White, 2004; DeCarlo, 1997).

Variable Count Mean Std Min 25% 50% 75% Max
HS_Code 70734  41919932.31  29558572.64  10063010.00  15079090.00  30049099.00  84089010.00  87032319.00
Quantity 70734 316.51 306.91 5.25 77.90 183.18 467.95 938.51
Net_Mass_kg 70734 725.91 746.19 2.42 151.88 391.19 1099.81 2220.29
Gross_Mass_kg 70734 785.78 807.74 2.61 164.41 423.45 1190.51 2403.43
FOB_Value_USD 70734 4306.91 1836.71 43.47 2942.24 4203.45 5548.97 9679.16
Freight_USD 70734 330.52 237.02 1.77 138.34 281.02 474.60 1011.14
Insurance_USD 70734 47.08 31.00 0.25 22.06 40.76 65.84 135.63
CIF_Value_USD 70734 4685.70 2006.42 49.93 3200.72 4566.11 6037.45 10532.16
CIF_Value_UGX 70734 17330989.04 7435593.62 185312.63  11828281.51  16853980.07 22333531.29  38961476.57
Unit_Price_UGX 70734 151323.88 163745.99 62.20 31865.05 86718.70 214177.60 729221.44
Tax_Rate 70734 0.16 0.07 0.05 0.10 0.18 0.20 0.25
Year 70734 2022.00 1.41 2020.00 2021.00 2022.00 2023.00 2024.00
Month 70734 6.53 3.45 1.00 4.00 7.00 10.00 12.00
Invoice_Amount 70734  17330989.04 7435593.62 185312.63 11828281.51  16853980.07  22333531.29  38961476.57
Value_per_kg 70734 104255.20 200483.72 248.31 14080.66 40541.90 109842.08 3559753.60
Value_per_unit 70734 152333.30 162888.30 692.50 32822.00 86718.70 214112.97 729221.44
FOB_per_kg 70734 25.92 49.83 0.06 3.49 10.08 27.31 882.13
Freight_per_kg 70734 1.98 4.48 0.00 0.22 0.63 191 115.51
Insurance_per_kg 70734 0.29 0.63 0.00 0.03 0.09 0.28 14.58

TABLE 3.1 Descriptive statistics for 19 key variables in the import valuation dataset. The wide ranges and
high standard deviations, particularly for monetary and derived features, highlight diversity in Uganda’s
import trade and justify the use of machine learning models to capture these complex patterns.

3.2 Data Preprocessing and Feature Engineering

3.2.0.1 Data Cleaning

Records with missing or invalid transaction values were excluded after careful verification, while
categorical inconsistencies in HS codes were harmonized using the World Customs Organization’s
HS classification guidelines. Outliers were detected using the Interquartile range method, with
extreme values (often indicative of misreporting or clerical errors) either winsorized or removed,
depending on their plausibility.

In this study, data pre-processing involved cleaning, organizing, and formatting the dataset to im-
prove consistency and interpretability. The raw data obtained from the Uganda Revenue Author-
ity’s import declarations system was not immediately ready for analysis. Several preparatory tasks
were carried out to ensure it met the standards required for machine learning applications.
Specifically, column headers were renamed to more descriptive and interpretable labels that re-
flect the underlying attributes, such as FOB_Value_USD, Unit_Price_UGX, and Value_per_kg. This
improved the clarity and usability of the dataset during exploratory analysis and model training.
Additional preprocessing steps—such as handling missing values, standardizing numeric fields,
and encoding categorical variables—were also performed in later phases, as detailed in subsequent
sections.

A Machine learning Approach for accurate valuation of imports in Uganda
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TABLE 3.2 Description of Dataset Variables

Variable Name

Description

HS_Code
Item_Description
Country_of_Origin
Port_of_Shipment

Quantity
Quantity_Unit
Net_Mass_kg

Gross_Mass_kg
FOB_Value_USD
Freight_USD
Insurance_USD
CIF_Value USD
CIF_Value_UGX
Unit_Price_ UGX
Tax_Rate
Currency_Code
Mode_of_Transport
Year

Month
Invoice_Amount
Valuation_Method
Value_per_kg
Value_per_unit
FOB_per_kg
Freight_per_kg

Insurance_per_kg

Harmonised System code identifying the type of goods
Textual description of the imported item
Country from which the goods originated

Port where the goods were shipped from
Amount of goods imported

Unit of measurement for the quantity

Net weight of the goods in kilograms

Gross weight including packaging in kilograms
Free On Board value in US dollars

Freight cost in US dollars

Insurance cost in US dollars

Cost, Insurance and Freight value in US dollars
CIF value converted to Ugandan Shillings

Unit price in Ugandan Shillings

Applicable tax rate in percent

Currency used in the original transaction
Transport method used (e.g., Air, Sea, Road)
Year of import

Month of import

Total invoice amount

Method used for customs valuation

CIF value divided by net mass

CIF value divided by quantity

FOB value divided by net mass

Freight cost divided by net mass

Insurance cost divided by net mass

3.2.1 Handling Missing Data

A thorough assessment of the dataset revealed no missing values or duplicate records across all
variables. This is a highly favourable characteristic in the context of machine learning for import
valuation, as the absence of missing data simplifies preprocessing and ensures that the full volume
of data can be leveraged for learning accurate patterns in value estimation. High-quality, complete
data is particularly critical for valuation tasks, where even small gaps in essential features like
FOB_Value, Freight, or Net_Mass could lead to distorted customs valuation and downstream policy
implications. (engels 2019, sun 2017).

Moreover, missing data in trade datasets is often not random and may reflect systemic issues in data
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collection processes, such as inconsistent declarations or port-level discrepancies (miller 2015).
Inaccurate or imputed values in such sensitive contexts could bias machine learning models and
inadvertently affect compliance risk assessments and revenue forecasts. As noted by Rubin (rubin
1976), assumptions made during missing data imputation can significantly alter inference quality,
which is why beginning with a fully observed dataset strengthens the reliability of model predictions
and confidence in empirical findings.

The fact that the dataset was free from both missing values and duplicate propagation also rein-
forces the data’s credibility. This level of data integrity, therefore, provides a strong foundation
for building robust valuation models that can help improve the accuracy and fairness of Uganda’s
import valuation framework.

Missing Data Heatmap
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FIGURE 3.2 The missingno heatmap confirmed no missing data in the training dataset. Each column was fully
populated across all 70,734 records, which is visually confirmed by the solid vertical bars without any white
gaps (which would indicate null values). This clean state of data ensured that no imputation, deletion, or
preprocessing for missing values was necessary, therefore streamlining the modeling pipeline and reducing
potential bias or information loss during handling of nulls

3.2.2 [Exploratory Data Analysis: (EDA)

This is an important procedure since it allows data scientists to analyse and investigate data sets
while also summarising their major qualities, which is usually done using data visualisation ap-
proaches. EDA was carried out with the intention of best modifying data sources to achieve the
desired answers, so making it easier to find patterns, identify anomalies, and verify the study’s hy-
pothesis.

3.2.2.1 Univariate Analysis

This involved analysis of single variables out of the dataset to check for the variables distribution.
This analysis was done on key variables such as Unit Price in the training dataset.
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Distribution of Unit_Price_UGX QQ plot of Unit_Price_UGX
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FIGURE 3.3 Why Unit_Price_UGX was plotted: The task was to predict Unit Price (UGX), understanding
its distribution is essential. This helped in guiding model choice, loss function design, and preprocessing
transformations. Key Observations: Histogram (left plot): Strongly right-skewed (positively skewed). The
majority of unit prices were concentrated at the lower end, with a long tail of high-value items.

Further exploration of other crucial features in the univariate analysis was done, and below, the CIF
column was explored to check for its distribution:
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FIGURE 3.4 Distribution and Q-Q plot of CIF_Value_UGX. The histogram (left) appeared nearly bell-shaped,
which suggested a relatively symmetric distribution of CIF values with a peak between UGX 10-20 mil-
lion. The Q-Q plot (right), however revealed moderate deviation from normality, particularly in the tails,
where sample quantiles diverge from the theoretical line. This pattern indicated mild skewness and possible
leptokurtic behaviour, which called for model strategies that tolerate non-normal input, such as ensemble
learners.

3.2.2.2 Bivariate Analysis

Here, analysis was done while comparing two variables and in this sample case, the box plot was
plotted to show the distribution of unit prices by country. This generated insights on how prices
were distributed across the importing countries to detect any cases of under- or overvaluation of
items based on the importing country.

To statistically test whether mean unit prices significantly differed by country of origin, a one-
way ANOVA was conducted. The results yielded an F-statistic of 1.189 and a p-value of 0.297
(p = 2.97 x 1071). Since the p-value was substantially greater than the conventional significance
threshold of 0.05, the null hypothesis of equal means across countries could not be rejected. Sta-
tistically, this indicated that there was no significant difference in average unit prices among the
listed countries. While the boxplot in Figure 3.5 visually showed variation in spread and presence
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of outliers, these differences were not large enough to be deemed statistically significant in terms
of central tendency.

Unit Price by Country of Origin
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FIGURE 3.5 Bivariate analysis: Boxplot showing unit price variation by country of origin. The analysis
revealed that while the median unit price was relatively consistent across countries, substantial variation ex-
isted within each group. Countries like China, India, and Kenya showed wide Interquartile ranges, indicating
diverse item types or valuation practices. Numerous high-value outliers were observed across all countries,
particularly from Japan and the United States, suggesting occasional shipments of premium goods. These
patterns underscored the heterogeneity in imported products and emphasized the need for machine learning
models capable of handling complex, non-linear relationships between origin and price.

A Machine learning Approach for accurate valuation of imports in Uganda
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3.2.2.3 Multivariate analysis
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160000 Tax Rate Bin
mm <=10%
140000 - mm 10-15%
< mm 15-20%
g 120000 = 20-25%
.g 100000
—
o
4
‘c 80000 —
=)
)
@ 60000 -
g
< 40000
20000
0 -
J ) & o @ @ @ o o
& N N ¢ % e
(‘}\\ (@b \(‘b \@Q {_O(\* vséo v‘s‘\ (\,1?0 . \({‘)" "&'
& N RS S <& >
[ <$> 3 < < 1
& < & N\
v 0
&
RS
RN

Country of Origin

FIGURE 3.6 Grouped bar chart showing the average unit price across different countries of origin, segmented
by tax rate brackets. The plot reveals how pricing patterns vary not only by country but also within regulatory
tax bands, with some countries like China and the U.S. showing consistently high unit prices across bins.
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FIGURE 3.7 Grouped boxplot showing the distribution of Unit_Price_UGX across different countries of ori-
gin, categorized by year. The visualization reveals that although the median unit price remains relatively
stable within each country over the five-year period, there exists notable intra-country variation, particularly
in countries like Japan, China, and the United States. These patterns suggest persistent valuation differences
that may be influenced by product composition, shipping practices, or market conditions across time. The
presence of wide interquartile ranges and extended whiskers indicates high variability within country-year
groupings, highlighting the importance of considering both country and time when modeling unit prices.
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3.2.3 Correlation Analysis

To test the relationship of variables with the target variable, a correlation analysis was plotted.

Correlation with Unit_Price_UGX
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FIGURE 3.8 Correlation of selected numerical features with Unit_Price_UGX. The heatmap highlights the
degree and direction of linear relationships between unit price and other import-related attributes. Positive
correlations are shown in red shades, while negative correlations are shown in blue, offering insight into
potential predictors for the machine learning model.

Correlation analysis was performed to understand the linear associations between Unit_Price_-
UGX and other relevant features. As shown in Figure 3.8, several variables exhibited strong and
interpretable relationships with unit price.

Positively correlated features included Value_per_unit (» = 1.00), Value_per_kgand FOB_per _kg
(both » = 0.55), and Insurance_per_kg (r = 0.49). These results were expected, as Unit_Price_-
UGX is a component or derivative of these ratios, particularly when broken down by quantity or mass.
These metrics capture per-unit or per-weight valuation, aligning with customs pricing models used
globally.

Moderate positive correlations were also observed with total invoice and CIF values (all » = 0.21),
reinforcing the idea that unit prices naturally increase with total shipment value, although not always
linearly due to bulk pricing, quantity discounts, or valuation methods applied.

On the other hand, significant negative correlations were found with physical dimensions such as
Quantity (r = —0.63), Net_Mass_kg (r = —0.57), and Gross_Mass_kg (r = —0.57). This inverse
relationship suggests that larger or bulkier shipments tend to have lower unit prices — a finding
that aligns with import dynamics where bulk orders attract lower per-unit costs, economies of scale,
or standardized pricing.

Near-zero correlations with variables like Year, Month, and Tax_Rate indicate that temporal or
regulatory features had minimal influence on unit price within the study period. These variables
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may still serve auxiliary roles in capturing seasonal or policy effects, but they are unlikely to be
primary predictors.

Overall, this correlation structure informed the feature selection process and validated the economic
logic underpinning price formation in Uganda’s import context.

3.2.4 Outlier Values Detecting and Treatment

An outlier is an observation that differs from other values in a population’s random sampling. The
dataset was analysed using the Interquartile Range (IQR) metric for statistical dispersion (Tukey,
1977). It denotes the range in which the middle 50% of the data lies. The IQR is calculated by
subtracting the 75th percentile (Q3) from the 25th percentile (Q1). Bounds were calculated as Q 1
-1.5xI QR Q1-1.5xIQR (lower) and Q 3 + 1.5 x I Q R Q3+1.5xIQR (upper) The approach was
chosen due to its ability to handle skewed data distributions. It detects outliers based on percentiles,
making it less susceptible to extreme numbers. Winsorization/Capping technique was employed
to winsorize the extreme values to the nearest valid thresholds to ensure data quality and integrity
without deleting any values that would have a great impact Tukey (1962).
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TABLE 3.3 Outlier Summary for Valuation Features

Feature Outliers Detected Percentage (%) Outliers Removed
FOB_Value_USD 103 0.15% 103
Freight_USD 1054 1.49% 1027
Insurance_USD 1090 1.54% 959
CIF_Value_USD 190 0.27% 58
CIF_Value_UGX 213 0.30% 46
Unit_Price_UGX 4493 6.35% 4468
Invoice_Amount 213 0.30% 15
Value_per_kg 6706 9.48% 5883
Value_per_unit 4542 6.42% 3277
FOB_per_kg 6675 9.44% 3039
Freight_per_kg 7491 10.59% 3563
Insurance_per_kg 7411 10.48% 3060

Table 3.3 presents a summary of outliers detected and removed from key valuation-related features
in the dataset. Features such as Freight_per_kg, Insurance_per_kg, and Value_per_kg exhibited
the highest proportion of outliers, each exceeding 9% of the total records. This suggests signifi-
cant heterogeneity in freight and insurance costs, likely arising from differences in transportation
modes, country of origin, or potential data entry errors. Conversely, core trade valuation features
such as FOB_Value_USD, CIF_Value_USD, and Invoice_Amount displayed relatively lower out-
lier proportions, often below 1%.

Outlier detection and treatment are essential in machine learning workflows because extreme val-
ues can disproportionately influence model parameters, particularly in regression-based models or
distance-based algorithms (aggarwal 2015). Outliers were identified using Interquartile range and
percentile-based thresholds—methods commonly recommended for real-world economic data pre-
processing (han 2012). The removal of extreme values beyond the 1st and 99th percentiles ensures
improved model generalizability and prediction stability without compromising the diversity of the
dataset (hodge 2004).

As the focus of this research is on accurate customs valuation, retaining data integrity while elim-
inating unrepresentative anomalies was prioritized to reflect true import behavior and valuation
patterns in Uganda.
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Qutlier Treatment in Test Data with IQR Capping
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3.2.4.1 Other Explorations

Data visualization is the process of presenting data or information using graphs, charts, or other
visual representations. Visualizations allow us to better understand how data is related. Data visu-
alization is another sort of visual art that draws us in and keeps us engaged in the message. When
opposed to scanning rows of data on a spreadsheet, turning information into images allows you to
notice patterns, trends, and outliers more clearly. Because the purpose of data is to provide insights,
visualized data is significantly more useful. The following are box plots showing the after-effects
of treating outliers using the Winsorization method (Tukey, 1977).

Distribution of Transport Modes

Land

The above illustrates the distribution of transport modes utilised for imports into Uganda. It was
evidenced that land transport accounted for the majority, representing approximately 49.8% of to-
tal import transactions, while water and air transport each account for 25.1%. This distribution c
Uganda’s geographic reality as a landlocked country, where cross-border road transport through
neighboring coastal states such as Kenya (via Mombasa) and Tanzania (via Dar es Salaam) domi-
nates import logistics (world bank, 2020).

The mode of transport is a crucial feature in import valuation models, as it significantly affects
associated costs like freight and insurance, both of which are components of the CIF (Cost, In-
surance, and Freight) valuation method (wco, 2020). For example, land transportation may have
lower insurance premiums but higher variability in freight charges compared to water or air ship-
ments (UNESCAP, 2017). Therefore, accurately capturing transport mode distributions enhances
the predictive ability of machine learning models when estimating final import values. Moreover,
understanding these patterns helps policymakers prioritise infrastructure investments to support ef-
ficient and cost-effective trade flows.

A Machine learning Approach for accurate valuation of imports in Uganda
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3.2.4.2 Trend Analysis of the Target Variable

Average Unit Price Trends Over Time
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FIGURE 3.10 Provides insights on the average price trends over time. This shows a possible increment in unit
prices for the years 2025. The observed fluctuations suggested notable volatility in import unit prices, with
sharp increases and decreases over short intervals. Such fluctuations could be attributed to various factors,
including global supply chain disruptions, exchange rate fluctuations, and shifting trade policies (UNCTAD,
2021). Particularly, the COVID-19 pandemic and its aftermath have been linked to significant trade flow
disturbances and price instability, emphasizing the need for dynamic and adaptive valuation models (oecd
2021). Understanding these temporal patterns is essential for building robust machine learning models for
import valuation. Models that incorporate time-based features, such as seasonal trends or economic cycles,
are more likely to achieve greater predictive accuracy (Gamboa 2017). Furthermore, given Uganda’s depen-
dency on imported goods for key sectors like manufacturing and retail, accurately forecasting and adjusting
for unit price fluctuations is critical for revenue estimation and trade policy formulation. These insights
further justify the inclusion of temporal dynamics as input features in machine learning frameworks for val-
uation tasks.
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Unit Price Trends by Mode of Transport
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FIGURE 3.11 This was plotted to give insights on the price variations over the years against the mode of
transportation of imports. The purpose of this was to detect any changes in pricing based on the mode of
transportation and its clear that unit prices are on an upward trajectory when mode is air transport, compared

to the other modes.

TABLE 3.4 Top 10 Countries of Origin by Quantity

Country of Origin Total Quantity

China 4,321,123
India 3,890,456
Kenya 2,765,001
UAE 2,540,678
South Africa 2,345,120
USA 2,301,089
Japan 2,210,456
Germany 1,789,123
UK 1,675,903
Netherlands 1,321,432

TABLE 3.5 Most imports to Uganda originate from China and India. These patterns can be influential when
building ML models for price prediction due to regional pricing strategies and trade agreements.

A Machine learning Approach for accurate valuation of imports in Uganda
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3.2.5 Feature Engineering

Several derived features were constructed to enhance model performance. Unit values were calcu-
lated as the ratio of transaction value to quantity, providing a normalized measure across shipments.
Temporal variables such as quarter and year were extracted from declaration dates to capture sea-
sonal and macroeconomic fluctuations. Country-of-origin variables were encoded to reflect trade
relationships, as previous studies have shown systematic undervaluation linked to particular origin
countries (e.g., imports from China vs. Europe).

* Value per Unit = CIF_Value_UGX <+ Quantity: Captures unit-based valuation adjusted for
total shipment size.

* Value per Kilogram = CIF_Value_UGX + Net_Mass_kg: Reflects the average value density
of goods.

* FOB per Kg, Freight per Kg, Insurance per Kg: Normalized breakdown of shipment cost
components.

* Invoice Value = CIF value (as proxy for full import invoice).

+ Tax Rate Binning: Tax rates were bucketed into logical bins (e.g., <10%, 10-15%, etc.) to
enable grouped visualizations and easier learning.

These derived variables helped the models identify non-linear relationships and were especially
useful in distinguishing under- and over-valued declarations across shipment sizes. Their inclusion
significantly improved model accuracy, particularly for the Random Forest estimator.
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Correlation Heatmap of Raw and Engineered Features
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FIGURE 3.12 Correlation heatmap showing relationships between raw and engineered features. Notably,
Value_per_unit and Value_per_kg had strong positive correlations with Unit_Price_UGX, while mass-
related features like Net_Mass_kg showed weaker associations. These patterns validated the added predictive
value of engineered metrics.
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Importance of Raw vs Engineered Features

Type
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FIGURE 3.13 Relative importance of raw and engineered features in predicting import unit price. While
traditional features like CIF_Value_UGX and Quantity ranked highest, engineered variables such as Value_-
per_unit and FOB_per_kg added meaningful improvements to model interpretability and accuracy.

3.2.6 Feature Selection

The process was guided by the Random Forest feature importance and the results from the corre-
lation analysis with the target variable.
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Top Selected Features Based on Random Forest Importance
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FIGURE 3.14 Top features selected based on Random Forest importance scores. Variables such as CIF_-
Value_UGX, Quantity, and Value_per_unit had the highest predictive contribution, aligning with domain
expectations around value-based pricing mechanisms in customs valuation.

3.3 Model Development and Selection

This study applied 2 supervised machine learning algorithms since the task was a regression task
in nature, involving predicting of a numeric outcome and these included: The random forest algo-
rithm, XG Boost and the Artificial Neural Networks.

3.3.1 Encording and scaling

Categorical variables such as HS codes and origin countries were encoded using one-hot encod-
ing. Continuous variables were standardized through z-score normalization to ensure comparabil-
ity across features, particularly for algorithms sensitive to scale such as Artificial Neural Networks
(ANN). For Random Forest and XGBoost, scaling was less critical but maintained for consistency
across models.

3.3.2 Model Selection

Three machine learning algorithms were selected for evaluation: Random Forest (RF), Extreme
Gradient Boosting (XGBoost), and Artificial Neural Networks (ANN). The choice was guided by
both empirical evidence in prior literature and theoretical considerations:

Random Forest (RF): An ensemble learning method combining multiple decision trees. RF is ro-
bust to noisy data, handles high-dimensional categorical variables effectively, and has consistently

A Machine learning Approach for accurate valuation of imports in Uganda
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outperformed linear models in valuation contexts. Its interpretability through feature importance
metrics also supports transparency, an essential factor for public sector adoption.

XGBoost: A gradient boosting framework optimized for speed and performance. XGBoost has
been widely applied in financial fraud detection and trade analytics, demonstrating superior accu-
racy in structured datasets. Its ability to capture nonlinear relationships and interactions made it an
ideal candidate for customs valuation.

Artificial Neural Networks (ANN): Inspired by the human brain’s neural architecture, ANNs excel
in modeling complex nonlinearities. Although more computationally demanding and less inter-
pretable than tree-based models, ANNSs provide valuable insights into the potential of deep learning
for valuation tasks.

This combination of models allowed the study to benchmark ensemble methods against deep learn-
ing approaches while maintaining relevance to Uganda’s computational constraints.

3.3.3 Model training and Validation

The dataset was split into training (70%), validation (15%), and testing (15%) sets using strati-
fied sampling to preserve the distribution of HS codes across subsets. Hyperparameter tuning was
conducted using grid search and five-fold cross-validation to balance bias and variance. For Ran-
dom Forest, key parameters such as the number of trees and maximum depth were optimized. For
XGBoost, learning rate, maximum depth, and sub-sampling rates were tuned. For ANN, the archi-
tecture included two hidden layers with ReL U activation, optimized through Adam optimizer with
early stopping to prevent overfitting.

3.3.4 Modeling Pipeline

To ensure a reproducible and systematic modeling process, a pipeline was constructed to automate
data preprocessing and model training. The pipeline integrated all necessary steps in a modular
sequence, allowing consistent transformation across training and testing phases.

Key components of the modelling pipeline included:

1) Imputation: Although the dataset was mostly complete, missing values were checked and
filled where needed using median imputation for numerical fields and mode for categorical
variables.

2) Feature Encoding: Categorical variables such as Country_of_Origin and HS_Code were
transformed using one-hot encoding to make them suitable for machine learning models.

3) Normalization and Scaling: Continuous variables were standardized using the
StandardScaler (zero mean, unit variance), which is particularly essential for models such
as Artificial Neural Networks that are sensitive to input scale. Tree-based models like Ran-
dom Forest and XGBoost, however, are invariant to feature scaling but were included in the
same pipeline for consistency.

4) Model Integration: The preprocessed data was then passed to the core estimators (Random
Forest, ANN, Linear Regression) as part of a single Scikit-learn pipeline. This approach
ensured no data leakage and consistent preprocessing during both training and inference.

5) Cross-Validation: Pipelines were wrapped in cross-validation loops to fine-tune hyperpa-
rameters and evaluate performance across folds.

This structured pipeline improved reproducibility, reduced errors during feature transformation,
and enhanced model robustness.
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3.3.5 Training and Validation

To evaluate model performance on unseen data, the full dataset was partitioned into an 80% training
set and a 20% test set using a stratified random split. The training set contained the target variable
Unit_Price_UGX, while the test set simulated real-world conditions where predictions must be made
without access to true values. This approach prevented data leakage and ensured a fair assessment
of generalization performance.

To minimize overfitting and ensure generalizability, the models were evaluated using an 80/20 strat-
ified train-test split along with 5-fold cross-validation. This dual strategy helped validate model sta-
bility across different samples while simulating real-world conditions where predictions are made
without access to true values. Random Forest’s performance remained consistently high across all
folds, reinforcing its reliability as a baseline model.

Future work will mainly incorporate advanced robustness checks such as nested cross-validation
and out-of-sample generalization under changing trade conditions.

3.3.6 Model performance comparison

TABLE 3.6 Comparison of Model Performance Metrics

Model MAE (UGX) RMSE (UGX) R2?Score
Random Forest 560.35 702.20 0.997
XGBoost 1298.42 1802.56 0.981
Artificial Neural Network 2861.41 4182.23 0.936

A Machine learning Approach for accurate valuation of imports in Uganda
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Model Comparison Based on R? Score
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FIGURE 3.15 Random Forest outperformed other models with an R? score of 0.997, indicating near-perfect
prediction capability. This highlights its ability to capture complex valuation logic in the customs import
data, making it ideal for real-world deployment.
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XGBoost also performed exceptionally well with an MAE of 1,298 UGX and R? of 0.981.

Its regularisation mechanisms reduced overfitting, though it slightly underperformed compared to Random
Forest in error reduction.
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Model Comparison Based on Root Mean Squared Error (RMSE)
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FIGURE 3.17 The ANN model had the highest MAE and RMSE, indicating greater deviation from actual
prices. While still strong (R2 = 0.936), its performance suggests that deep learning may require more hyper-
parameter tuning or data scaling in this context.
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FIGURE 3.18 Predicted vs actual unit prices by model: Random Forest (red), XGBoost (green), and ANN
(blue). The diagonal reference line represents perfect prediction. Random Forest results cluster most tightly
around the line, indicating high accuracy, while ANN predictions show more variance.
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3.3.7 Model Deployment

To operationalise the trained machine learning model and make it accessible to users in a practical
environment, a full-featured web application was developed using Streamlit and deployed on the
Render cloud platform.

Why Streamlit was chosen:

* Developer-Focused Simplicity: Streamlit allows Python users to build interactive frontends
without needing HTML, JavaScript, or frontend frameworks.

» Seamless ML Integration: It integrates easily with data science libraries (Scikit-learn, Pan-
das, Plotly), enabling real-time predictions, visualizations, and model insights.

* Modular Architecture: Each section of the app (Dashboard, Reports, Predictions) was mod-
ularized using ‘main.py‘ and page components for maintainability and scalability.

Why Render was chosen for hosting:

* Free Tier Hosting: Ideal for academic and demo projects, Render provides always-on de-
ployment at no cost.

* GitHub Integration: Easy CI/CD setup for automatic updates when code is pushed to
GitHub.

* Streamlit-Compatible Infrastructure: Supports Python dependencies, virtual environ-
ments, and fast API startup with no containerization needed.

App Architecture and Features:

1) Dashboard Page — Built using Plotly and custom functions from visualization.py, this
tab provides:

+ Total CIF value and value density KPIs
+ Import trends over time
 Country-wise import heatmaps

2) Analytical Reports Page — Offers year-over-year comparisons, aggregated summaries, and
outlier detection.

3) Price Predictions Tab — Loads the pre-trained model from ‘joblib‘ using data_loader .py,
applies transformations (e.g., scaling, encoding), and predicts unit prices based on user in-
puts.

4) Custom Styling — The user interface was enhanced with style.css for a modern, dark-
themed look optimized for both desktop and mobile viewing.

Security and Performance Considerations: Caching strategies were applied via ‘@st.cache_-
data‘ and ‘@st.cache_resource‘ to optimize load times for both data and model files, ensuring a
smooth user experience even under limited hosting resources.
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Deployment Architecture of the Streamlit Web App with Modular Pages
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FIGURE 3.19 End-to-end deployment architecture of the Streamlit-based Import Valuation App. The frontend
interface routes user interactions through main. py, which dynamically loads modular pages: dashboard. py,
reports.py, predictions.py, and about.py. Supporting modules such as visualization.py and data_-
loader.py provide charting logic and model loading respectively. Render.com serves as the hosting platform.

3.3.8 Model Evaluation
3.3.8.1 Evaluation Metrics

Model performance was assessed using three primary metrics: Mean Absolute Error (MAE), Root
Mean Squared Error (RMSE), and the coefficient of determination (R?). MAE provides a direct
measure of prediction error in monetary terms, RMSE penalizes larger errors more heavily, and
R? captures the proportion of variance explained by the model. Together, these metrics offer a
balanced evaluation of both accuracy and reliability.

3.3.8.2 Benchmarking Against Traditional Methods

To assess practical value, ML model performance was compared with URA’s existing average-
based valuation method. This benchmark highlighted the degree to which ML improved upon the
status quo. For example, URA’s method produced an MAE of UGX 124,797.76, while the Random
Forest model achieved an MAE of UGX 560.35 representing a 99.55% reduction in error (Chapter
4).

3.3.8.3 Statistical Validation

Statistical significance of performance improvements was assessed using paired t-tests on error
distributions. This ensured that observed differences between ML models and traditional methods
were not due to random chance. Confidence intervals were also reported to provide robustness to
evaluation findings.
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3.3.9 Prototype Deployment

A key objective of this study was to demonstrate operational feasibility by deploying the best-
performing model into a functional prototype.

3.3.9.1 Platform Selection

The prototype was implemented using Streamlit, an open-source Python framework for building
interactive web applications. Streamlit was selected for its lightweight architecture, ease of integra-
tion with Python ML models, and suitability for rapid prototyping in low-resource environments.

3.3.10 Functionality

The prototype allows customs officers to input shipment attributes such as HS code, country of
origin, quantity, and declared invoice value. The system then predicts a benchmark value using the
Random Forest model and displays both the prediction and a compliance flag if the declared value
deviates significantly from the benchmark. This decision support functionality mirrors real-world
use cases and aligns with URA’s operational workflows.

3.3.11 Usability Testing

Preliminary usability testing was conducted with simulated datasets to evaluate interface clarity,
response times, and error handling. Feedback highlighted the importance of clear visualization
of predictions and confidence intervals, which were integrated into the final version. Integration
with ASYCUDA remains a recommendation for future work, given institutional and infrastructural
requirements.

3.3.12 Ethical Considerations

This study adhered to strict ethical guidelines in handling sensitive customs data. Data access was
granted under confidentiality agreements, and no personally identifiable information (PII) was in-
cluded in the analysis. Results were reported in aggregate to prevent disclosure of specific trader
information. From an ethical Al perspective, the study acknowledges the importance of trans-
parency and fairness in algorithmic decision-making. While tree-based models such as Random
Forest provide feature importance metrics, further work should explore explainable Al techniques
(e.g., SHAP values) to ensure interpretability for non-technical customs officers.

3.3.13 Conclusion

This chapter outlined the methodological approach adopted to develop, evaluate, and deploy ma-
chine learning models for customs valuation in Uganda. By leveraging a large administrative
dataset, applying rigorous preprocessing, benchmarking multiple algorithms, and demonstrating
a deployable prototype, the methodology bridges the gap between academic research and practical
implementation. The next chapter presents the results of model performance and their implications
for revenue mobilization, institutional modernization, and policy reform.
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Chapter 4

RESULTS AND DISCUSSION

4.1 Introduction

This chapter presents the empirical findings of the study, beginning with the performance results
of the developed machine learning models, followed by their comparison with traditional customs
valuation methods currently used by the Uganda Revenue Authority (URA). It then relates these
results to the research objectives, questions, and theoretical frameworks introduced earlier in the
thesis. Beyond reporting numerical accuracy, this chapter critically interprets the findings, situ-
ates them within global and regional literature, and discusses their broader implications for policy,
practice, and institutional modernization in Uganda. The chapter also highlights the practical con-
tributions of the prototype application and concludes with a reflection on the study’s contributions
and challenges.

4.2 Model Development and Predictive Performance

The study developed three machine learning (ML) models—Random Forest (RF), Extreme Gradi-
ent Boosting (XGBoost), and Artificial Neural Networks (ANN)—to predict the customs value of
imported goods. Each model was trained on over 70,000 import declarations extracted from URA’s
ASYCUDA system spanning 2020-2024. Performance was evaluated using Mean Absolute Error
(MAE), Root Mean Squared Error (RMSE), and the coefficient of determination (R?).

The Random Forest model emerged as the most accurate, achieving an R2 score of 0.997, an MAE
of UGX 560.35, and an RMSE of UGX 1,868.23. XGBoost followed with an R? of 0.981, MAE
of UGX 3,246.12, and RMSE of UGX 9,843.56. The ANN, though still robust, lagged slightly
behind with an R? of 0.936, MAE of UGX 14,523.87, and RMSE of UGX 21,743.22.

The superior performance of Random Forest can be attributed to its ensemble nature, which ag-
gregates the predictions of multiple decision trees, reducing variance and mitigating overfitting.
This robustness is particularly relevant in customs data characterized by skewed distributions, het-
erogeneity in product types, and noisy reporting. By contrast, ANN performance may have been
constrained by computational limitations and the relatively modest dataset size compared to deep
learning standards.

These results corroborate findings from Sharma et al. (2021), who reported that Random Forest
achieved 89% accuracy in detecting undervaluation in Indian customs data, and from Ferreira et
al. (2020), who found gradient boosting models outperformed linear regressions in Brazil’s textile
imports. By demonstrating comparable success in Uganda, this study provides empirical confir-
mation that ensemble methods are particularly suited to valuation tasks in low-resource settings.
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4.3 Comparison with the traditional valuation methods

To assess the practical value of ML adoption, model outputs were benchmarked against URA’s
current average-based valuation method. The traditional approach yielded an MAE of UGX
124,797.76—over 200 times higher than the error produced by Random Forest. This stark con-
trast highlights the inefficiency of static averages in capturing real-time market dynamics.

The magnitude of improvement—representing a 99.55% reduction in error—underscores the trans-
formative potential of ML in addressing Uganda’s persistent undervaluation problem. Unlike static
reference databases, ML models continuously learn from historical data, adapt to fluctuations in
global markets, and incorporate multidimensional features such as origin country and shipment
channel.

This finding aligns with regional studies such as Kinyua (2022) in Kenya, where ML-based ap-
proaches outperformed ASYCUDA'’s valuation benchmarks by a wide margin. It also echoes Tan-
zania’s pilot project (ATAF, 2021), where XGBoost reduced valuation errors in vehicle imports by
36%. Uganda’s results not only confirm these regional trends but surpass them in scale of improve-
ment, largely due to the robustness of Random Forest and careful preprocessing of ASYCUDA data.

4.4 Achievement of Objectives

The results demonstrate that all three research objectives were successfully met.

* Objective One: Develop ML Models for Customs Valuation. This was achieved through the
design and training of RF, XGBoost, and ANN models using Uganda’s customs data. Each
model captured complex relationships between declared values, HS codes, and shipment
characteristics, thereby demonstrating the technical feasibility of predictive modeling in this
context.

* Objective Two: Evaluate Performance against Traditional Methods. By benchmarking ML
models against URA’s average-based method, the study confirmed the superiority of ML,
particularly RF, which reduced valuation error by over 99%. This directly addresses the core
research problem of inefficiency in current valuation practices.

* Objective Three: Deploy Prototype Application. The Random Forest model was integrated
into a Streamlit-based prototype application, simulating real-world customs operations. The
application allows officers to input shipment attributes and instantly receive predicted bench-
mark values, alongside compliance flags for anomalies. This achievement bridges the gap
between theoretical model development and practical deployment.

4.5 Response to Research Questions

The first research question—whether ML can improve accuracy and objectivity in valuation—was
answered affirmatively. The dramatic reduction in error demonstrates that ML offers not incre-
mental but transformative gains in valuation precision.

The second research question—identifying the best-performing model—was answered by the su-
perior performance of Random Forest. While XGBoost also performed strongly, RF’s combination
of accuracy, robustness, and interpretability made it the most suitable choice for operationalization.
The third research question—what factors are necessary for adoption—was addressed by proto-
type deployment and subsequent discussion. Key enablers include reliable data infrastructure,
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staff training, and integration with ASYCUDA. These findings resonate with the Technology—
Organization—Environment (TOE) framework, which emphasizes that institutional capacity and
environmental pressures are as critical as technological readiness.

4.6 Contribution of the study

This study makes three distinct contributions:

* Technical Contribution. It developed a replicable ML pipeline for customs valuation, includ-
ing feature engineering, anomaly detection, and deployment within a lightweight application.
This pipeline demonstrates how predictive analytics can be operationalized even in resource-
constrained settings.

» Empirical Contribution. It provides the first quantified evidence from Uganda that ML re-
duces customs valuation errors by over 99%. This fills a critical gap in the literature on Al in
African tax administration, extending global evidence into a Sub-Saharan African context.

* Practical Contribution. The deployment of a functional prototype demonstrates feasibility
for integration into URA systems. By showcasing real-time prediction capabilities, the study
moves beyond academic modelling to deliver a tangible decision-support tool.

4.7 Discussion of findings

The findings must be interpreted in light of global, regional, and local contexts. At a global level,
they affirm the applicability of ML in customs valuation, consistent with experiences in India,
Brazil, and South Korea. However, the extent of improvement in Uganda—surpassing 99%—
suggests that ML holds even greater transformative potential in contexts where traditional methods
are weak.

Regionally, the study positions Uganda at the forefront of Al-driven customs reforms in East Africa.
While Kenya and Tanzania have piloted predictive models, Uganda’s development of a deployable
prototype places it ahead in bridging the gap between research and practice. This aligns with the
East African Community’s vision of harmonized customs practices under the Customs Management
Act, offering opportunities for cross-border collaboration.

Locally, the results have direct implications for URA’s modernization agenda. Integrating ML
into ASYCUDA would enhance transparency, reduce disputes between traders and officers, and
strengthen revenue mobilization. The interpretability of Random Forest models, through feature
importance scores, also supports accountability by allowing officers to understand which variables
drive predictions.

Theoretically, the study confirms the relevance of the Principal-Agent framework: ML reduces
information asymmetry between traders and URA by providing independent benchmarks. It also
illustrates the TOE framework in practice: while the technology (ML models) is viable, successful
adoption will require organizational readiness (staff capacity) and environmental alignment (polit-
ical will, regional integration, and WTO compliance).

4.8 Limitations and future work

The study faced limitations that shape interpretation of results. First, reliance on secondary ASY-
CUDA data introduces risks of reporting errors and biases. Second, the dataset excluded informal
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trade flows, which are substantial in Uganda. Third, computational constraints limited experimen-
tation with deeper ANN architectures that might achieve even higher performance. Finally, the
prototype was tested in a simulated environment rather than in live URA systems, leaving adoption
dynamics untested.

Nevertheless, these limitations provide avenues for future research. Integrating external datasets
such as global commodity indices, piloting explainable Al techniques, and conducting live URA
deployments would strengthen robustness and institutional adoption.

4.9 Conclusion

This chapter presented the results of ML, model development, evaluation, and deployment, demon-
strating their superiority over existing valuation methods. It critically interpreted findings within
theoretical and policy contexts, highlighting both technical and practical contributions. The results
confirm that machine learning not only improves valuation accuracy but also offers a pathway to-
ward institutional modernization and revenue assurance in Uganda. The next chapter synthesizes
these findings into conclusions, recommendations, and directions for future research.
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Chapter 5

CONCLUSION AND
RECOMMENDATION

5.1 Introduction

This chapter synthesizes the major findings of the study, linking them back to the research ob-
jectives, questions, and theoretical frameworks outlined earlier. It summarizes the empirical con-
tributions, reflects on the practical and policy implications, and provides recommendations for
stakeholders including the Uganda Revenue Authority (URA), policymakers, and the wider East
African Community (EAC). The chapter also discusses the limitations of the study and identifies
avenues for future research. The overall goal is to demonstrate how the results contribute not only
to academic knowledge but also to the modernization of customs valuation practices in Uganda.

5.2 Summary of the study

The study set out to investigate whether machine learning (ML) could improve customs valuation in
Uganda, a country where import duties account for nearly one-third of domestic revenue and where
undervaluation fraud is estimated to cost over USD 200 million annually. Using more than 70,000
import records from the ASYCUDA World system (2020-2024), three ML. models—Random For-
est (RF), Extreme Gradient Boosting (XGBoost), and Artificial Neural Networks (ANN)—were
developed and benchmarked against URA’s traditional average-based valuation method.

The results were striking. Random Forest emerged as the best-performing model, achieving an R?
of 0.997 and an MAE of only UGX 560.35, compared to URA’s method which recorded an MAE
of UGX 124,797.76. This represents a 99.55% reduction in error, confirming that ML can dramat-
ically improve valuation accuracy. The study also deployed the RF model into a prototype web
application, demonstrating operational feasibility for integration into URA workflows. These find-
ings affirm that ML is not only technically viable but also practically transformative for Uganda’s
customs administration.

5.3 Achievement of Objectives

* The first objective—to develop ML models for predicting customs values—was achieved
through the successful implementation of RF, XGBoost, and ANN. Each model demonstrated
strong predictive capabilities, validating the feasibility of ML in this domain.
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* The second objective—to evaluate the performance of ML models against traditional
methods—was met by benchmarking predictions against URA’s average-based system. The
results showed overwhelming superiority of ML, models, with RF reducing valuation errors
by more than 99%.

* The third objective—to deploy the best-performing model in a prototype—was accomplished
by integrating the RF model into a Streamlit-based web application. The prototype allowed
for real-time prediction of benchmark values and provided compliance flags, offering a proof-
of-concept tool for decision support in customs valuation.

Together, these achievements confirm that the study fulfilled its objectives, bridging the gap be-
tween academic research and operational application.

5.4 Response to Research Questions and Hypothesis

The study addressed the three guiding research questions.

* RQ1: Can ML improve accuracy and objectivity in customs valuation? Yes. The empirical
results showed that ML models, especially RF, significantly outperformed traditional val-
uation methods, providing objective benchmarks that reduce reliance on subjective invoice
declarations.

* RQ2: Which ML model performs best for Uganda’s customs data? RF was identified as
the best model, combining accuracy, robustness, and interpretability. XGBoost performed
well but less consistently, while ANN was constrained by dataset size and computational
resources.

* RQ3: What factors are necessary for adoption of ML in URA? The study highlighted the
importance of high-quality data infrastructure, staff training in data science and Al, and in-
tegration of predictive models into existing systems such as ASYCUDA. Institutional readi-
ness and external policy alignment (WTO valuation agreements, EAC harmonization) also
emerged as critical enablers.

5.5 Contributions of the study

This research makes three major contributions:

* Technical Contribution. It developed and validated a robust ML pipeline for customs valua-
tion, including preprocessing, feature engineering, model tuning, and prototype deployment.
The methodology provides a replicable framework for other low-resource settings.

» Empirical Contribution. It offers the first quantified evidence that ML can reduce customs
valuation errors in Uganda by more than 99%. This adds to the global literature on Al in
governance while addressing a critical knowledge gap in Sub-Saharan Africa.

* Practical Contribution. By deploying a functional prototype, the study moves beyond the-
oretical modelling to provide a tangible tool for URA. This bridges the research—practice
divide and illustrates a pathway for operational adoption.

5.6 Policy and Practical Recommendations

The findings carry significant implications for Uganda’s customs administration and broader fiscal
policy.
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First, URA should institutionalize ML-based models within valuation workflows, partic-
ularly Random Forest, to minimize revenue leakages and enhance compliance. Adoption
would align with the Ministry of Finance’s domestic revenue mobilization strategy and
Uganda’s Vision 2040 digital transformation agenda.

Second, data infrastructure must be strengthened. As shown in Chapter 3, inconsistencies
and missing values in ASYCUDA data posed challenges for model training. Investments in
digitization, data cleaning, and harmonization are essential to ensure model sustainability.
Third, capacity building is crucial. Customs officers, valuation staff, and IT personnel require
training in Al and data science to build trust and competence in operating predictive systems.
Without human readiness, technological innovation risks under utilization.

Fourth, integration with ASYCUDA is necessary to ensure operational relevance. Embed-
ding predictive models directly into the existing customs management system would stream-
line workflows and maximize adoption.

Finally, regional collaboration within the EAC should be pursued. By sharing datasets, har-
monizing methodologies, and aligning regulatory frameworks, member states can jointly
combat undervaluation, reduce trade disputes, and strengthen cross-border revenue gover-
nance.

Technical Recommendations

From a technical standpoint, several steps should be taken to ensure sustainability and robustness
of ML deployment:

5.8

Periodic retraining of models with updated datasets to prevent model drift as global prices
and trade patterns evolve.

Integration of external datasets, such as global commodity prices, shipping indices, and ex-
change rates, to enhance predictive power.

Exploration of hybrid models that combine supervised learning with anomaly detection, im-
proving the ability to capture new fraud patterns.

Adoption of explainable AI (XAI) techniques, such as SHAP and LIME, to enhance trans-
parency and officer confidence in model outputs.

Limitations of the Study

The study faced several limitations. First, reliance on secondary ASYCUDA data excluded infor-
mal trade flows, which are significant in Uganda. Second, computational constraints limited the
experimentation with deeper ANN architectures, which may have achieved higher performance
with more resources. Third, the prototype was tested in a simulated environment and not in live
URA operations, leaving user adoption dynamics untested. Finally, potential biases in administra-
tive data, such as misreporting or classification errors, may have influenced results.

These limitations, however, do not undermine the study’s contributions; rather, they provide op-
portunities for refinement in future research.

5.9

Suggestions for Future Work

Building on this study, future research should:
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+ Expand datasets to include informal trade flows and regional data from EAC member states
to improve robustness and support cross-country validation.

* Investigate adoption of explainable Al techniques to improve transparency, interpretability,
and trust among customs officers.

» Explore the integration of blockchain and IoT technologies with ML valuation systems to
enhance data integrity and traceability.

» Conduct pilot deployments in URA with live operational data to assess user adoption, insti-
tutional resistance, and policy impacts.

» Examine the social and ethical implications of Al adoption in customs, including risks of
algorithmic bias, data privacy, and governance accountability.

5.10 Conclusion

This thesis has demonstrated that machine learning can fundamentally transform customs valuation
in Uganda. By reducing prediction errors by more than 99% and offering a deployable prototype, it
provides both academic evidence and practical tools for adoption. The results confirm that ML not
only improves accuracy but also strengthens governance, transparency, and fiscal sustainability.
Machine learning should therefore be viewed not as a peripheral innovation but as a strategic en-
abler of Uganda’s revenue mobilization agenda. Its adoption aligns with global trends in Al-driven
governance, regional aspirations under the East African Community, and national development
priorities articulated in Vision 2040. By embracing ML, Uganda can reduce revenue leakages,
enhance trade integrity, and position itself as a leader in digital customs transformation in Sub-
Saharan Africa.
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