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Abstract

UN Women puts Uganda’s monthly gender wage gap near 32 percent, with rural-urban differ-
ences similarly wide, yet the two available decomposition studies both analysed a single survey
round from 2002/03 using a linear wage equation that assumes constant rates of return.

Both gaps were decomposed into explained and unexplained portions. Four Uganda National
Household Survey rounds (2012/13-2023/24) were harmonised into a pooled file of 14,963 work-
ers in formal paid employment aged 14 to 64. Ordinary least squares (OLS), LASSO, Random
Forest, and XGBoost were estimated on a stratified 70/15/15 split, and SHapley Additive ex-
Planations attributed predictions to characteristics. The best model’s predictions then replaced
the linear fitted values in the Oaxaca—Blinder decomposition.

XGBoost predicted most accurately, with a test R? of 0.410 against 0.399 for Random Forest
and 0.354 for both linear models; pooling all four rounds raised it from 0.286. Education was
the leading predictor. The rural-urban gap was largely explained under both methods, 49 to 59
percent under OLS and 68 to 84 percent under the machine learning method. For the gender
gap, OLS returned a negative explained share in three of four rounds, whereas the machine
learning method attributed 14 to 57 percent to measured characteristics.

How much of the gender gap counts as explained therefore depends on the functional form
permitted to the model, which bears on how existing single-round linear estimates should be
read. The unexplained component is reported as a residual and is not a measure of discrimi-
nation.
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Chapter 1

Introduction

1.1 Background

Labour markets in low-income countries are segmented along gender and geographic lines, and
workers with comparable skills and experience often earn markedly different wages depending
on who they are and where they work. How large those differences are, what sustains them,
and whether they are closing matters for the design of labour market policy [1} 2], 3].

In Sub-Saharan Africa, wage differences are widened further by rapid structural transformation,
uneven sectoral development, and occupational segregation by gender [4,[5]. Uganda illustrates
the pattern well. The UNHS 2023/24 reports a national median monthly in-cash earning of
UGX 200,000 for persons in paid employment, yet that single figure hides considerable variation:
mean monthly consumption expenditure per adult stands at UGX 302,179 in Kampala against
UGX 61,007 in Karamoja, a ratio of nearly five to one [6]. Women make up 44.2 percent of
subsistence agriculture workers, which helps explain the UN Women estimate that women in
Uganda earn about 32 percent less than men each month [7]. Rural poverty stands at 19.4
percent, more than three times the urban rate of 5.7 percent [6].

The standard tool for studying such differences is the Oaxaca—Blinder decomposition applied
to a linear OLS wage equation. It measures the size of a gap and splits it into explained and
unexplained parts, but it assumes that returns to schooling, experience, and sector are linear
and additive, which is a strong assumption in a market as segmented as Uganda’s. Recent
methodological work shows that ML models provide a more flexible basis for decomposition,
and that explainability tools such as SHAP keep the results readable enough to be useful for
policy [8 9} 10, 11].

Two boundaries shaped the design of this study. The analysis covered workers in formal paid
employment, meaning individuals who reported a wage or salary from an employer, since the
Oaxaca—Blinder decomposition needs a well-defined continuous dependent variable. The wage
data were also self-reported, and therefore carry the recall error and rounding that the mea-
surement literature documents [12 [13].

1.2 Key Definitions and Disciplinary Positioning

Several of the concepts used in this study carry different meanings depending on the discipline in
which they are used. Because the study sits within a Data Science programme while addressing
a problem that belongs traditionally to social economics, the distinctions set out below are worth

making at the outset. 1



Gender. In the social sciences, gender denotes the socially constructed roles, norms, and
power relations that shape the opportunities available to men and women, spanning education
access, household decision-making, land ownership, political participation, and labour force
participation [14] 15, 16 [, 2]. Work in this tradition normally covers the whole population,
irrespective of age or employment status, and asks why women participate less in the labour
force, why they are concentrated in unpaid care work, and how cultural expectations constrain
their economic agency [15, [17].

However, this study used a narrower and more operational definition. The analysis was re-
stricted to individuals aged 14-64 who reported monthly cash earnings from paid work. Within
that subset, gender was operationalised as the binary sex variable recorded in the UNHS house-
hold roster. The study therefore did not examine gender dynamics in the general population;
it examined wage differences between men and women who were already in formal paid work.
Two consequences follow from restricting the sample this way:

1. Selection into employment. The sample excluded people who were unemployed, in
subsistence agriculture, in unpaid domestic work, or outside the 14-64 age range. Since
women are over-represented in the excluded categories, the gender wage gap reported
here is the gap conditional on formal employment rather than the gap in total economic
outcomes between all men and all women in Uganda. Gender-based economic inequality
in the country is almost certainly wider than the figures reported in this study [17].

2. Proxy, not construct. The binary sex variable is a measurable stand-in for the social
and structural differences that gender produces. Norms, attitudes, and power relations
were not measured. What the Oaxaca—Blinder decomposition captured was whether men
and women holding the same observable characteristics earned different wages. Those
characteristics were education, occupation, sector, region, and experience. Where a dif-
ference remained, the decomposition established how much of it was attributable to dif-
ferences in the characteristics themselves rather than to differences in the returns paid on
them.

The study therefore treated gender as a wage predictor within the formal labour market for
ages 14-64, and not as a broad social phenomenon across the whole population.

Socioeconomic factors refer to the observable characteristics that economic theory expects to
influence earnings. Some of these are education level, years of experience, occupation, industry
sector, geographic location, and household composition. They are the features that make up the
Mincer human capital earnings function and its extensions [18]. Within the Oaxaca—Blinder
framework, these factors form the explained component of a wage gap, that is the portion
attributable to measurable differences in human capital and job characteristics between the
groups being compared.

1.2.1 How This Study Differed from a Social Economics Study

A social economics study of Uganda’s wage gap would ask whether employer discrimination
causes women to earn less than equally qualified men, and answering that question causally
would require either a randomised audit study or a credible natural experiment. The question
asked here was different: which observable features best predicted wages, how did the composi-
tion of the wage gap change when nonlinear ML. models replaced linear OLS, and how had that
composition shifted over twelve years? The contribution is methodological and computational,
in that it builds a better measurement instrument, and it is not a contribution to social the-
ory. The study neither advanced new sociological theory about gender nor claimed to identify
the root causes of discrimination. What it produced instead is a more flexible, interpretable,

2



and reproducible quantitative framework that policymakers and researchers can use to decide
where further causal investigation would be most worthwhile. Table|l.1]sets out the distinctions
between the two approaches in more detail.

Table 1.1:

Social economics vs. data science approach to wage gap analysis

Dimension

Social Economics Approach

Data Science Approach (This
Study)

Core question

Primary
method

Theory usage

Key output

Claim about
discrimination

Data engineer-
ing

Scalability

Why do wage gaps exist, and what
social, institutional, and behavioural
mechanisms cause them?

Causal inference: instrumental vari-
ables, natural experiments, regression
discontinuity, qualitative case studies

Theory drives the model: hypothe-
ses about discrimination, bargaining
power, or social norms are tested di-
rectly

Causal estimates of the effect of spe-
cific interventions (for example, educa-
tion expansion or anti-discrimination
law) on wages

Can estimate the causal effect of dis-
crimination under identification as-
sumptions

Typically uses a single, clean dataset,
and harmonisation is not treated as a
contribution

Findings are context-specific, and
replication requires new causal designs

What observable features best pre-
dict and decompose the gap, and how
does the gap’s composition change
over time?

Predictive modelling: supervised ML,
namely OLS, Least Absolute Shrink-
age and Selection Operator (LASSO),
Random Forest (RF), and Extreme
Gradient Boosting (XGBoost), with
feature attribution via SHAP

Theory informs the feature set (Min-
cer earnings function) and the decom-
position structure (Oaxaca-Blinder),
while the ML models remain data-
driven and assumption-light

Feature importance rankings, nonlin-
ear interaction effects, decomposition
shares (explained vs. unexplained),
and their temporal evolution

Cannot; the unexplained component
is a residual that also contains un-
observed ability, hours worked, job
tenure, measurement error, and model
misspecification

Multi-round Extract, Transform,
Load (ETL) harmonisation across
four surveys with changing variables,
coding, and boundaries was itself a
core contribution

The pipeline was designed as a
reusable, transferable framework ap-
plicable to other countries and survey
programmes

Four data science contributions distinguished this work:

1. Data engineering at scale: designing and implementing a reproducible ETL pipeline
that harmonised four survey rounds with differing variable schemas, classification systems,
and geographic boundaries into a single analytical dataset.

2. Model comparison and selection: benchmarking four models of increasing complexity,

namely OLS, LASSO, RF, and XGBoost, on cross-validated performance metrics, rather
3



than committing to a single pre-specified model as econometric studies typically do.

3. Explainable Artificial Intelligence (XAI): applying SHAP-based feature attribution
so that predictions from otherwise opaque models could be interpreted at both the in-
dividual and the subgroup level, which connects predictive accuracy to policy-relevant
transparency.

4. ML-augmented decomposition: substituting ML predictions into the Oaxaca—Blinder
framework to capture nonlinear and interactive effects that OLS cannot represent, and
tracking how the decomposition evolved across four temporal waves.

1.3 Problem Statement

Wage differences in Uganda are wide and have persisted for at least two decades. Working on
UNHS 2002/03, Kagundu and Pavlova [19] reported a female-to-male hourly wage ratio of 0.73
in urban areas and 0.67 in rural areas. Sebaggala [20], using the same round, put the overall
male—female gap at about 39 percent. More recently, UN Women [7], using UNHS 2019/20
microdata, placed the monthly gender wage gap at roughly 32 percent and found the penalty
largest at the bottom of the wage distribution. On the spatial side, UBOS [6] records mean
monthly consumption expenditure per adult of UGX 302,179 in Kampala against UGX 61,007
in Karamoja, and rural poverty of 19.4 percent against an urban rate of 5.7 percent.

What is far less clear is how these figures should be read together. The studies just cited
differ in survey round, in sample definition, and in method, so the movement from about 39
percent in 2002/03 to about 32 percent in 2019/20 cannot be attributed to real improvement
rather than to those differences. Table records the survey coverage of every Ugandan and
comparable regional wage gap study located in the review in Chapter Two. Each analyses a
single survey round, and none pools two or more. Without one specification applied consistently
to several rounds, no statement about direction of travel can be supported from the published
evidence.

A second limitation is methodological. Both Ugandan decomposition studies fit a linear OLS
wage equation [19, 20]. Evidence from a range of settings indicates that the pay return to
schooling rises disproportionately at higher levels rather than at a constant rate per year [21],22],
and Kagundu and Pavlova’s own result, a female-to-male ratio of 1.04 in the urban public sector
against 0.55 in the urban private sector [19], points to wage setting that differs sharply between
segments of the same market. Where patterns of this kind are present, a linear specification
cannot represent them without interaction terms the analyst must know to include in advance,
and what it does not represent is carried into the unexplained component of the decomposition.
Bonaccolto-Tépfer and Briel [9] showed on German data that replacing OLS fitted values with
machine learning predictions moves part of that unexplained component into the explained one,
and Strittmatter and Wunsch [§] reported the same direction of effect on Swiss administrative
data.

Neither of those demonstrations used data from a low- or middle-income country, and neither
covered more than a single point in time. Within the literature reviewed in Chapter Two, no
study was located that applies a machine learning decomposition to Ugandan wage data, and
none that tracks the explained and unexplained components across several UNHS rounds held in
one harmonised file. This study addresses those two absences by applying explainable machine

learning and Oaxaca-Blinder decomposition to four rounds of UNHS microdata covering twelve
years, from 2012/13 to 2023/24.



1.4 Research Objectives

1.4.1 General Objective

The general objective of this study was to leverage machine learning approaches for modelling,
decomposing, and interpreting wage disparities across gender and spatial groups in Uganda,
using integrated multi-round survey data and XAI techniques.

1.4.2 Specific Objectives

1. To pre-process and harmonise four rounds of Uganda National Household Survey data
spanning twelve years (2012/13-2023/24) into a consistent, analysis-ready pooled dataset.

2. To train and evaluate explainable machine learning models for predicting monthly wage
differentials.

3. To decompose gender and urban—rural wage gaps into explained and unexplained compo-
nents using ML-augmented Oaxaca-Blinder techniques, and to analyse how these com-
ponents evolved across the four survey waves.

1.5 Research Questions

1. How were four rounds of UNHS microdata carrying different variable definitions, coding
schemes, and classification systems pre-processed and harmonised into a unified dataset
suitable for multi-round wage analysis?

2. Which machine learning model among OLS, LASSO, Random Forest, and XGBoost most
accurately predicted monthly wage in Uganda, and what did SHAP-based explainability
reveal about the dominant wage drivers across gender and spatial groups?

3. How did the explained and unexplained components of the gender and urban—rural wage
gaps change across the four UNHS waves (2012/13 to 2023/24), and what did the ML-
augmented Oaxaca—Blinder decomposition reveal about these trends that conventional
OLS-based decomposition did not?

1.6 Scope of the Study

Thematic scope. The study covered wage determinants and wage gap decomposition for
workers in formal paid employment. Unpaid domestic work, subsistence agriculture, and self-
employment earnings were left out, since the Oaxaca—Blinder decomposition requires a contin-
uous wage variable reported in a consistent format.

Geographic scope. The analysis covered all four statistical regions of Uganda, namely Cen-
tral, Eastern, Northern, and Western, as defined by UBOS.

Temporal scope. The study spanned four UNHS rounds: 2012/13, 2016/17, 2019/20, and
2023/24.

Analytical scope. Four modelling approaches were compared, namely OLS, LASSO, RF, and
XGBoost, alongside SHAP-based explainability and Oaxaca—Blinder decomposition. Causal
inference methods such as instrumental variables or regression discontinuity were not attempted,
because the UNHS design does not support causal identification.

b}



1.7 Justification of the Study

The case for this study is primarily methodological, and its academic contribution lies in ex-
tending an established decomposition methodology into a setting where its assumptions have
never been tested.

The first concerns the transferability of the method. ML-augmented Oaxaca—Blinder decom-
position with SHAP explainability has been demonstrated in high-income countries, notably
Germany [9] and Switzerland [§], but it had not been applied to sub-Saharan African household
survey data, where labour markets are more segmented, informal employment dominates, and
nonlinear wage dynamics are likely to be more pronounced. Applying the framework to four
rounds of UNHS microdata tested a claim that the existing literature had assumed rather than
demonstrated, namely that the accuracy and interpretability gains reported in high-income
settings survive the move to a data-sparse, developing-country context. Establishing the con-
ditions under which a method holds is itself an academic result, and the subgroup-sufficiency
thresholds reported in Chapter Three formalise where those conditions break down.

The second concerns coverage across survey rounds. Existing ML-augmented decomposition
studies have been conducted at single time points, which leaves the stability of their findings
untested. Extending the approach across four survey waves spanning twelve years allowed the
explained and unexplained components to be observed as a series rather than a snapshot, so
that convergence or divergence in gap composition becomes an empirical finding rather than
an assumption. No prior study of Ugandan wage data has produced such a series.

The third concerns the replicability of the framework. The end-to-end pipeline, running from
multi-round survey harmonisation through ML-based earnings prediction with SHAP attri-
bution to nonlinear Oaxaca-Blinder analysis, was built as a transferable template for other
countries and survey programmes [23], 24]. Its academic value is that it makes the harmonisa-
tion decisions, which are usually buried in unpublished cleaning scripts, explicit and open to
scrutiny and replication.

1.8 Significance of the Study

The significance of the study lies chiefly in what it establishes methodologically, with practical
consequences following from that rather than standing alongside it.

For data science, the study tests a method outside the conditions in which it was developed.
ML-augmented decomposition with SHAP attribution has been shown to work on large, clean
administrative data from high-income economies; whether it holds up on a data-sparse survey
from a segmented developing-country labour market was unknown before this work. Establish-
ing where it holds, and where sample sizes force a retreat to simpler estimators, is a result in
its own right.

Some care is needed over the word explain. The models predicted wages, and SHAP attributed
the resulting gap to particular observable features, but neither operation identifies a causal
mechanism. What the study measured is how much of the gap education, sector, region,
experience, and occupation account for, and how much survives once they have been accounted
for. That surviving portion is a residual containing the combined effect of everything the
survey does not measure. It may include unequal treatment of similar workers, but it also
includes unobserved ability, hours actually worked, job tenure, firm size, and error in the
measurement, of wages themselves. It is not, and is not treated in this thesis as, a measure of
discrimination.



For policy research, the decomposition outputs supply something the Ugandan evidence base
has lacked, which is a feature-level account that runs across four survey rounds rather than
one. Equal-pay auditing needs to know which characteristics drive disparities in which sectors
and regions, and the SHAP rankings answer that question directly. Turning those rankings
into specific policy prescriptions is not attempted here and is left to subsequent work.

For other researchers, the pipeline itself is the deliverable. It is documented end to end and
can be pointed at a different national survey, a different dimension of inequality, or a different
dependent variable with the analytical logic unchanged.

1.9 Cultural and Policy Context

1.9.1 Traditional and Cultural Dimensions of Employment

Uganda’s labour market is shaped by economic conditions and also by long-standing cultural
norms governing who works, where, and for what pay. In many communities, traditional
gender roles direct women toward domestic labour, subsistence farming, and care work, while
men are directed toward cash-crop agriculture, formal employment, and entrepreneurship [2],
3, [16]. Kinship-based inheritance systems, bride price practices, and patrilocal marriage norms
reinforce these patterns and limit the economic autonomy and geographic mobility of women
[, [15].

The same divisions surface in the formal labour market as occupational segregation, with women
concentrated in lower-paying sectors such as education, health, and domestic service, and men
dominating construction, transport, manufacturing, and public administration. The UNHS
captures these patterns through its International Standard Industrial Classification of All Eco-
nomic Activities (ISIC) and International Standard Classification of Occupations (ISCO) vari-
ables. Within the Oaxaca—Blinder framework, cultural norms can register in two places at
once: in the explained component, through occupation and sector variables that reflect gen-
dered sorting, and in the unexplained component, through within-occupation pay differentials
that may partly reflect employer attitudes shaped by those same norms. Cultural attitudes
were not measured directly in this study, but the decomposition results identify the sectors
and regions where unexplained gaps were widest, which offers a starting point for qualitative
investigation into the role of tradition.

1.9.2 Policy Landscape for Gender and Labour in Uganda

Several policy instruments frame the context in which the findings of this study are inter-
preted.

The Employment Act 2006 (Sections 6 and 75) prohibits discrimination in employment on
the basis of sex and mandates equal remuneration for work of equal value, although enforcement
remains limited, particularly in the informal sector.

The National Gender Policy (revised 2007) commits Uganda to mainstreaming gender across
all sectors, including employment and economic participation, and identifies the gender wage
gap as a key indicator of women’s economic empowerment.

The Equal Opportunities Commission (EOC), established under the Equal Opportunities
Commission Act 2007, monitors and enforces compliance with gender equity provisions. Its
Annual Report on the State of Equal Opportunities treats wage disparities as a persistent area



of concern while noting the absence of rigorous quantitative evidence on the structure and
drivers of those disparities.

The Third National Development Plan (NDP III, 2020/21-2024/25) sets targets for
reducing gender disparities in labour force participation and earnings, with monitoring indica-
tors drawn from the UNHS and the National Labour Force Survey (NLFS).

This study contributes directly to the evidence base that these instruments require, by providing
feature-level decompositions across four survey rounds that show where interventions are most
needed by sector, region, education level, and employment type.

1.10 Theoretical Foundation

The study was grounded in the Mincer human capital earnings function, which models wages
as a function of education, experience, and individual characteristics [18], and this provided
the feature set for the ML models. The Oaxaca—Blinder decomposition [25 26] supplied the
analytical structure for partitioning wage gaps into explained and unexplained components.
The ML augmentation extended both by relaxing the linearity assumption, which allowed the
models to capture the nonlinear interactions and threshold effects that Ugandan wage data are
known to exhibit [19, 0]. SHAP values [10] then bridged the ML predictions and the economic
theory, giving feature-level attribution that OLS coefficients cannot offer.

1.11 Definition of Key Terms

The following definitions were used throughout this study, aligned with the standards of the
International Labour Organization (ILO), the Uganda Bureau of Statistics (UBOS), and es-
tablished econometric practice.

Wage. Monetary compensation received by an individual in exchange for labour services ren-
dered to an employer. In this study, wage refers specifically to self-reported gross
monthly cash earnings from paid employment, as recorded in the UNHS labour force
module [I, [6].

Formal Paid Employment.
An employment arrangement in which an individual works for a public or private
employer and receives a regular wage or salary, following the ILO International Clas-
sification of Status in Employment (ICSE-18) [1]. In this study the category was
identified by the presence of a reported monthly cash wage, which in practice excludes
self-employment, own-account work, contributing family workers, and subsistence agri-
culture, since none of these report one. The operational detail is given in Section [3.3.6]

Gender Wage Gap.
The difference in average earnings between male and female workers, expressed as a
proportion of male earnings. Following ILO convention, it is calculated as (W, —
WF) / W x 100, where Wy, and Wy denote mean earnings for males and females
respectively [I].

Urban—Rural Wage Gap.
The difference in average earnings between workers residing in urban and rural areas, as
classified by UBOS using Enumeration Area (EA) designations in the UNHS sampling
frame [6].



Oaxaca—Blinder Decomposition.
A statistical technique that partitions the mean wage difference between two groups
into an explained component, attributable to differences in observable characteristics
such as education and experience, and an unexplained component, attributable to
differences in returns to those characteristics together with everything the model does
not observe [25] 26].

Explained Component.
The portion of the wage gap attributable to measurable differences in worker charac-
teristics, such as education level, work experience, occupation, and sector, between the
two groups being compared.

Unexplained Component.

The part of a measured wage gap that differences in observed characteristics do not
account for. It is sometimes described in the econometric literature as an upper bound
on discrimination [27], and that phrasing is easily misread. It is not a measure of
discrimination. It holds every influence on pay that the survey does not record, includ-
ing hours actually worked, job tenure, firm size and productivity, effort, professional
networks, and error in reported earnings, together with any unequal treatment of oth-
erwise similar workers [27, I7]. In this thesis it is reported as a residual and is not
interpreted as discrimination at any point.

Human Capital.
The stock of skills, knowledge, and experience possessed by an individual that con-
tributes to their productive capacity in the labour market. The Mincer earnings func-
tion operationalises human capital through years of schooling and potential experience
[18].

Potential Experience.
A proxy for actual labour market experience, calculated as Age— Years of Schooling—6,
following the standard Mincer specification [I8, 2I]. The subtraction of 6 assumes
school entry at age 6.

SHAP Values.
A model-agnostic explainability method based on cooperative game theory that assigns
each feature an additive contribution to a model’s prediction for a given observation.
SHAP values satisfy the properties of local accuracy, missingness, and consistency [10].
The implementation used in this study is set out in Section [3.4.1]

Survey Round.
One complete cycle of the UNHS. This study used four rounds: 2012/13, 2016/17,
2019/20, and 2023/24. Each round is a repeated cross-section rather than a panel,
meaning that different households are sampled in each round [6]. The consequences of
this structure are set out in Section B.3.1.2



Chapter 2

Literature Review

2.1 Introduction

This chapter reviews the literature on wage gap measurement and positions the present study
within it. The review is organised chronologically rather than thematically, because the central
argument of this thesis concerns a methodological sequence: each generation of decomposition
methods solved a problem left open by the generation before it, and the problem left open by
the current generation is the one this study addresses.

Section sets out the theory of wage determination that all the studies reviewed share.
Section [2.3|traces the development of wage gap decomposition from 1973 to the present, showing
at each stage which limitation was resolved and which remained. Section reviews empirical
findings for sub-Saharan Africa and Uganda, and examines how many survey rounds each of
the Ugandan studies actually used. Section discusses the UNHS as a data source for multi-
round wage analysis, and Section reviews how other multi-round survey programmes have
handled comparability across waves. Section covers explainability methods for predictive
models. Section draws the strands together, states what the literature has settled and what
it has not, and maps the remaining gaps onto the three objectives of this study.

The review is not written only to summarise what has been done. Each section closes by stating
what the work reviewed in it leaves unresolved, and Section |2.8| collects those unresolved points
and matches each one to an objective stated in Section [I.4] A reader should therefore be able
to trace every objective of this study back to a specific limitation in the published work, rather
than having to take the stated gap on trust.

2.2 Theoretical Foundations of Wage Determination

Almost every study reviewed in this chapter rests on the same theoretical base. Mincer [I§]
modelled the logarithm of earnings as a linear function of years of schooling and a quadratic in
potential experience, on the reasoning that schooling is an investment whose return is realised as
higher lifetime earnings. The specification proved durable because it is parsimonious, estimable
from any survey carrying education and age, and interpretable, since the schooling coefficient
reads directly as an average rate of return.

Its durability, however, has come at a cost that later work has repeatedly documented. Lemieux
[21] showed that the log-linear form fits post-1980 data poorly, because returns rise dispropor-
tionately at higher levels of schooling, so that the true schooling profile is convex rather than
linear. Heckman et al. [28] reached the same colrbclusion from a different direction, showing that



the coefficient on schooling in a Mincer equation can be read as a rate of return only under
conditions that rarely hold in practice. Psacharopoulos and Patrinos [22], reviewing returns to
education across 139 economies, found the same convexity in developing countries, where the
tertiary premium far exceeds what a linear specification implies. The convexity matters for gap
analysis in particular: if the schooling profile is nonlinear and men and women are distributed
differently along it, a linear model will misallocate part of the gap.

A second body of theory questions the assumption that a single earnings function governs the
whole labour market. Segmented labour market accounts hold that formal and informal work,
and public and private employment, operate as distinct wage-setting regimes with different
returns to identical characteristics. Kagundu and Pavlova [19] found direct evidence of this
in Uganda: the female-to-male wage ratio was 1.04 in the urban public sector but 0.55 in the
urban private sector. A pooled linear model cannot represent a difference of that magnitude
without explicit interaction terms, and the number of interactions needed grows quickly with
the number of segments.

Both strands of theory point the same way. The functional form imposed by the Mincer
equation is a simplification whose cost is highest precisely in segmented, developing-country
labour markets. This is the theoretical opening that the machine learning literature reviewed
in Section [2.3] exploits.

2.3 The Evolution of Wage Gap Decomposition, 1973—
2024

The methodological problem addressed in this thesis has a long history, and the sequence in
which it has been tackled is the clearest way to see what remains outstanding. Table
summarises the sequence, and the subsections that follow explain each stage.
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Table 2.1: Chronological development of wage gap decomposition methods

Period Development Problem solved and problem left open
1973 Oaxaca; Blinder Solved: separating a mean wage gap into endowment and returns
[25] 26], building on components. Left open: which group’s coefficients serve as the
Kitagawa [29] non-discriminatory benchmark.
1979 Heckman selection Solved: bias from non-random selection into wage employment.
correction [30] Left open: valid exclusion restrictions are rarely available in
household surveys.
1988 Neumark  pooled- Solved: the index-number problem in choosing a reference wage
coefficient reference structure. Left open: two defensible references exist, and the
[27]; Cotton share- decomposition still describes the mean only.
weighted reference
[31]
1996 DiNardo et al; Solved: decomposition across the whole wage distribution rather
2005 Machado and Mata than at the mean. Left open: linearity within each quantile
[32, 33] regression is retained.
2008— Nopo matching; Solved: common-support problems, and standardised software
2011 Jann’s implementa- that made the method routine. Left open: functional form is
tion; Fortin et al. still specified by the analyst.
synthesis [34, 35, [36]
2017- Machine  learning Solved: flexible estimation of conditional expectations without
2019 enters econometrics pre-specified functional form. Left open: the resulting models
[37, 138, [39] are opaque, so decomposition results cannot be attributed to
features.
2017- SHAP and tree ex- Solved: additive, theoretically grounded feature attribution for
2020 plainers [10], 40] opaque models. Left open: attribution had not been connected
to the decomposition framework.
2021- ML-augmented de- Solved: substituting ML predictions into Oaxaca—Blinder, shift-
2022 composition [8] 9 ing weight from the unexplained to the explained component.

Left open: demonstrated only in high-income countries, at sin-
gle time points.

2.3.1 The Classical Decomposition and Its Immediate Problems

Oaxaca [25] and Blinder [26], publishing independently in the same year, proposed splitting
the difference in mean log wages between two groups into a portion attributable to differences
in average characteristics and a portion attributable to differences in the coefficients those
characteristics attract. The first portion became known as the explained component and the
second as the unexplained component. Oaxaca and Sierminska [29] note that the underlying
algebra had in fact been set out by Kitagawa nearly two decades earlier in a demographic
context, and argue for crediting the method accordingly. Every study reviewed below is a
descendant of this idea.

Two difficulties surfaced almost at once. The first is the index-number problem: the split de-
pends on whose coefficients are treated as the non-discriminatory benchmark, and using male
coefficients gives a different answer from using female ones. Neumark [27] resolved it by esti-
mating a pooled wage structure over both groups and using that as the reference, while Cotton
[31], in the same year, proposed weighting the two groups’ coefficients by their population
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shares instead. The Neumark reference is the convention most subsequent work has followed,
including both Ugandan studies reviewed in Section [2.4.2] but the existence of two defensible
answers is a reminder that the explained /unexplained split is partly a modelling choice rather
than a property of the data. The second difficulty is selection. Wages are observed only for
people in paid employment, and if entry into paid employment is systematically related to
unobserved earning capacity, the estimated wage equations are biased. Heckman [30] provided
the standard two-step correction, though its credibility rests on an exclusion restriction, a vari-
able affecting participation but not wages, and household surveys seldom supply a convincing
one.

2.3.2 Moving Beyond the Mean

The classical decomposition describes the average worker, which is unsatisfying when a gap
is concentrated at one end of the distribution. DiNardo et al. [32] introduced a reweighting
approach that constructs counterfactual densities, and Machado and Mata [33] combined quan-
tile regression with simulation to decompose changes at any point in the distribution. Firpo et
al. [41] then developed unconditional quantile regression, which allows a decomposition to be
performed at a chosen quantile with the same interpretive logic as at the mean. Fortin et al.
[36] consolidated these developments into the reference treatment of decomposition methods in
€conomics.

This line of work matters here because it established that gaps are rarely uniform across the dis-
tribution. The sticky-floor pattern reported for Uganda by UN Women [7], in which the gender
penalty is widest among the lowest earners, is exactly the kind of feature that a mean decom-
position conceals. What the distributional methods did not relax, however, is the assumption
of linearity within each estimated equation. They ask the model to describe a different part of
the distribution, not to adopt a different functional form.

Nopo [34] approached the problem from another direction, using matching to restrict the com-
parison to men and women with genuinely comparable characteristics, and showing that part of
what earlier studies had called unexplained arises from comparing groups whose characteristics
do not overlap. Jann [35] contributed the standard software implementation, which turned
decomposition into a routine procedure and accounts for much of its subsequent ubiquity in
applied work.

2.3.3 Relaxing the Functional-Form Assumption

The functional-form assumption remained untouched until machine learning methods were
adopted in econometrics. Mullainathan and Spiess [37] argued that a class of economic prob-
lems is fundamentally about prediction rather than parameter estimation, and that for these,
regularised and tree-based methods dominate ordinary least squares. Athey and Imbens [3§]
surveyed the methods most relevant to economists, and Chernozhukov et al. [39] showed how
flexible first-stage predictions can be embedded in a structural estimation without contaminat-
ing inference.

Applied to wages, the appeal is direct. Random Forest [42] accommodates mixed feature types,
tolerates outliers, and recovers interactions without their being specified. XGBoost [43] builds
trees sequentially under L, and L, regularisation and generally sets the standard on tabular
data. Cengiz et al. [44] demonstrated the value of such methods in labour economics specifically.
The obstacle was interpretability: a model that predicts well but cannot say why is of limited
use in a decomposition, whose entire purpose is attribution.
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2.3.4 Recovering Interpretability from Opaque Models

Ribeiro et al. [45] offered an early solution through local surrogate models, and Lundberg and
Lee [I0] then unified the competing approaches under Shapley values, producing attributions
that are additive, locally accurate, and consistent. Lundberg et al. [40] subsequently made
exact computation tractable for tree ensembles, which is what renders the method practical on
survey-scale data.

With flexible prediction and credible attribution both available, the two could be combined.
Strittmatter and Wunsch [8] applied machine learning to the gender wage gap using Swiss ad-
ministrative data, and Bonaccolto-T6pfer and Briel [9] carried out an ML-augmented Oaxaca—
Blinder decomposition on German data. Their central finding is the one that motivates this
thesis: relative to linear decomposition, the ML-augmented version shifts explanatory weight
from the unexplained component to the explained component. Part of what linear models
had been attributing to discrimination turns out to be nonlinear structure among observable
characteristics that those models could not represent. Lombardia et al. [23] pursued a different
route away from the classical linear framework, proposing a bias-corrected, model-based decom-
position for small-area gender pay gap estimation; their work is evidence that the limitations
of the classical approach were being addressed outside the machine learning literature as well.
Mora and Herrera [24] extended decomposition to repeated cross-sections, which is the data
structure the UNHS provides.

Two limitations of this most recent generation are worth stating plainly, because they define
what this study attempts. Both demonstrations used high-income countries with large admin-
istrative datasets, and neither examined more than a single time point.

2.4 Empirical Evidence on Wage Inequality in Uganda
and Sub-Saharan Africa

2.4.1 Regional Evidence

Cross-country work provides the backdrop against which the Ugandan findings should be read.
Weichselbaumer and Winter-Ebmer [46], in a meta-analysis of 263 published studies, found that
raw gender wage gaps have narrowed considerably over time while the unexplained portion has
proved far more resistant, which suggests that equalising characteristics is easier than equalising
the returns paid on them. Blau and Kahn [I7] documented the same asymmetry for the United
States, where convergence in education and experience has largely run its course while the
residual gap persists.

For sub-Saharan Africa the evidence is thinner but consistent. Appleton et al. [47] compared
Uganda, Cote d’Ivoire, and Ethiopia, and found substantial gender earnings gaps in all three,
with public sector employment narrowing the gap in each case. Nordman et al. [48] examined
seven West African cities and found that occupational sorting accounted for a large share of the
gap, though the share varied widely by city. Brixiovd and Ncube [5] found comparable gaps in
Eswatini. Van den Broeck and Swinnen [4] showed that structural transformation across the
region has not closed gender wage gaps uniformly, and in some sectors has widened them. The
International Labour Organization [1] situates these findings in the global pattern of stagnant
real wage growth following the pandemic.
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2.4.2 Uganda-Specific Evidence

The Ugandan evidence base is narrow and largely dated. Two studies, both published in 2007
and both analysing the UNHS 2002/03, remain the standard references.

Kagundu and Pavlova [19] separated the sample into urban and rural sub-samples and applied
the Oaxaca decomposition [25] with the Neumark adjustment [27] and the Heckman two-step
correction [30]. They reported a female-to-male hourly wage ratio of 0.73 in urban areas and
0.67 in rural areas, and a sharp public—private divide, with an urban public sector ratio of 1.04
against 0.55 in the private sector. Between 41 and 68 percent of the urban gender wage gap was
unexplained. Returns to education were large, with university-educated men earning roughly
122 percent more and women 165 percent more than those with no education, and occupational
segregation was pronounced, with 25.9 percent of employed urban women working as domestic
workers.

Sebaggala [20], working from the same dataset, estimated an overall male—female wage gap of
approximately 39 percent. Applying the Oaxaca decomposition with the Neumark reference
structure, he found that most of the unexplained differential took the form of a wage penalty
imposed on women rather than a premium accruing to men. The distinction matters for
interpretation, since a penalty and a premium of equal size have different implications for
where remedial policy should be directed.

Nothing of comparable methodological depth appeared for over a decade. The Economic Policy
Research Centre [49] examined labour market transitions among young Ugandan women and
men, documenting gendered differences in the move from education into work, but the study
is descriptive and does not decompose earnings. The UN Women Gender Pay Gap Report
[7], using UNHS 2019/20 microdata, put the monthly gender wage gap at approximately 32
percent and identified a sticky-floor pattern in which the penalty is largest at the bottom of
the distribution. The UNHS 2023/24 report itself [6] documents the spatial dimension: mean
monthly consumption expenditure per adult differs by nearly five to one between Kampala and
Karamoja, and rural poverty stands at 19.4 percent against 5.7 percent in urban areas. These
are descriptive statistics rather than decompositions, and no attempt is made in the report to
separate composition from returns.

2.4.3 How Many Survey Rounds Have Existing Studies Used?

Since this study’s first objective concerns multi-round harmonisation, the survey coverage of
the existing literature is directly relevant. Table records, for each Ugandan and comparable
regional study reviewed, the data used and the number of survey rounds analysed.
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Table 2.2: Survey coverage of reviewed wage gap studies relevant to Uganda

Study Data Rounds Method
Appleton et al. Uganda THS 1992; One per Oaxaca decomposition with selection cor-
(1999) [47] Cote d’Ivoire; country  rection
Ethiopia
Kagundu and UNHS 2002/03 One Oaxaca—Neumark with Heckman correc-
Pavlova (2007) [19] tion, urban and rural sub-samples
Sebaggala (2007) UNHS 2002/03 One Oaxaca—Neumark decomposition
[20]
Nordman et al. Seven West One per Quantile decomposition
(2011) [48] African city city
surveys
Brixiovda and Ncube Eswatini  labour One Oaxaca—Blinder decomposition
(2021) [5] force survey
UN Women (2024) UNHS 2019/20 One Descriptive and quantile analysis
7
UBOS (2025) [6] UNHS 2023/24 One Descriptive statistics only
This study UNHS 2012/13, Four ML-augmented Oaxaca—Blinder

2016/17,

with SHAP attribution

2019/20,
2023/24

The pattern in the table is the point. Every wage gap study located for Uganda, and every
regional comparator, analyses a single survey round. None pools two rounds, and none pools
all available rounds. The consequence is that the Ugandan literature contains a series of dis-
connected snapshots taken with different methods at different times, from which no statement
about direction of travel can be derived. Whether the 39 percent gap Sebaggala measured in
2002/03 and the 32 percent gap UN Women measured in 2019/20 represent genuine improve-
ment, or merely differences in sample definition and method, cannot be established from the
published work. Only a harmonised multi-round analysis using a single consistent specification
can settle it, and Mora and Herrera [24] show that repeated cross-sections are adequate for the
purpose, provided the harmonisation is done carefully.

2.5 The UNHS as a Data Source for Multi-Round Wage
Analysis

The UNHS is a nationally representative, multi-topic household survey conducted by UBOS at
roughly four-year intervals under a two-stage stratified sampling design, covering demographics,
education, employment, earnings, consumption expenditure, and housing conditions [6]. Four
rounds are relevant to this study: 2012/13, 2016/17, 2019/20, and 2023 /24 [50, 51}, 521 [6].

Two features of the design constrain what can be asked of the data. The rounds are repeated
cross-sections rather than a panel, so different households are sampled each time and individual
wage trajectories cannot be followed; what can be compared is the population distribution at
successive points. Mora and Herrera [24] address precisely this structure and show that gap
composition can be tracked across repeated cross-sections even though individuals cannot. The
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rounds are also not identical instruments. Variable names, occupation and industry coding
schemes, and district boundaries all changed over the twelve years spanned, which is the reason
harmonisation is treated as a substantive objective in this study rather than as preparatory
work.

Drawing on the specifications used by Kagundu and Pavlova [19] and Sebaggala [20], and on the
wider returns-to-education literature [22, [18], the feature set for this study comprises education
level, gender, urban or rural location, sector of employment, public or private employment, age
and experience, marital status, and household characteristics. The difference from the earlier
studies lies not in which variables are used but in what the model is permitted to do with
them: the tree-based estimators recover nonlinear effects and interactions without the analyst
specifying them in advance.

The bearing of this section on the purpose of the study is direct. The UNHS carries the
variables the Mincer specification requires and covers twelve years, so it can in principle answer
the question this study asks. It does not deliver that capability ready-made, because variable
names, classification systems, and district boundaries all change between rounds. That is the
reason harmonisation is stated as Objective 1 and treated as a substantive contribution in this
thesis, rather than handled quietly in a cleaning script as it is in studies that use a single
round.

2.6 Harmonisation Practice in Multi-Round Survey Pro-
grammes

Table pointed to a specific gap: within the literature reviewed in this chapter, no Ugandan
wage study pools more than a single survey round, so no domestic precedent exists for the
harmonisation problem this study had to solve. The relevant precedent instead comes from
international survey programmes that routinely combine multiple rounds, and it is their ac-
cumulated practice, not any single Ugandan antecedent, that this study’s pipeline draws on.
Chapter Three sets out the procedures actually implemented; what follows here is an account
of where that practice originates.

Ex-post harmonisation, meaning the reconciliation of surveys that were never designed to be
comparable, was formalised by Fortier et al. [53] in the Maelstrom protocol. The protocol
proceeds through four stages: an inventory of the contributing studies, definition of the tar-
get variables, formal documentation of every harmonisation decision, and evaluation of the
resulting quality. Its distinguishing feature is the insistence that each decision be recorded
and justified rather than left implicit in cleaning code. The Luxembourg Income Study [54]
and the Integrated Public Use Microdata Series [55] pioneered the underlying approach, and
between them demonstrate that comparability across decades and countries is achievable when
the decisions are made explicit. Kolczyriska [50] takes the argument further, showing that a
harmonisation is only as credible as the workflow that produced it, and that the combination
step should be released as executable code rather than described in prose.

Classification change is the recurring obstacle. Industry codes migrate between ISIC revisions
and occupation codes between ISCO versions, so that identical jobs receive different codes in
different rounds. The United Nations Statistics Division [57] publishes concordance tables for
exactly this purpose, and the Living Standards Measurement Study — Integrated Surveys on
Agriculture programme [58] has developed comparable practice for African household surveys,
including the treatment of administrative boundary changes, which are frequent in Uganda as
districts subdivide.
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Missing data is the other standing problem. Van Buuren [59] provides the reference treatment,
distinguishing missingness mechanisms and setting out when deletion, single imputation, or
multiple imputation is defensible. The distinction matters for wage analysis because missingness
in reported earnings is unlikely to be random, and because the dependent variable and the
predictors call for different treatment.

What this literature does not supply is a worked application to Ugandan survey data. The pro-
grammes above operate on their own harmonised collections; no published pipeline harmonises
the UNHS rounds for wage analysis, and the harmonisation decisions taken in the studies re-
viewed in Section are not documented, since each analysed a single round and therefore
never faced the problem.

What this body of practice supplies to the present study is a standard to work to rather than a
solution to reuse. The procedures implemented in Section therefore follow the Maelstrom
sequence and Kotczynska’s argument that the combination step should be released as executable
code, but the target schema, the crosswalks, and the missing-data rules all had to be built for
these four rounds specifically. That construction is what Objective 1 delivers.

2.7 Explainability in Predictive Wage Models

Predictive accuracy alone does not make a model useful for decomposition, which requires
knowing how much each characteristic contributed to a predicted wage. SHAP values [10] sup-
ply this through a model-agnostic attribution grounded in cooperative game theory, satisfying
local accuracy, missingness, and consistency, and permitting questions that an OLS coefficient
cannot answer, such as how much sector of employment contributed to a particular worker’s
predicted wage relative to the population average. Saeed and Omlin [60] survey the broader
explainable artificial intelligence field and its open problems, while Molnar [I1] provides the
standard practical treatment, including the conditions under which attributions can mislead
when features are strongly correlated. That caveat is pertinent here, since education, occupa-
tion, and sector are correlated in the UNHS data.

Evaluation practice in this literature is settled. Root Mean Squared Error, Mean Absolute
Error, and R? on a held-out test set are standard [11], with hyperparameters tuned on a separate
validation split for tree ensembles and by cross-validation for regularised linear models. The
Ugandan literature offers a natural benchmark: Kagundu and Pavlova [19] reported R? values
of 43.6 percent for urban males and 59.7 percent for urban females, figures against which the
models in this study can be compared using a similar feature set.

This section supplies the second half of the argument behind Objective 2. Section estab-
lished that flexible models remove the functional-form restriction but lose the attribution a
decomposition depends on. The SHAP literature reviewed here shows that the attribution can
be recovered, exactly and additively, for tree ensembles. Objective 2 is therefore not simply to
find the most accurate wage model. It is to establish whether accuracy and attribution can be
held together on UNHS data, because the decomposition in Objective 3 cannot proceed unless
they can.

2.8 Synthesis and Research Gaps

Read in sequence, the literature tells a coherent story. The problem of separating a wage

gap into composition and returns was posed and solved in principle in 1973. The reference-

structure and selection problems that followed were addressed by 1988. The restriction to the
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mean was lifted between 1996 and 2011. The restriction to analyst-specified functional form was
lifted after 2017, once machine learning methods entered econometrics, and the interpretability
cost of that move was paid off by SHAP between 2017 and 2020. By 2022 the two had been
combined, and ML-augmented decomposition had been shown to move explanatory weight from
the unexplained component to the explained one.

That sequence has nonetheless left three matters unresolved. First, every demonstration of ML-
augmented decomposition located in this review comes from a high-income country with large,
clean administrative data. Whether the gains survive in a segmented, data-sparse, developing-
country labour market is an open empirical question, not a settled one. Second, every such
demonstration is a single snapshot, so nothing is known about whether the shift from unex-
plained to explained is stable over time or an artefact of one particular year. Third, for Uganda
specifically, the substantive literature consists of two studies from 2007 using data from 2002/03,
plus more recent descriptive reporting. As Table shows, no study located here has pooled
survey rounds, and consequently there is no consistent series from which the direction of travel
could be read.

2.8.1 How the Reviewed Literature Provides the Rationale for This
Study

The three gaps above are statements about what is missing. The rationale for conducting
this particular study rests on four specific findings in the work reviewed, each of which points
directly to a decision taken in Chapter Three.

The literature shows the functional form is the binding constraint, not the data.
Lemieux [2I] and Psacharopoulos and Patrinos [22] both find that returns to schooling are
convex rather than linear, and Kagundu and Pavlova [19] find returns differing by a factor of
nearly two between the urban public and urban private sectors of the same economy. Taken
together, these say that a linear wage equation is misspecified in exactly the setting this study
examines. That is the reason the study compares estimators of increasing flexibility rather than
adopting one in advance, and the reason the comparison is worth making on Ugandan data
specifically.

The literature shows what happens when that constraint is relaxed, and gives a
direction to test against. Bonaccolto-Topfer and Briel [9] and Strittmatter and Wunsch
[8] both report that ML-augmented decomposition shifts weight from the unexplained to the
explained component. This is a prediction and not merely an observation, and it can fail. The
present study is a test of it in a setting where the authors of those papers did not claim it
would hold.

The literature shows that attribution can be recovered, so the test is feasible.
Lundberg and Lee [10] and Lundberg et al. [40] establish that feature attribution for tree
ensembles is exact and additive. Without that result, substituting a tree model into Oaxaca—
Blinder would produce a number with no interpretable breakdown, and the exercise would
answer nothing that a prediction contest could not. This is why explainability is an objective
in its own right here rather than a presentational extra.

The literature shows the data structure is adequate, and states on what conditions.
Mora and Herrera [24] set out how gap decomposition behaves on repeated cross-sections, which
is what the UNHS provides, and Fortier et al. [53] together with Kolczyriska [56] set out how
surveys never designed to be comparable can be reconciled after the fact. Between them they
establish that the multi-round question is answerable with the data that already exist, provided
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the harmonisation is documented. That is the condition Objective 1 is written to satisty.

Table maps the three gaps onto the objectives stated in Section [1.4]

Table 2.3: Research gaps and the objectives that address them

What the literature has not done

Objective addressing it

No harmonised multi-round UNHS dataset
exists for wage analysis; every Ugandan
study uses a single round, so harmonisa-
tion decisions have never had to be made
or documented.

ML-augmented decomposition with SHAP
attribution has been demonstrated only in
high-income settings; its performance on
segmented, data-sparse labour markets is
untested.

Existing ML-augmented decompositions
are single-snapshot, and the Ugandan ev-
idence consists of disconnected estimates
from which no trend can be inferred.

Objective 1: pre-process and harmonise
four UNHS rounds into a consistent
analysis-ready dataset.

Objective 2: train and evaluate explainable
ML models for predicting monthly wage dif-
ferentials in Uganda.

Objective 3: decompose gender and urban—
rural gaps across four waves and analyse
how the components evolved.

The chapter that follows sets out the methodology through which these three objectives were

pursued.
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Chapter 3

Methodology

3.1 Introduction

This chapter sets out how the study was carried out. It covers the research design and the
philosophical stance behind it, the data and the study population, the variables used, how
the four survey rounds were cleaned and combined, how the models were built and explained,
and how the wage gap was decomposed. The chapter follows the order in which the work was
actually done: data preparation first, then modelling and explainability, then decomposition
and the checks that establish how far the results can be trusted.

3.2 Research Design

The study used a quantitative, non-experimental design built on secondary survey microdata.
Four rounds of nationally representative household survey data were harmonised into a single
pooled multi-round dataset, supervised regression models were fitted to it, and the resulting
wage gaps were decomposed. No primary data were collected and no treatment was assigned
to anyone, so the design is descriptive and comparative rather than experimental. All work
was carried out in Python 3.10, using Pandas, Scikit-learn [61], XGBoost [43], SHAP [10],
Statsmodels, and Optuna [62].

The design is comparative in two senses, and both are what allow the objectives to be answered.
Across models, four estimators of increasing flexibility, namely OLS, LASSO, Random Forest,
and XGBoost, were fitted to the same data and scored on the same held-out test set, so
that a difference in accuracy can be attributed to the estimator rather than to the sample.
Across rounds, one specification was applied to each of the four survey waves in turn, so that
a difference in the decomposition can be attributed to the period rather than to a change of
method. The single-round, single-model Ugandan studies reviewed in Chapter Two could make
neither comparison.

An earlier version of this work described the design as Design Science Research, on the reasoning
that the harmonisation pipeline is a designed object evaluated against real data. That label
has been withdrawn. Design Science Research, as set out by Hevner et al. [63] and Peffers
et al. [64], centres on building an artefact and then demonstrating and evaluating it against
the problem it was built for, normally with intended users and in a setting of use. This study
produces analytical results together with a documented and reusable pipeline, but it does not
build, deploy, or evaluate a system in that sense, and no demonstration or evaluation stage of
the kind those authors describe was carried out. Describing the work as design science would
21



therefore claim a form of contribution the study does not make. The pipeline is reported instead
as a research output in Section alongside the methodological and empirical contributions,
and the design of the study is stated as above.

3.2.1 Philosophical Stance: Pragmatism

The study’s philosophical stance is pragmatist. Pragmatism holds that the choice of method
should follow from the research question rather than from prior commitment to a single episte-
mological position [65]. That stance is what permits the study to combine, without contradic-
tion, a positivist measurement instrument, the Oaxaca—Blinder decomposition, with a machine
learning component whose justification is functional rather than axiomatic: Random Forest
and XGBoost were adopted because they predicted wages more accurately than OLS on this
data, not because of a theoretical commitment to nonlinear models. Feilzer [66] argues that
pragmatism is the natural fit for applied, problem-driven research that draws on quantitative
technique in the service of a practical question, which is the posture this study takes through-
out: the guiding question was whether a more flexible decomposition method changed what is
known about Uganda’s wage gaps, not whether either method was correct in principle.

3.3 Data Sources

3.3.1 Data Used

The study drew on secondary microdata from UBOS. No primary data were collected.

3.3.1.1 Uganda National Household Survey

The UNHS is a nationally representative, multi-topic household survey using a two-stage strat-
ified cluster sample, run by UBOS at roughly four-year intervals. Four rounds were used:
UNHS 2012/13, 2016/17, 2019/20, and 2023/24. The variables of interest were drawn from two
modules of each round: the household roster, which supplies demographic characteristics, and
the labour module, which supplies employment status, occupation, industry, and monthly cash
earnings. Each round also uses its own variable names, coding schemes, and geographic identi-
fiers, which is what makes the harmonisation procedure described in Section a necessary
step rather than a formality.

3.3.1.2 Structure of the Data: Repeated Cross-Sections, Not a Panel

The difference between a panel, a longitudinal design, and a repeated cross-section governs
what this study can and cannot claim, so it is set out plainly here.

A panel follows the same individuals or households over time, so that a change measured
between two waves is a change within a person. The UNHS is not built that way. Each
round draws a fresh two-stage stratified cluster sample from the national sampling frame, so
the households interviewed in 2016/17 are not the households interviewed in 2012/13, and no
person in this study appears more than once. The four rounds are four independent cross-
sections of the same population, taken at four points in time.

What was built from them is a pooled repeated cross-section: the four cleaned rounds stacked
into a single file, with a round identifier retained on every record. This structure supports
two things. It supports comparing a population quantity across rounds, for example the mean
gender wage gap among wage earners in 2012/13 against the same quantity in 2023/24. It
also supports fitting one model to all four rouggs with round held as a control variable, which



is what the pooled models in Section do. It does not support any statement about an
individual trajectory, because the data contain no individual trajectories to observe.

The word longitudinal is used in the survey literature for both structures, which is a common
source of confusion. In this thesis it is used only in the second sense, meaning repeated mea-
surement of the same population over time, and the phrase pooled multi-round dataset is used
wherever precision matters. Mora and Herrera [24] set out the conditions under which wage
gap decomposition is valid on repeated cross-sections, and their treatment is what this study
follows. Every temporal statement in Chapters Four and Five should accordingly be read as a
statement about the composition of Uganda’s wage-earning workforce at four points in time,
and not as a record of what happened to any worker within it.

3.3.2 Study Population and Sampling

The study population comprised individuals aged 14 to 64 in Uganda who reported positive
monthly cash earnings from paid work in any of the four UNHS rounds. The 14-64 age band
matches the UBOS working-age definition used in the UNHS and the NLFS. Employment status
was not filtered separately: a person entered the analysis sample by virtue of reporting a wage,
and the exclusion of self-employed workers, unpaid family workers, and subsistence farmers
follows from this directly, since none of these categories report a continuous cash wage in the
survey instrument. This is a narrower operation than applying a formal ICSE-18 employment-
status filter, and the distinction matters for Constraint 6 in Section [3.8 a small number of
workers who would be excluded under a strict status-based definition may remain in the sample
if they happened to report a wage figure, and the Oaxaca—Blinder decomposition therefore
requires only that a wage was reported, not that a formal status test was passed.

No additional sampling was performed. The study used the full analysis sample available from
each UNHS round and retained the original UBOS two-stage stratified cluster sampling weights,
so that estimates remain nationally representative of the population they describe.

3.3.3 Subgroup Sample Sizes and Data Sufficiency

Once the decomposition was broken down beyond the two main groupings, for example by
gender, region, and sector at the same time, individual cells could become too small to estimate
reliably, so the sample available at each level of disaggregation had to be established before the
results could be trusted. Table [3.1] was the starting point for that assessment: it reported, for
each UNHS round, the number of unique households, the number of workers reporting a wage,
and the share of those workers who were female.

Table 3.1: Sample sizes of workers reporting a wage, by UNHS round
UNHS Round Unique HH Wage Reports Female %

2012/13 2,095 2,749 34.70%
2016/17 4,008 4,978 37.20%
2019/20 1,910 2,319 34.11%
2023/24 5,483 6,979 38.62%
Pooled total 13,496 17,025 36.96%

Two features of the table shaped everything tlr21%t followed. The rounds were markedly uneven



in size, ranging from 2,319 wage reports in 2019/20 to 6,979 in 2023/24, so a subgroup that was
comfortably large in one round could be too sparse to estimate in another. The female share
was also consistently around a third, between 34 and 39 percent, which meant that any cut
of the data by gender started from a smaller female base than male base, and that imbalance
widened quickly once the data was divided further by region or sector. These two facts were
what made the sufficiency measures described below necessary, and the consequences of the
second are taken up in full in Section [3.3.4]

Applying the completeness filter and the 14-64 age restriction described in Section re-
duced this pooled figure from 17,025 to 14,963 records, an overall retention of 87.9 percent,
distributed as 2,283 records for 2012/13, 4,500 for 2016/17, 2,041 for 2019/20, and 6,139 for
2023/24. It is this reduced figure, not the 17,025 in Table that entered model training and
decomposition.

At the two levels used for the main decompositions, gender pooled across regions within each
round, and urban against rural pooled across gender, sample sizes ranged from 2,319 to 6,979
per round before the completeness filter, which is comfortably above what a stable Oaxaca—
Blinder estimate requires. The difficulty arises at finer cuts: the gender gap within urban or
rural areas considered separately can fall below 500 observations in the smaller rounds, namely
2012/13 and 2019/20.

Five measures kept these finer-grained estimates stable. Where a within-round subgroup fell
short, results from neighbouring rounds, for instance 2012/13 and 2016/17, were pooled to re-
store statistical power, with round fixed effects included to absorb the resulting time difference;
this pooling trigger activated below 500 observations in a cell. Categories were also collapsed
where the data could not support finer distinctions: education was grouped into four levels,
namely none, primary, secondary, and tertiary, rather than finer bands, and sector was analysed
at the nine-group ISCO major-group level rather than at a more detailed occupational level. A
hard minimum of 200 observations in either the male or the female subsample was enforced as
the threshold below which a cell could no longer support the full modelling pipeline. Cells at or
above this threshold but still small were flagged and reported with appropriate caveats rather
than dropped. Cells falling below it, after pooling adjacent rounds had already been attempted,
fell back to LASSO for that cell specifically, since LASSO converges on fewer observations than
Random Forest or XGBoost [67, 68]. An absolute floor of 20 observations per group was treated
as a hard stop below which a regression is not numerically identified, at which point the cell
was skipped entirely rather than estimated. Every decomposition estimate, regardless of cell
size, was accompanied by a stratified bootstrap confidence interval, described in Section [3.6] so
that the precision behind each figure is stated rather than assumed.

3.3.4 Under-Representation of Women, and How It Was Handled

Women are a minority of this sample. As Table shows, the female share of wage reports
ranged from 34.1 percent in 2019/20 to 38.6 percent in 2023 /24, and stood at 37.0 percent across
the pooled file. After the completeness filter and the age restriction, the analysis sample of
14,963 records held 9,728 men and 5,235 women, a female share of 35.0 percent. The imbalance
is present in every round and widens at every further cut of the data, so it had to be addressed
directly rather than noted and passed over.

The first thing to establish is what the imbalance is. It is not a defect in the UNHS sample
design, and it is not a coverage failure that weighting alone could put right. Uganda’s wage-
employment sector is genuinely male-dominated, because a large share of working women are
in subsistence agriculture, unpaid family work, or own-account trade, none of which reports
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a continuous monthly cash wage [69]. A sample of wage earners that was half female would
therefore not describe Uganda’s wage earners. The imbalance is a property of the population
under study, and the correct response is to carry it and account for it, not to remove it by
resampling.

Four measures were used so that the imbalance limited precision rather than distorting the
estimates.

Sampling weights were retained. The original UBOS two-stage stratified cluster sampling
weights were carried through the pipeline and into estimation, so that population quantities
remain nationally representative of wage earners rather than of the achieved sample.

The data split was stratified by sex as well as by round. The 70/15/15 train—validation—
test split described in Section was stratified jointly by survey round and sex, so each of the
three splits holds approximately the same female share as the full file. Without this, a random
split could leave the smaller group thinly represented in the test set, and the reported accuracy
would then depend partly on the draw.

The decomposition does not require equal group sizes. Oaxaca—Blinder compares
group means against a reference wage structure. The Neumark [27] pooled reference used here
is estimated on both groups together, which limits the influence of the smaller group’s own
coefficients on the benchmark. What unequal group sizes do affect is precision, because the
female-side means and predictions rest on fewer observations than the male-side ones.

The sufficiency rules were written around the smaller group. The 500-observation
pooling trigger and the 200-observation hard minimum in Section [3.3.3] are applied to the
smaller of the two subsamples in a cell, not to the cell total, so a cell with plenty of men and
few women cannot pass the test on the strength of the men alone.

The effect on the results is one of precision rather than of level. In practice the female subsample
cleared the 200-observation hard minimum in every cell estimated, the smallest being 607
women in the rural gender split for 2016/17, so the LASSO fallback stayed available but was
never used. Pooling with an adjacent round was needed for four of the sixteen round-level
cells, and all four are gender-by-residence cells for 2012/13 and 2019/20, which are exactly the
cells where the female subsample is smallest. Estimates involving the female subsample carry
wider bootstrap confidence intervals than those for the two primary splits, and the widening is
clearest in those intersectional cells, which is why Tables and carry pooling flags. The
point estimates are not biased by the group-size difference; they are less precisely determined,
and the intervals reported alongside them state how much less.

A separate and larger consequence cannot be repaired by weighting, stratification, or pooling,
and it is taken up at Constraint 6 in Section [3.8] The women in this sample are those who
had already entered wage employment. They are plausibly more educated and more urban
than Uganda’s female workforce as a whole, since the women excluded by the wage-reporting
criterion are concentrated in the least secure and lowest-paid forms of work. The gender wage
gap reported in this thesis is therefore the gap conditional on entry into wage employment, and
the economy-wide gap is very likely wider than the figures given here.

3.3.5 Variable Definitions

The dependent variable is the natural logarithm of monthly cash earnings. Taking the log is
standard practice in wage analysis: it flattens the right-skewed earnings distribution and lets
coefficients be read as approximate percentage effects [I§].
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Table lists the independent variables, each drawn from the UNHS microdata and made
consistent across the four rounds.

Table 3.2: Independent variables used in the wage models

Variable

Definition and source

Sex

Age; age squared

Male or female, taken from the household roster.

Age in years, 1464, plus its square to capture the curved experience—earnings

profile predicted by human capital theory.
Education level Four harmonised tiers: none, primary, secondary, tertiary.

ISCO-08 major group (nine categories), aggregated from national occupation
codes via correspondence tables built for this study; see Section W

Occupation

ISIC major division, aggregated from national industry codes via the same
correspondence approach.

Industry sector

Urban/rural resi- Binary, taken from the household identification module.

dence

Region Central, Eastern, Northern, or Western, the four UBOS statistical regions.
Sub-region A finer geographic split within each region, carried into the model as a label-

encoded feature.

2012/13, 2016/17, 2019/20, or 2023/24, retained as a control variable in the
pooled models and as the time dimension for the cross-round decomposition.

Survey round

3.3.6 Data Integration and Cleaning

The integration pipeline followed established ex-post harmonisation practice: an inventory of
the four contributing rounds, definition of a common target schema, documented harmonisation
decisions, and evaluation of the resulting data quality, following the shape of the Maelstrom
protocol of Fortier et al. [53] and the principle, argued by Kotezyriska [50], that the combination
step should be released as executable code rather than described only in prose. Figure|3.1|shows
the four stages, each of which is described below.

Stage 1 Stage 2 Stage 3 Stage 4
Round extraction Schema & Sample Pooling into
(4 UNHS rounds) code alignment selection analysis file
household roster + ISCO/ISIC groups; age 14-64; N = 14,963;

labour module education tiers complete cases 4 rounds pooled

Figure 3.1: The four-stage data integration pipeline

Each of the four UNHS rounds was first loaded and processed independently. The target
variables were extracted from the household roster and labour modules using each round’s own
variable names, which differ from round to round, and a round identifier was attached to every
record so that observations could be tracked through the remaining stages.

Once loaded, each round was mapped onto a common schema. Education levels were standard-
ised to the four tiers in Table Occupation Qaéld industry codes were aggregated to [ISCO-08



major groups and ISIC major divisions respectively, using correspondence tables built for this
study that follow the ISCO-08 and ISIC Rev. 4 major-group structure published by the UN
Statistics Division [57]. Where a round already supplied a one-digit major-group code, it was
used directly. Where only detailed four-digit codes were available, they were aggregated upward
through the intermediate classification levels. Aggregating to the major-group level, rather than
attempting a revision-by-revision crosswalk, is what makes the four rounds comparable, since
detailed occupation and industry codes are not stable across the twelve-year window [58].

Geographic identifiers were retained at the region and sub-region level. District-level identifiers
were not usable for harmonisation: they were missing for a majority of records and are not used
as model features. Region and sub-region codes that could not be mapped onto the reference
frame, which affected a meaningful share of the 2016/17 and 2019/20 rounds, were assigned an
explicit Unknown category rather than triggering deletion of the record, since dropping on that
basis would have removed most of both rounds. The consequence of this choice for interpretation
is carried forward to Constraint 5 in Section 3.8

The analysis sample was then restricted to individuals aged 14 to 64 who reported positive
monthly cash earnings, as set out in Section [3.3.2l Two further steps were applied to the
dependent variable before the four rounds were pooled. Wages reported below an assumed
monthly floor were raised to that floor rather than discarded, using UGX 1,000 for the 2012/13,
2016/17, and 2019/20 rounds and UGX 1,500 for 2023/24, before the log transformation was
applied.

Missing values in the four variables central to the analysis, namely wage, sex, age, and education,
were handled by complete-case deletion rather than imputation: records missing any of these
four were dropped rather than filled in, on the reasoning that imputing a wage determinant
risks distorting the wage structure the study set out to estimate [59]. This deletion, together
with the age restriction, is what reduced the pooled sample from 17,025 to 14,963 records.
Missingness in variables outside this core set was handled differently, through the Unknown
category described above rather than through deletion.

Finally, the four standardised, cleaned round-level datasets were combined into a single pooled
analysis file of 14,963 records, retaining the round identifiers and the original UBOS sampling
weights, along with the derived features described next. The log wage and the harmonised oc-
cupation and industry group labels were constructed at this stage; interaction effects among the
predictors were left for the tree-based models to discover during training rather than specified
in advance [18] 42, [43].

3.4 Model Development and Explainability

Four models were trained and compared, ordered from simplest to most flexible. Ordinary Least
Squares (OLS) served as the standard benchmark in labour economics, with directly readable
coefficients. LASSO, a regularised linear model, performs automatic feature selection and is
useful for identifying the most informative predictors among correlated ones [67]. Random
Forest, an ensemble of decision trees, captures nonlinear patterns and feature interactions
without the analyst specifying them. XGBoost, a gradient-boosted tree ensemble, typically
performs well on tabular data [43], 9].

The pooled dataset was split 70/15/15 into training, validation, and test sets, stratified jointly

by survey round and sex so that each split preserved roughly the same round and gender

composition as the full data; the three resulting index sets were confirmed mutually disjoint

before any model was fit. Random Forest and XGBoost were tuned using Bayesian optimisation
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via Optuna [62], with 50 trials per model fit on the training set and scored on the held-out
validation set, so that the test set played no part in tuning. The LASSO penalty was chosen
separately, using 5-fold cross-validation on the training set alone.

Models were compared on RMSE, MAE, and R2, reported for all three splits so that any
overfitting would be visible rather than assumed away. The selection rule was fixed before the
comparison was run: the model with the lowest error on the held-out test set would be the one
carried forward into the explainability and decomposition work. That rule, and the question

of why it selected XGBoost rather than Random Forest when the two performed so similarly,
is discussed in Section [£.3.3]

As a further check on the value of pooling survey rounds, the best-performing model was
retrained on 2023/24 alone and on 2019/20 together with 2023/24, and both versions were
compared against the model trained on all four pooled rounds, to establish whether pooling more
rounds improves generalisation or simply adds noise. This comparison is reported in Chapter
Four and speaks directly to Objective 1: it is the empirical test of whether the harmonisation
effort was worth undertaking.

For each trained model, SHAP values [10] were computed to quantify how much each feature
moved a given prediction up or down. Summary, dependence, and force plots were produced
for the full sample and separately for the gender and urban—rural subgroups, which made
it possible to see which features drove wages differently for men and women and for urban
and rural workers, including nonlinear and interactive effects that a table of OLS coefficients
cannot show. Section [3.4.1] sets out how this was implemented and how it connects to the
decomposition.

3.4.1 How Explainability Was Implemented

Objective 2 required the models to be explainable as well as accurate. Because the word
explainable is used loosely in the wider literature, this section states exactly what it means
in this study, what was computed, and how the result connects to the decomposition that
follows.

Explainability here is supplied by SHAP and by nothing else. No claim is made that Random
Forest or XGBoost can be read directly. SHAP treats a single prediction as the outcome of
a cooperative game in which the features are the players, and gives each feature the payoft it
earns by joining the coalition, averaged over every order in which the features could have joined
[10]. For an individual worker ¢ the prediction then breaks down exactly as

K
fl) = do + > i, (3.1)
k=1

where ¢ is the average prediction over the data and ¢;; is the contribution of feature k& to
worker ¢’s prediction, measured in log wage points. Because the parts sum to the whole with
no remainder, the attributions can be averaged across workers or across groups without the
accounting breaking, and that property is what the decomposition in Section [3.5] relies on.

SHAP values were computed with TreeExplainer [40)], which returns exact values for tree en-
sembles rather than the sampled approximation used for models of arbitrary form. Four outputs
were produced:

1. A ranking of average influence, the mean of |¢;| over all workers, computed for all four
models so that the linear and the tree spa(éiﬁcations could be compared on the same scale



(Table [4.3).

2. A global attribution plot for the selected model, in which each worker is one point,
horizontal position gives ¢;. and colour gives the value of the feature itself, so that the
direction of an effect is visible and not only its size (Figure .

3. Dependence plots, which place ¢;; against the value of feature k£ and colour by a second
feature, so that curvature and interaction can be read off directly (Figure [4.3)).

4. Subgroup attributions, in which the same fitted model is explained separately on the
female and the male subsample, which shows whether a feature operates differently inside

each group (Figure [4.4)).

The link between explainability and the decomposition is Equation itself. Averaging that
identity within each of two groups A and B and subtracting gives

explained, = ¢ | A — ¢x | B, (3.2)

with ¢ cancelling, since it is the same constant for both groups. Summing Equation over
k returns the explained component of the decomposition exactly. The feature-level breakdown
reported for each gap is therefore not a separate exercise carried out alongside the decomposi-
tion; it is the same quantity read one feature at a time. Where a cell fell back to LASSO under
the rule in Section [3.3.3] the equivalent breakdown has a closed form, (4 — ) multiplied by
the coefficient, and no SHAP computation was needed.

Two limits of the method should be stated plainly. First, SHAP attributes a prediction and
not an outcome. A large attribution means the model leaned on that feature, and not that the
feature causes wages to move. Second, attributions become unstable when features are strongly
correlated, because a contribution shared between two correlated features can be assigned to
either of them [I1]. Education, occupation, and industry are correlated in the UNHS data,
so the ordering of those three in Table should be read as a group rather than as a strict
ranking.

3.5 Wage (GGap Decomposition

The Oaxaca—Blinder decomposition splits the average wage gap between two groups into an
explained part, attributable to differences in observable characteristics, and an unexplained
part, attributable to differences in the returns to those characteristics together with whatever
the model does not observe:

Yi—Yp= \[XA — X6 + :YA[BA — B+ Xp[B" — Bs] (3.3)
Exp?z;ned Unex?ﬂrained

where Y, and Yp are mean log wages for groups A and B, X are mean characteristics, 5 are
estimated returns, and 8* is the reference wage structure.

Following Bonaccolto-T6pfer and Briel [9], the OLS estimates B in Equation were replaced
with predictions from the best-performing ML model for that cell. SHAP values then supplied
a feature-level breakdown of the explained part, through the identity derived in Equation [3.2]
making it possible to see which specific characteristics mattered most for the gap, and in which
direction, at each survey round. The decomposition was run separately for each of the four
UNHS rounds, and the resulting path of the explained and unexplained shares over 2012-2024
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was plotted and examined to assess whether Uganda’s wage gaps were narrowing, widening, or
holding steady.

3.6 Quality Control and Error Management

Three checks were built directly into the pipeline rather than performed as a separate audit
afterwards. Every train, validation, and test split was confirmed mutually disjoint by index
before model fitting began, which rules out the specific and common error of a record leak-
ing across splits. The Oaxaca—Blinder identity, namely that the explained and unexplained
components sum exactly to the observed gap, was checked programmatically for every cell in
both the OLS and the ML-augmented versions, with the residual required to fall below a fixed
numerical tolerance; this is a direct check that the decomposition arithmetic is correct, not
merely plausible. The final saved model was reloaded from disk and its predictions on the test
set compared against the predictions of the live, in-memory model, to confirm that the model
used for reporting is the one that was actually trained.

Bootstrap confidence intervals were produced for every decomposition estimate, using 200 strat-
ified replications per cell. Two hundred replications, rather than the 1,000 the pipeline is con-
figured to target, were used for the results reported in this thesis, as a deliberate trade-off to
keep the full four-round, multi-subgroup run computationally tractable; the code supports in-
creasing this to 1,000 without any other change, and doing so is noted as a direction for future
refinement in Chapter Six.

Extreme values in reported wages were addressed only through the minimum-wage flooring
described in Section [3.3.6; no separate outlier-fencing procedure was applied to the upper tail
of the earnings distribution.

3.7 Ethical Considerations

The study used publicly available UNHS microdata obtained from UBOS. No primary data were
collected, and UBOS anonymises the microdata before release, so no individual-level identifiers
were present in the data used. The study followed Uganda Christian University (UCU) Research
Ethics Committee requirements, and research clearance was obtained from the UCU Faculty
of Engineering, Design and Technology before data analysis began.

3.8 Methodological Constraints

Several constraints follow directly from choices made earlier in this chapter, and each is revisited
where it becomes relevant to interpreting the results. Two of them, concerning self-reported
wages and the meaning of the unexplained component, bear on how the Chapter Four figures
should be read, while three others, concerning employment coverage, geographic resolution, and
gendered selection into wage employment, are taken up again in the Chapter Five discussion
of what the estimated gaps do and do not represent.

The first constraint concerns the wage data themselves. The earnings figures came from what
respondents told the interviewer, and are therefore subject to recall error and rounding, partic-
ularly for people paid irregularly [12, [13]. A second and related limitation is that the UNHS is
a series of repeated cross-sections rather than a panel, as set out in Section so it does
not follow the same individuals across rounds; this study could therefore track how the gap
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changed in aggregate across the population, but not how any single person’s wage moved over
time.

A third constraint arises from who enters the sample at all. The wage-reporting criterion de-
scribed in Section leaves out most of Uganda’s workforce, including the self-employed,
unpaid family workers, and subsistence farmers, so the true extent of economic inequality in
Uganda is almost certainly wider than the results reported here suggest. A fourth constraint
concerns how the results are interpreted rather than how they were produced: the unexplained
component of the Oaxaca—Blinder decomposition absorbs everything the model does not ob-
serve, including ability, motivation, networks, hours worked, job tenure, and measurement
error alongside any unequal treatment, so it should not be read as a measure of labour market
discrimination.

A fifth constraint concerns geographic resolution. District identifiers could not be harmonised
across rounds and were not used, and region and sub-region codes that could not be mapped
were assigned an Unknown category rather than dropped, as described in Section[3.3.6] Findings
at the region level should accordingly be treated as more reliable than any inference drawn at
a finer geographic resolution than this study attempted.

The sixth constraint is the most consequential for how the headline result should be understood,
because the employment-coverage restriction just described is not gender-neutral. A large share
of Uganda’s female workforce works in the informal economy, as self-employed traders, unpaid
family labourers, and subsistence farmers, and these are precisely the categories excluded by
the wage-reporting criterion, since they do not report a continuous, market-priced cash wage
of the kind the Oaxaca—Blinder method requires [69]. Wage employment, by contrast, skews
male, which is the imbalance quantified in Section [3.3.4, The female workers captured in this
study are therefore not representative of Ugandan women as a whole: they are the subset
who had already entered wage employment, plausibly more educated and more urban than
the female workforce overall. The gender wage gap reported in this thesis should accordingly
be read as the gap conditional on wage-sector entry, not as an estimate of the gap across the
whole female workforce. Because the women excluded by this restriction are disproportionately
those in the least secure, lowest-paid forms of work, the true economy-wide gender earnings
gap is almost certainly larger than what is reported here. Addressing this in future work would
require a different outcome measure for informal and self-employment earnings, together with
a selection-correction approach, such as a Heckman-style two-step model, to account for the
fact that entry into wage employment is itself correlated with sex, education, and location, the
very variables central to this decomposition.

3.9 Work Timeline

The research was carried out between May and July 2026. Data acquisition and harmonisa-
tion, corresponding to Objective 1, took place in May 2026. Model development, tuning, and
SHAP analysis, corresponding to Objective 2, ran from May to June 2026. Oaxaca—Blinder
decomposition and temporal analysis, corresponding to Objective 3, were completed in June
2026. Report writing and submission followed in June and July 2026. A detailed Gantt chart
is given in Appendix [A]
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Chapter 4

Results

4.1 Introduction

This chapter reports what the study found, organised around the three objectives set out
in Chapter One: what the harmonisation pipeline produced, how the four candidate models
performed and what SHAP revealed about wage determination, and what the Oaxaca—Blinder
decomposition showed about the gender and rural/urban wage gaps.

4.2 Results

4.2.1 Data Preprocessing Outcomes

The pipeline described in Section produced a harmonised pooled multi-round dataset
spanning the four UNHS rounds, 2012/13, 2016/17, 2019/20, and 2023/24. Alongside the
pooled analysis file, the study delivered a harmonisation log covering variable standardisation,
the ISCO and ISIC correspondence tables, the treatment of unmappable geographic codes, and
the handling of missing values. Table and Figure [4.1] show what that process actually did
to the data: how many people in each round told the survey what they earned, and how many
of those people ended up in the group actually used for the analysis, once the age rule and the
completeness check described below were both applied.

Table 4.1: How many people were kept for analysis, by survey round

Round Reported a wage Kept for analysis Percent kept
2012/13 2,749 2,283 83.1%
2016/17 4,978 4,500 90.4%
2019/20 2,319 2,041 88.0%
2023/24 6,979 6,139 88.0%
Pooled total 17,025 14,963 87.9%
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Figure 4.1: How many people were kept for analysis, by survey round

Getting into the "reported a wage” column only needed one thing: could a monthly wage be
worked out from what the person told the survey? The UNHS asks how much someone was
paid and how often, daily, weekly, monthly, or by the hour, and the pipeline turns that into one
monthly figure. If either the amount or how often they were paid was left blank, no monthly
wage could be worked out, and that person is not counted here. Nothing else mattered at this
stage. A person of any age, even with other details missing, still counted as having reported a
wage as long as a monthly figure could be built for them. This is the same group counted as
wage reports in Table in Chapter Three.

Getting into the "kept for analysis” column required two further conditions, applied in this
order. First, the person needed their sex, age, and education all filled in; if any one was
missing, they were dropped, since guessing a missing detail like education could distort the
very wage patterns the study was trying to measure. Second, only people aged 14 to 64 were
kept, matching the working-age definition used throughout this study (Section[3.3.2)). Checking
these in the other order would not have changed who ended up in the final count, since a person
had to pass both either way, but this is the order the pipeline actually used.

How many people were kept varied by round, from 83.1 percent in 2012/13 to 90.4 percent in
2016/17. Both checks were applied together and only the combined result was recorded, so
it is not possible to say how much of that difference came from missing details as opposed to
people falling outside the 14-64 age range. What can be said is that some rounds started out
more complete than others. Overall, 87.9 percent of everyone who reported a wage across all
four rounds made it into the final dataset used to train the models and run the decomposition,
14,963 people out of 17,025.

Read against Objective 1, these retention figures carry two meanings. The pipeline kept 87.9
percent of all wage reports, so the harmonised file is not a small, heavily filtered residue of the
original surveys, and the four rounds enter the pooled analysis in roughly the proportions in
which UBOS collected them. That matters because a harmonisation that discarded a third of
its input would raise a question about which third was lost, and whether it was lost at random.
The second meaning lies in the variation: retergc?i)on ranges from 83.1 percent in 2012/13 to 90.4



percent in 2016/17, so the rounds did not arrive equally complete. Ex-post harmonisation work
in other survey programmes reports the same pattern, with earlier rounds of a series generally
less complete than later ones [53, 56]. The practical consequence here is that the smaller
and older rounds carry less weight in the pooled model, which is part of why the round-level
decompositions for 2012/13 and 2019/20 needed the sample-sufficiency safeguards described in

Section [3.3.3]

4.2.2 Model Performance and Feature Importance

Table reports RMSE, MAE, and R? for all four candidate models across the training,
validation, and test splits. These three metrics were chosen because they answer a question that
matters directly for the decomposition work in Section [4.2.3] RMSE and MAE are expressed in
log-wage units, so they translate approximately into the typical percentage error in a predicted
wage, while R? reports how much of the variation in wages the observable characteristics account
for. This matters because the ML-augmented decomposition substitutes model predictions
for OLS fitted values, so the credibility of that decomposition rests on how accurately the
underlying model predicts wages in the first place. A model that fits poorly would carry that
error directly into the explained and unexplained shares reported later in this chapter.

Table 4.2: Model comparison across train, validation, and test splits

Model Split RMSE MAE R2
OLS Train 0.9485 0.6324 0.343
OLS Validation 1.0162 0.6519 0.298
OLS Test 0.9526 0.6463 0.354
LASSO Train 0.9485 0.6325 0.343
LASSO Validation 1.0163  0.6519 0.298
LASSO Test 0.9528 0.6464 0.354
Random Forest Train 0.8361 0.5391 0.4%89
Random Forest Validation 0.9748 0.6109 0.354
Random Forest Test 0.9194 0.6059 0.399
XGBoost Train 0.8138 0.5253 0.516
XGBoost Validation 0.9689 0.6046 0.362
XGBoost Test 0.9110 0.6016 0.410

XGBoost had the best test-set score on every metric and was carried forward into the explain-
ability and decomposition work, under the selection rule fixed in Section [3.4] OLS and LASSO
performed almost identically across every split; with only ten features and little correlation
between them, LASSO’s penalty had almost nothing to shrink. The tree models fit the training
data more closely: XGBoost reached a training R? of 0.516 against OLS’s 0.343. This gap did
not signal overfitting. XGBoost’s test RMSE was only 0.097 above its training RMSE, and
its validation and test scores sat close together (RMSE 0.969 against 0.911, R? 0.362 against
0.410). A genuinely overfit model would have performed noticeably worse on both splits rather
than only slightly worse than on training. The tree models’ larger train-to-test gap therefore
reflects the expected cost of their extra flexibility rather than poor generalisation, while the
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linear models’ near-zero train-to-test gap reflects the opposite problem: a specification too rigid
to fit the training data closely in the first place. Across all four models, the ten available fea-
tures explained roughly 35 to 41 percent of the variance in log wages; the remainder reflects
factors the survey does not capture, such as firm size, informal-sector productivity, or exact
hours worked.

Whether pooling the four survey rounds actually improved the model, rather than simply adding
more rows of similar information, was tested directly rather than assumed. The same tuned
XGBoost hyperparameters were used to train three versions of the model, one on 2023/24
alone, one on 2019/20 and 2023/24 combined, and one on all four pooled rounds, and each
version was then scored against the same untouched test set spanning all four rounds. This
comparison is the direct empirical check on the value of the harmonisation effort reported in
Section if pooling more rounds had not improved test-set accuracy, the twelve years of
harmonisation work would have bought nothing beyond convenience. The full comparison and
what it means for the case behind pooling the survey rounds is presented in Chapter Five,
alongside the discussion of Research Question 1.

SHAP values were then used to rank how much each feature moved XGBoost’s wage predictions,
shown in Table[4.3] The method behind these values, and the four outputs produced from them,
is set out in Section B.4.11

Table 4.3: Mean absolute SHAP value by feature and model

Feature OLS LASSO Random Forest XGBoost
Education 0.4119 0.4129 0.3216 0.3105
Age 0.6103 0.5797 0.1023 0.1486
Sex 0.1869 0.1865 0.1346 0.1405
Occupation 0.0755 0.0747 0.1330 0.1402
Region 0.1129 0.1124 0.1202 0.1152
Industry sector 0.0341 0.0338 0.0992 0.1024
Urban /rural 0.1273 0.1271 0.1018 0.0951
Survey round 0.1130 0.1126 0.0601 0.0706
Sub-region 0.0128 0.0125 0.0329 0.0591
Age squared 0.4330 0.4049 0.1123 0.0498

Education carried by far the largest average influence, followed by age, sex, and occupation,
which is broadly consistent with human capital theory and with the labour market patterns
UBOS itself reports [6]. The ranking looked different for the linear models: OLS and LASSO
gave age and age squared the largest average influence, with education second. Both tree
models pushed education to the top, but they did not treat age itself the same way; Random
Forest pushed it down to sixth place, while XGBoost kept it in second, just behind education.
Where the two tree models agreed was in demoting age squared, which ranked second or third
for the linear models but fell to fifth for Random Forest and last for XGBoost. A table of OLS
coefficients could not have shown this: it suggested that age’s relationship with wages was not
well captured by a single quadratic term, and instead interacts with other characteristics, most
notably education, in a way that only a nonlinear model recovers.

A ranking of average influence establishes which features mattered, but not how they mattered.
The remainder of this section reports the SHA§’50utputs that address the latter question, since



the direction and shape of each feature’s effect is what distinguishes an explainable model from
one that merely predicts accurately. Figure 4.2/ shows the global attribution for XGBoost, with
every point representing one worker in the test sample.
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Figure 4.2: Global SHAP attribution for XGBoost. Each point is one worker; position on the
horizontal axis gives the effect of that feature on the predicted log wage, and colour gives the
value of the feature itself.

The direction of each effect is now visible in a way the summary table could not convey. High
education values, shown in red, sit almost entirely to the right of zero and extend furthest from
it, meaning that higher education raised predicted wages and did so more strongly than any
other feature. The sex variable separates into two distinct clusters on either side of zero, one
for each category, which is the visual signature of a systematic group difference rather than
a diffuse effect. Urban residence shows the same two-cluster pattern, though the clusters sit
closer together.

The dependence plots in Figure take this further by showing the shape of two relationships
across their whole range.
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XGBoost SHAP Dependence - age (colour = education) XGBoost SHAP Dependence -- education (colour = strongest interacting feature)
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Figure 4.3: SHAP dependence for age, coloured by education (left), and for education, coloured
by occupation (right), both for XGBoost.

The left panel recovers the concave age—earnings profile that the Mincer specification assumes:
the effect of age on predicted wages rises steeply through the twenties, flattens through the
late thirties and forties, and declines slightly thereafter. The model was not told to expect this
shape; it emerged from the data. The colouring adds what the quadratic term cannot represent,
since at any given age the higher-education points sit consistently above the lower-education
ones, indicating that the return to experience was larger for better-educated workers. This is
the age—education interaction referred to earlier, shown directly rather than inferred from a
ranking.

The right panel shows why the linear specification struggled with education. The effect of
education on predicted wages was not proportional to years of schooling: the three lower
education tiers cluster near or below zero with little separation between them, while the highest
tier jumps sharply upward, contributing between roughly 0.4 and 0.9 log points. A linear term
forces a constant increment per tier and cannot represent a threshold of this kind. The colouring
by occupation also shows meaningful vertical spread within the highest tier, meaning that the
same level of education translated into different wage effects depending on the occupation held,
which is the nonlinear interaction structure that the decomposition results in Section [4.2.3
reclassify from unexplained to explained.

Finally, the subgroup plots in Figure [4.4|repeat the global attribution separately for female and
male workers, to establish whether the same features operated in the same way within each

group.
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Figure 4.4: Global SHAP attribution for XGBoost, computed separately for female workers
(left, n = 786) and male workers (right, n = 1,459).

Education ranked first for both groups, so the dominant wage driver was common to men and
women alike. The ordering below it differed. For female workers, sex ranked second and its
points sit almost entirely to the left of zero, meaning that being female reduced the predicted
wage relative to the sample average. For male workers, sex fell to fifth place, and industry
sector rose to fourth, ahead of where it sat for women. The practical consequence is that a
single pooled feature ranking, of the kind reported in Table [4.3] averages over two subgroups
whose wage structures were not identical, which is precisely the situation the Oaxaca—Blinder
decomposition is designed to handle by estimating separate wage equations for each group.

Two readings follow from Tables and [£.3] and both bear on Objective 2.

The first concerns where the gain in accuracy came from. The distance between the two tree
models is small, a test R? of 0.410 against 0.399, while the distance between either of them
and the two linear models is about four times larger. The gain therefore came from allowing
curved and interacting relationships at all, and not from the particular boosting algorithm
used. That reading is consistent with the argument of Mullainathan and Spiess [37], who hold
that the advantage of machine learning in applied economic work lies in flexible estimation of
a conditional expectation rather than in any one estimator. It also sets a limit on what this
study should claim: the result is about model class, not about XGBoost in particular, and
Section [5.3.3| returns to that point.

The second concerns what the models are leaning on. Education ranked first for both tree
models, which matches the returns-to-education evidence for developing countries reported
by Psacharopoulos and Patrinos [22]. The disagreement between the model families over age
squared is the more informative finding. A quadratic in experience is a fixed part of the Mincer
specification [I§], and both linear models leaned on it heavily, yet both tree models pushed it
down the ranking while keeping or raising age itself. Lemieux [2I] argued on other data that
the Mincer functional form fits modern earnings poorly, and the ranking here is consistent with
that argument. Figure [4.3|shows the mechanism: the age profile the models recover is curved,
but its height depends on education, and a single squared term applied to the whole sample
cannot represent a curve whose shape differs by education level.

4.2.3 'Wage Gap Decomposition

The gender and rural/urban wage gaps were decomposed for each of the four survey rounds,
twice over: once with the classical OLS meth§)8d, and once with the ML-augmented method,



using XGBoost predictions in place of OLS fitted values. The gap itself is reported in log
points; a gap of g means the higher-earning group earned roughly (e — 1) x 100 percent more.
The 2012/13 gender gap of 0.450 log points, for example, works out to men earning about 57
percent more than women that round.

For the gender gap, the raw gap ranged from 0.37 to 0.45 log points across the four rounds,
broadly consistent with the UN Women estimate of around 32 percent for Uganda [7], as
Table [£.4] shows.

Table 4.4: Gender wage gap decomposition by survey round

Round Gap (log points) OLS explained ML explained
2012/13 0.450 —-19.8% 52.0%
2016/17 0.388 —5.6% 14.4%
2019/20 0.446 —4.6% 20.9%
2023/24 0.372 5.5% 56.6%
All four rounds together 0.389 —4.1% 29.6%

Two decomposition methods were used, and they told different stories about what was driving
the gap. The classical OLS method found a negative explained share in three of the four
rounds. In plain terms, observable differences between men and women, such as education or
occupation, would on their own predict that women should earn more than men, so OLS pushed
the entire gap, and then some, into the unexplained part, as low as —19.8 percent explained in
2012/13. The ML-augmented method, run on the exact same data, attributed between 14 and
57 percent of the gap to observable characteristics instead. The reason is that XGBoost can
pick up patterns OLS cannot, such as education paying off differently depending on someone’s
occupation, and it credits those patterns to the explained part rather than dumping them into
the residual. This difference matters: how much of the gender gap looks ”explained” depends
on which method is used to measure it, not just on the data itself.

The last row of Table [£.4]is different from the four rows above it. It is not an average of those
four numbers. Instead, the decomposition was run once more, this time using all 9,728 men and
5,235 women from every round together in a single calculation, with survey round included as
a control so the model still knows which year each record came from. Across the whole study
period, taken together, education, occupation, and the other observed characteristics accounted
for about 30 percent of the gender wage gap under the ML method, and essentially none of it
under OLS.

For the rural /urban gap, the two methods agreed far more closely, as Table shows.
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Table 4.5: Rural/urban wage gap decomposition by survey round

Round Gap (log points) OLS explained ML explained
2012/13 0.799 51.1% 84.4%
2016/17 0.489 55.9% 68.2%
2019/20 0.559 49.4% 74.5%
2023/24 0.462 58.6% 82.6%
All four rounds together 0.520 51.7% 74.1%

The gap itself was large, ranging from 0.46 to 0.80 log points, and OLS already explained 49
to 59 percent of it through observable differences, while the ML-augmented method pushed
that up to 68 to 84 percent. Rural and urban workers differ substantially in what jobs they
hold, not only in what they are paid for similar jobs, so this gap is well explained by observable
characteristics under either method. As with the gender gap, the last row of Table is a
single calculation run on all 7,275 urban and 7,688 rural workers together, not an average of
the four rounds above it; together, those two groups add up to the full 14,963-person dataset
used throughout this chapter.

The gender gap was also split further by urban and rural residence, producing two more decom-
positions: the gender gap measured only among people living in urban areas, and the gender
gap measured only among people living in rural areas. The 2012/13 and 2019/20 estimates in
both needed round-pooling with an adjacent survey round to reach a stable sample size (see

Section [3.3.3]), shown as roundsUsed in the tables below.

Table 4.6: Gender wage gap among urban workers, by survey round

Round Gap (log points) OLS explained ML explained
2012/13" 0.534 14.7% 36.8%
2016/17 0.544 22.4% 33.9%
2019/20" 0.538 21.0% 31.6%
2023/24 0.398 9.0% 59.9%
All four rounds together 0.478 11.0% 40.4%

Table 4.7: Gender wage gap among rural workers, by survey round

Round Gap (log points) OLS explained ML explained
2012/13" 0.382 —7.0% 30.0%
2016/17 0.332 —11.7% 14.5%
2019/20" 0.390 ~8.7% 15.3%
2023/24 0.384 11.2% 59.0%
All four rounds together 0.388 0.5% 34.7%
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"2012/13 was pooled with 2016/17, and 2019/20 was pooled with 2016/17, to reach a stable
sample size.

Two patterns stand out from Tables[4.6land [£.7] First, OLS struggled with the rural gender gap
in much the same way it struggled with the gender gap overall. It found a negative explained
share in three of the four rural rounds, meaning that, going purely by observable characteristics,
women in rural areas should have been paid about the same as men or slightly more. OLS again
pushed almost the whole gap into the unexplained part. It did not have this problem in urban
areas, where the explained share stayed positive throughout. Second, the ML-explained share
was consistently higher among urban workers than rural ones for most of the period, though
the gap between the two narrowed sharply over time: in 2016/17 it was 33.9 percent explained
among urban workers against 14.5 percent among rural workers, and by 2023/24 the two had
converged almost completely, 59.9 percent urban against 59.0 percent rural. Run once on all
four rounds together, the same pattern holds at a smaller scale: 40.4 percent explained among
urban workers against 34.7 percent among rural workers over the whole period. Taken together,
this suggests that whatever kept the rural gender gap harder to explain in the earlier rounds
had mostly faded out by the most recent survey.

Every decomposition estimate in the round-by-round rows above came with a bootstrap con-
fidence interval, and the sample-sufficiency diagnostic confirmed that no cell fell below the
200-observation hard minimum even before round-pooling was applied, so the LASSO fallback
described in Section was available as a safeguard but was never actually needed. Only
the 2012/13 and 2019/20 estimates of the two gender-by-residence splits, four cells out of six-
teen in total, required pooling with an adjacent round to reach the 500-observation pooling
trigger.

Each of these confidence intervals was built from 200 stratified bootstrap replications, the
runtime-capped figure explained in Section [3.6] rather than the 1,000 the pipeline is configured
to target.

Taken together, these results are consistent with the broader pattern reported by Bonaccolto-
Topfer and Briel [9]: allowing for nonlinear interactions reclassifies part of what a linear model
calls unexplained as, in fact, explainable structure in the observable characteristics. Kagundu
and Pavlova [19] had put Uganda’s unexplained gender gap at 41 to 68 percent using linear
methods; the ML-augmented decomposition here reclassified a substantial part of that as ex-
plained, though a sizeable unexplained residual remained in every round. Whether that residual
reflects unequal treatment, unobserved ability, or something else cannot be settled by this de-
composition alone, and is left as an avenue for future research building on these outputs.

Three points follow from Tables [£.4] to [4.7, and they speak to Objective 3.

First, the two gaps are of different kinds. The rural/urban gap behaves as a composition
gap: both methods agree that most of it comes from rural and urban workers holding different
jobs with different schooling behind them. That is what the near fivefold difference in mean
consumption expenditure between Kampala and Karamoja reported by UBOS [6] would lead
one to expect, since a difference of that size is more plausibly about where the better-paying
work is located than about identical workers being paid differently in two places. The gender gap
does not behave that way under OLS, and this is a result about the method rather than about
Ugandan women. A negative explained share means that, judged only on the characteristics
the linear model can use, women in the sample should have been paid at least as much as men.
Taken at face value that is not credible. It is better read as the linear model failing to represent
the wage structure than as a statement about what workers bring to the labour market.

Second, the change when the functional form isl relaxed is large enough to alter the empirical



conclusion, not merely to refine it. The explained share of the pooled gender gap moves from
—4.1 percent to 29.6 percent on identical data. Bonaccolto-Topfer and Briel [9] reported the
same direction of movement on German data; the present results show the same direction on
Ugandan data but with a larger swing, which is what one would expect in a market where
returns differ more sharply between segments [19]. This is the point at which the premise
stated in Section is either supported or not, and it is supported.

Third, the shift does not dispose of the unexplained component. It remained the larger part
of the gender gap in three of the four rounds, and it was concentrated in rural areas until
2023/24. Kagundu and Pavlova [19] put Uganda’s unexplained urban gender gap at 41 to 68
percent using linear methods on 2002/03 data. The estimates here indicate that part of a figure
of that kind is functional form rather than substance, but they do not support the stronger
claim that the unexplained component is an artefact. What it contains cannot be settled by
this decomposition, and Section |5.4| returns to that question.

4.2.4 Subgroup Results Across Estimation Techniques

The decomposition was not run once on the full dataset. It was run on four subgroup splits,
each estimated twice, once with the classical linear method and once with the machine learning
augmented method, and each estimated separately for every survey round and once more on
all four rounds taken together. Tables [4.4] to [4.7] give the round-level detail. Table [£.§ brings
the pooled estimates together so that the two techniques can be compared across subgroups in
a single view.

Table 4.8: Explained share of each wage gap by subgroup and estimation technique, all four
rounds pooled

Subgroup split n (A / B) Gap (log pts) OLS explained ML explained
Gender (all workers) 9,728 / 5,235 0.389 —4.1% 29.6%
Urban vs rural (all) 7,275 / 7,688 0.520 51.7% 74.1%
Gender, urban workers only 4,455 / 2,820 0.478 11.0% 40.4%
Gender, rural workers only 5,273 / 2,415 0.388 0.5% 34.7%

Group A is men for the three gender splits and urban workers for the urban/rural split, so a positive gap
means men earned more, or urban workers earned more, than the comparison group. The two
gender-by-residence rows sum to the urban/rural row: 4,455 + 2,820 = 7,275 urban workers and
5,273 + 2,415 = 7,688 rural workers, together the full 14,963-record file. ML estimates use XGBoost, the
best-performing model in Table Explained shares are the round-pooled estimates, that is a single
decomposition run on all four rounds with survey round held as a control, and not an average of the four
round-level figures.

Two things stand out when the splits are read side by side rather than one at a time. The
technique makes little difference where a gap is driven by composition, and a large difference
where it is not. For the urban/rural split the two techniques sit about 22 percentage points
apart and agree on the direction and on the broad story. For the gender split they sit about 34
points apart and fall on opposite sides of zero, which is not a difference of degree. Within the
gender gap the pattern also depends on where the worker lives: the linear method returns a
usable positive explained share among urban workers, at 11.0 percent, but effectively nothing
among rural workers, at 0.5 percent, while the machine learning method returns 40.4 and 34.7
percent for the same two groups. The linear method’s difficulty is therefore concentrated in the
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subgroup where this study’s most policy-relevant finding sits, which is a reason to treat earlier
linear estimates of Uganda’s rural gender gap with particular caution.

One limit of this comparison should be stated rather than left for a reader to discover. The
two techniques compared within each subgroup are OLS and the best-performing tree ensem-
ble, not all four estimators from Table 4.2 LASSO was kept in the pipeline as a fallback
for any cell falling below the 200-observation minimum in Section [3.3.3, and since no cell
reached that threshold, no subgroup was estimated with LASSO. Random Forest was not run
through the full four-round, four-split, bootstrapped decomposition, because doing so would
have multiplied a runtime already constrained to 200 bootstrap replications in Section Sec-
tion sets out why substituting Random Forest for XGBoost would be unlikely to change
the picture materially, and a complete estimator-by-subgroup grid is recorded as a refinement
in Section
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Chapter 5

Discussion

5.1 Introduction

Chapter Four reported what the analysis found. This chapter asks what those findings mean.
It follows the three research questions in order: what pooling four rounds of UNHS data
made possible that no earlier Ugandan wage study could attempt, what the model comparison
and SHAP results say about how wages in Uganda are actually determined, and what the
decomposition results say about the gender and rural/urban gaps once the method is allowed
to bend. It then asks whether the central premise of this thesis held up, that ML-augmented
decomposition transfers from the high-income settings where it was first demonstrated to a data-
sparse developing-country survey, and closes by returning to the study’s own methodological
limits now that there are results to weigh them against.

5.2 Multi-Round Coverage, Subject to a Cross-Sectional
Limit

Research Question 1 asked how four rounds of UNHS microdata, each collected with its own
variable definitions, coding schemes, and classification systems, could be brought into one
dataset fit for multi-round wage analysis. The answer mattered for more than convenience.
Every existing Ugandan wage study reviewed in Chapter Two, Kagundu and Pavlova [19],
Sebaggala [20], and the UN Women report [7], worked with a single survey round. None of
them could say whether the gaps they measured were a snapshot of one particular year or a
stable feature of Uganda’s labour market. By building a single pooled dataset spanning 2012/13
to 2023/24, this study made it possible to ask a question the earlier literature simply could not:
not just how large the gap was, but whether it was narrowing, widening, or holding steady over
time.

Pooling the four rounds turned out to matter for a second, more direct reason as well: it
produced a more accurate model. The best model was retrained on progressively fewer rounds
and scored each time against the same untouched four-round test set, and Table shows what
that comparison found.
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Table 5.1: Pooling all four survey rounds versus training on fewer rounds (XGBoost, scored on
the full four-round test set)

Training rounds Train rows Test RMSE Test R?
2023/24 only 4,297 1.0020 0.286
2019/20 + 2023/24 5,726 0.9350 0.378
All four rounds (pooled) 10,473 0.9110 0.410

The model trained on 2023/24 alone did reasonably well on its own round, but its test R?
dropped to 0.286 once it was asked to predict wages from years it had never seen. Adding
2019/20 closed some of that gap, and using all four pooled rounds closed it further still, giving
both the lowest RMSE and the highest R? of the three. This supports the central premise
behind pooling the survey rounds from a second angle: a model trained on more years of data
learns wage relationships that hold up across different labour-market conditions, rather than
fitting the quirks of whichever round it happened to see. Twelve years of harmonisation work
bought both a longer view of the gap and a more accurate model for measuring it.

That answer comes with a genuine limit, and it is worth stating plainly rather than glossing
over. The four rounds are repeated cross-sections, not a panel: a different set of households
was sampled each time, as set out in Section [3.3.1.2] The pooled dataset can show that the
explained share of the gender gap was higher in 2023/24 than in 2016/17 or 2019/20, but it
cannot show that any specific person’s circumstances changed over that period. The temporal
story told in Chapter Four describes the composition of Uganda’s formal labour force at four
points in time; it is not a record of individual trajectories through it.

5.3 What Predicted Wages Best, and Why

Research Question 2 asked which model predicted wages best, and what SHAP revealed about
the drivers behind that prediction.

5.3.1 Nonlinearity, Not Algorithm Choice, Drove the Predictive
Gain

XGBoost won on every split of the data, but the margin over Random Forest was modest, a
test R? of 0.410 against 0.399, while the margin over the two linear models was larger, 0.354
for both OLS and LASSO. That pattern is informative in its own right: the real gain from
moving to machine learning came from allowing nonlinear relationships and interactions at all,
not from any one tree-based algorithm being substantially more capable than another. Once a
model was permitted to bend, education’s relationship with wages, and its interaction with age,
appeared in a form no linear specification could represent, and that pattern held consistently
across both tree-based models.

The R? figure also deserves to be read against the existing literature rather than cited only where
it flatters the model. Kagundu and Pavlova [19] reported OLS R? values of 43.6 percent for
urban males and 59.7 percent for urban females using the 2002/03 round. The pooled XGBoost
model here reached 41.0 percent, below both figures. The two are not directly comparable,
however. Kagundu and Pavlova modelled a single, relatively homogeneous subgroup, urban
residents split by sex, in one survey round, while this study pooled the entire working-age
formal labour force, urban and rural, across foig rounds spanning twelve years of considerable



economic change. A model fitted to a more heterogeneous population over a longer and more
turbulent period should be expected to explain a smaller share of the variance even when it
is given a more flexible functional form to work with, since the additional variation the model
must accommodate is real variation in the underlying population, not noise the model has
failed to capture. The lower ceiling observed here is therefore a property of the wider, pooled
population this study analysed, not evidence that the ML approach underperformed the earlier
OLS work on a comparable task.

5.3.2 Why Sex and Residence Ranked Low in the SHAP Results

The SHAP results complicate a natural assumption about which observable characteristics
ought to matter most for a wage-gap study specifically. Sex and rural/urban residence, the
two variables of direct interest to Research Question 3, ranked in the middle of the feature list
for XGBoost (Table , well behind education and, for the tree-based models, behind age.
This is not a contradiction. A feature can have a large main effect on the predicted wage level,
as education and age do, while still carrying most of the information relevant to a group gap
through how it is distributed differently across the two groups being compared, rather than
through the size of its own SHAP value. That distinction, between a feature’s importance
for predicting wages in general and its importance for explaining a gap between two specific
groups, is exactly what the Oaxaca—Blinder decomposition in Section is designed to isolate,
and the two sets of results should be read together rather than treated as competing rankings
of the same underlying quantity.

The subgroup attribution plots reported in Section bear this out directly. When the same
model is explained separately for female and male workers, sex rises from fifth position among
men to second among women, and its contribution sits almost entirely on the negative side of
the scale for the female subsample. The pooled ranking conceals this because it averages the two
groups together. The practical implication is that feature importance computed on a pooled
sample is the wrong diagnostic for a group-gap question, and the separate wage equations
estimated within the decomposition are not merely a technical convention but a response to a
difference the explainability results make visible.

The dependence plots in the same section serve a second purpose in this argument. The con-
cave age profile they recover, and the threshold shape of the education effect, are the specific
nonlinear structures that the linear specification cannot represent. They therefore supply the
mechanism behind the decomposition finding discussed in Section 5.4} the explanatory weight
that shifts from the unexplained to the explained component under the ML-augmented method
corresponds to structure that is visible in these plots and absent from a linear model by con-
struction.

5.3.3 Why XGBoost Rather Than Random Forest

The two tree ensembles performed almost identically, which raises a fair question: since Random
Forest is often described as the more interpretable of the two, why was XGBoost carried forward
into the explainability and decomposition work? Three points answer it, and a fourth states
what was not tested.

The first is that the selection rule was fixed before the models were compared. Section
states that the model carried forward would be the one with the lowest error on the held-out
test set. XGBoost was better on all three metrics and on all three splits: test RMSE of 0.9110
against 0.9194, test MAE of 0.6016 against 0.6059, and test R? of 0.410 against 0.399, with the
same ordering on training and on validation. The margin is small, but it is consistent rather
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than one metric turning one way and another the other way. Changing the rule after seeing
the results would have been the weaker choice, and it would have left the study open to the
charge that the reported model was selected to suit the conclusion.

The second is that in this pipeline the two models are equally interpretable, because the inter-
pretation does not come from the model. Random Forest’s reputation for transparency rests on
its being an average of decision trees, each of which can be read as a set of if-then rules. That
advantage is real for a single shallow tree. It does not survive an ensemble of several hundred
tuned trees, which no reader inspects rule by rule. Explainability in this study is supplied
by SHAP, computed with TreeExplainer, which returns exact attributions for Random Forest
and XGBoost alike and produces the same outputs for each: a ranking of average influence, a
signed global attribution, and dependence and subgroup plots. Section sets this out in
full. Judged on the criterion that actually delivered the interpretation in this study, the two
models are interchangeable.

The third is that the substantive conclusions do not depend on which of the two was selected.
Table[4.3|reports mean absolute SHAP values for all four models. Random Forest and XGBoost
agree on the feature that matters most, education, at 0.3216 and 0.3105. They agree in demoting
age squared, which both linear models ranked near the top and which falls to fifth for Random
Forest and last for XGBoost. They place occupation, sex, region, and industry within a narrow
band of one another. The conclusion drawn in Section that the predictive gain came
from allowing nonlinearity rather than from any particular algorithm, rests on precisely this
agreement. Had Random Forest been carried forward instead, the model comparison would
have named a different winner by 0.011 of R?, and the decomposition would have started from
predictions that differ little from the ones used here.

What cannot be said is that this reasoning was verified by re-running the full decomposition
under Random Forest. It was not. The argument above rests on the closeness of the two models’
test-set performance and on the agreement of their SHAP rankings, both of which are reported
in Chapter Four, rather than on a direct comparison of decomposition outputs. That check is
a small and inexpensive piece of further work, and it is recorded as such in Section [6.6.1

5.4 Divergent Findings for the Rural/Urban and Gender
Gaps

Research Question 3 asked how the explained and unexplained components of the gender and
rural /urban gaps changed across the four waves, and what the ML-augmented method revealed
that classical OLS did not. The two gaps told almost opposite stories, and each is worth
discussing on its own terms.

The rural/urban gap behaved the way a composition-driven gap should. OLS and the ML-
augmented method mostly agreed, 49 to 59 percent explained under OLS against 68 to 84
percent under XGBoost, and both methods agreed the gap itself is large, between 0.46 and
0.80 log points across the four rounds. Rural and urban workers in Uganda hold different
jobs, in different sectors, with different education profiles; the decomposition confirmed that
this compositional difference, rather than a difference in what the same job pays depending on
location, accounts for most of the raw gap. Run once on all four rounds together, the same
pattern holds: 51.7 percent explained under OLS and 74.1 percent under the ML-augmented
method. This is broadly consistent with the structural picture in the UNHS 2023/24 report
itself, which recorded a near-fivefold gap in mean consumption expenditure between Kampala
and Karamoja [6]. A gap of that size is far more plausibly a story about where the higher-
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paying jobs and sectors are physically located than about identical rural and urban workers
being paid differently for identical work.

The gender gap was a different case, and the more analytically significant one in this study.
Classical OLS found a negative explained share in three of the four rounds, as low as —19.8
percent in 2012/13, which taken literally would mean that women in the sample held, on
average, more of the characteristics OLS associates with higher pay than men did, so the entire
raw gap landed in the unexplained residual and then some. This is not a plausible economic
finding on its own terms, and it points to a specification problem rather than a substantive
result. OLS forces every characteristic’s return to follow a single straight line across the whole
sample. Where the true relationship bends, for instance if education pays off differently in
occupations where men and women are unevenly represented, OLS has no way to represent
that bend and pushes it into the unexplained term instead. The ML-augmented method, using
the exact same underlying data, attributed between 14 and 57 percent of the same gap to
observable characteristics; run once on all four rounds together, it attributed 29.6 percent,
against —4.1 percent for OLS. Nothing about the workers or their wages changed between
the two decompositions; only the functional form allowed for the returns did. This is the
clearest illustration in the whole study of why Bonaccolto-Topfer and Briel [9] argued that
ML-augmented decomposition reclassifies part of what a linear model calls unexplained as, in
fact, nonlinear structure in observable characteristics: here, it did so dramatically, reversing
the sign of the explained share entirely in three of four rounds.

Figure [5.1] sets the two series side by side across all four rounds, and the shape of the gap
between them is itself informative: it does not narrow steadily, but widens and narrows again,
tracking economic conditions in each round rather than moving in one direction. OLS and the
ML-augmented method are closest in the two middle rounds and furthest apart at the two ends
of the study period.
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Figure 5.1: Explained share of the gender wage gap, OLS versus ML-augmented method, by
survey round

A substantial unexplained residual remained in every round even under the ML-augmented
method, and most of it was concentrated in iélral areas. The urban/rural split of the gen-



der gap, reported in Section [£.2.3] showed the ML-explained share sitting far higher among
urban workers than rural ones for most of the study period, 33.9 percent urban against 14.5
percent rural in 2016/17, converging only by 2023/24. Chapter One’s discussion of Uganda’s
cultural and policy context offers a plausible reading of that pattern: kinship-based land and
inheritance norms, bride price practices, and patrilocal marriage customs bear most directly
on rural women’s economic mobility, and those norms are exactly the kind of thing no house-
hold survey variable captures directly. If that reading is correct, the large, persistent rural
unexplained residual is not a data limitation to be modelled away with additional features; it
may be measuring something real that falls outside what education, occupation, and sector can
represent.

None of this licenses calling the unexplained component discrimination outright. As Section [3.§]
already established, the residual mixes together ability, motivation, networks, measurement er-
ror, and possibly unequal treatment, and this decomposition has no way to separate those
out. What the ML-augmented method can responsibly claim is narrower, and for that reason
more defensible: a meaningful share of what earlier Ugandan studies using linear methods la-
belled unexplained, including Kagundu and Pavlova’s 41 to 68 percent estimate and Sebaggala’s
roughly 39 percent gap [20], was arguably an artefact of forcing a straight-line relationship onto
a wage structure that does not actually behave that way.

What the unexplained component is not. Nothing in this study identifies discrimination,
and no finding reported here should be presented as evidence of it. The decomposition separates
the part of a gap that tracks measured characteristics from the part that does not, and the
second part is a residual rather than a quantity with a single cause. A residual of a given size
is consistent with unequal pay for equal work. It is equally consistent with differences in hours
worked, job tenure, firm size, bargaining position, career interruption, or accuracy of reporting,
none of which the UNHS records in a form this study could use. Establishing discrimination
would require a design built for that purpose, such as a correspondence or audit study or a
credible natural experiment, and Section recommends exactly that for the rural gender
residual. Statements in this thesis about the gender gap are statements about measurement,
not about employer behaviour.

5.5 Transferability, Subject to a Data-Sparsity Cost

Chapter One’s justification for this study rested on a specific, testable premise: that ML-
augmented Oaxaca—Blinder decomposition, demonstrated previously in Germany and Switzer-
land, would transfer to a data-sparse, sub-Saharan African household survey context. The
results in Chapter Four support that premise, with a caveat worth stating plainly. The method
did transfer: XGBoost outperformed OLS on every split, and the ML-augmented decomposi-
tion told a materially different, and arguably more defensible, story about the gender gap than
the linear method did. The subgroup-sufficiency safeguards built into Section [3.3.3] the round-
pooling trigger, the 200-observation hard minimum, the LASSO fallback, were not a formality.
Four of the sixteen round-level decomposition cells, specifically the 2012/13 and 2019/20 esti-
mates for both the gender-within-urban and gender-within-rural splits, needed round-pooling
with an adjacent survey round to reach a stable sample size, and those same intersectional
splits carried noticeably wider bootstrap confidence intervals than the two primary splits taken
on their own. These are the cells in which the female subsample is smallest, as Section [3.3.4]
sets out. A data-sparse setting is data-sparse precisely where a study most wants to cut the
data finely, by gender, by region, and by sector at once, and that tension did not disappear
just because the headline method performed well.
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5.6 Chapter Summary

The harmonisation pipeline made a genuinely multi-round Uganda wage analysis possible for
the first time. Allowing for nonlinear relationships changed which model won, but it changed
the story of the gender gap far more: the explained share of that gap depended heavily on
whether the model was permitted to bend, a methodological finding with direct consequences
for how earlier single-round, OLS-based Ugandan wage studies should now be read. The ru-
ral/urban gap was large but well explained by observable differences under either method. The
unexplained share of the gender gap, though reduced by the ML-augmented method, did not
disappear, and remained concentrated in rural areas in a pattern consistent with, though not
proof of, the cultural and structural barriers described in Chapter One. Chapter Six turns
these points into specific recommendations for policy, for the research community, and revisits
the study’s own limitations in light of what was found.
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Chapter 6

Conclusion and Recommendations

6.1 Introduction

This chapter closes the thesis. It summarises what was found against each of the three specific
objectives set out in Chapter One, states what the research can and cannot claim to have
established, and turns the discussion in Chapter Five into concrete recommendations for policy,
for future work, and for the practice of multi-round survey work at UBOS itself.

6.2 Summary of Findings

Objective 1 was to pre-process and harmonise four rounds of UNHS microdata (2012/13 to
2023/24) into a single analysis-ready dataset. This was achieved in four stages. Each round was
extracted independently, then its own variable names and codes were mapped onto a common
schema. Occupation and industry codes were aggregated to ISCO and ISIC major groups, since
the detailed codes were not stable across rounds. A consistent completeness and age filter was
then applied before the rounds were pooled.

Three pre-processing decisions shaped the resulting dataset and are worth restating, because
each carries a consequence for how the findings should be read. First, records were kept only
where all four core variables, wage, sex, age, and education, were present, rather than imputing
missing values, on the reasoning that filling in a missing wage determinant would distort the
very wage structure the study set out to measure. Applying that rule together with the 14-64
age restriction reduced the pooled file from 17,025 wage reports to 14,963 records, a retention
rate of 87.9 percent. Second, wages reported below an assumed monthly floor were raised to
that floor rather than discarded, at UGX 1,000 for the first three rounds and UGX 1,500 for
2023/24, which compresses the lower tail of the wage distribution. Third, geographic codes that
could not be mapped onto a common frame, affecting a substantial share of the 2016/17 and
2019/20 rounds, were assigned an explicit Unknown category rather than triggering deletion,
since dropping on that basis would have removed most of both rounds; district-level identifiers
proved unusable for harmonisation and were excluded from the feature set entirely.

The result was a dataset of 14,963 formal paid workers drawn from four survey rounds that each
used different coding schemes for education, occupation, industry, and geography, accompanied
by a harmonisation log documenting every crosswalk and coding decision.

Objective 2 was to train and evaluate explainable machine learning models for predicting
monthly wages. XGBoost was the best-performing of the four models tested, reaching a test
R? of 0.410 against 0.399 for Random Forest5%nd 0.354 for both OLS and LASSO. Pooling



all four survey rounds measurably improved how well the model generalised compared with
training on one or two rounds alone, and SHAP analysis showed that education, followed by
age, sex, and occupation, drove most of the model’s predictions, with the tree-based models
picking up an age-education interaction that the linear models could not represent.

Objective 3 was to decompose the gender and rural/urban wage gaps using ML-augmented
Oaxaca—Blinder techniques across the four survey waves. The rural/urban gap was large (0.46—
0.80 log points) and well explained by observable characteristics under both classical and ML-
augmented methods (49-59 percent under OLS, 68-84 percent under XGBoost). The gender
gap told a sharper story: classical OLS found a negative explained share in three of the four
rounds, while the ML-augmented method, applied to the exact same data, attributed 14 to 57
percent of the gap to observable characteristics. The gender gap’s unexplained share remained
substantial throughout, and was markedly harder to explain in rural areas than urban ones
until the two converged by 2023/24.

6.3 Conclusions

The general objective of this research was to leverage machine learning approaches for mod-
elling, decomposing, and interpreting wage disparities across gender and spatial groups in
Uganda, using integrated multi-round survey data and explainable artificial intelligence tech-
niques. That objective was met. The research built a multi-round, ML-augmented wage decom-
position for Uganda, extending a method previously demonstrated in Germany and Switzerland
to a sub-Saharan African setting, and showed, concretely, that the conclusions a researcher
draws about Uganda’s gender wage gap depend heavily on whether the model estimating that
gap is allowed to represent nonlinear relationships. That last point is this research’s central
finding: it is not simply that XGBoost predicted wages more accurately than OLS, but that
the two methods, applied to identical data, produced decomposition results different enough to
change the empirical conclusion about how much of the gender gap is explained by observable
characteristics at all.

Consistent with the distinction drawn in Section this is a contribution to data science
methodology rather than to social science theory: it demonstrates a better way to measure a
wage gap, not a new account of why that gap exists. The research did not identify the causal
mechanisms behind Uganda’s wage gaps, and the unexplained share of the gender gap is not
read here as a measure of discrimination. What it delivered instead was a better measurement
tool, one that showed a substantial part of what earlier linear-method studies attributed to dis-
crimination or unmeasured factors is better read as nonlinear structure in ordinary, observable
characteristics. Whether the residual that remains after that reclassification reflects unequal
treatment, unmeasured ability, or something else again is a question for the causal research
recommended in Section not one this decomposition can answer on its own.

What the unexplained component is not. Nothing in this research identifies discrimina-
tion, and no finding reported here should be presented as evidence of it. The decomposition
separates the part of a gap that tracks measured characteristics from the part that does not,
and the second part is a residual rather than a quantity with a single cause. A residual of a
given size is consistent with unequal pay for equal work. It is equally consistent with differences
in hours worked, job tenure, firm size, bargaining position, career interruption, or accuracy of
reporting, none of which the UNHS records in a form this research could use. Establishing
discrimination would require a design built for that purpose, such as a correspondence or audit
study or a credible natural experiment, and Section recommends exactly that for the
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rural gender residual. Statements in this thesis about the gender gap are statements about
measurement, not about employer behaviour.

Uganda’s gender and rural /urban wage gaps are real, large, and, by the evidence gathered here,
only partly a matter of who holds which job. Allowing the analysis to bend where the data
actually bends changed how much of the gender gap could be called explained at all, a result
that should give pause to any future Uganda wage study that reaches for a linear model by
default. The rural residual that persisted throughout this research, largest exactly where the
cultural and structural barriers described in Chapter One would predict it, is the clearest signal
in this thesis of where the next piece of research needs to look.

6.4 Limitations

Section [3.8set out the study’s methodological constraints before the results were known. Three
of those constraints deserved a second look once the results were in, because of what the study
actually found.

The first was the formal-employment restriction, and it cut differently for the two gaps this
study measured. Women were disproportionately concentrated in the unpaid, subsistence,
and informal work this study excluded, so the gender gap reported here, already large and only
partly explained, almost certainly understated the true gender gap in economic outcomes across
the whole population. The rural/urban gap was less affected by this restriction, since both
excluded and included categories existed in both areas. It was not unaffected either: informal
and subsistence work was itself more common in rural areas, so the rural/urban gap measured
among formal workers may understate the true gap between rural and urban livelihoods more
broadly.

The second was the trade-off between subgroup detail and time resolution, flagged as a general
risk in Chapter Three, which turned out to matter most exactly where the results were most
interesting: the gender-by-residence intersection. This is also where the female subsample is
smallest, as Section records. The cells that needed round-pooling were the ones showing
the clearest and most policy-relevant pattern, a large, converging urban/rural gap in how well
the gender gap could be explained, and pooling adjacent rounds to reach a stable sample size
necessarily smoothed over whatever happened within that pooled window. The finding that
urban and rural gender gaps converged by 2023/24 should be read as a real pattern, but a
coarser one than the round-by-round gender and rural /urban results reported separately.

The third was a consequence of the data structure itself rather than of any choice made during
analysis. The four UNHS rounds are repeated cross-sections, not a panel: a different set of
households was sampled each time. The pooled dataset could show that the explained share
of the gender gap was higher in 2023/24 than in 2016/17 or 2019/20, but it could not show
that any specific person’s circumstances changed over that period. The temporal story this
study told is a story about the composition of Uganda’s formal labour force at four points in
time, not about individual trajectories through it, and the two should not be conflated when
the findings are applied.
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6.5 Recommendations

6.5.1 For Policy and Practice

The Equal Opportunities Commission and the institutions responsible for monitoring the Em-
ployment Act 2006 and the National Gender Policy would gain most from the finding that the
rural gender gap was harder to explain by observable characteristics than the urban one for
most of the study period. That pattern points enforcement and monitoring attention toward
rural labour markets specifically, rather than treating the national gender gap as a single, uni-
form target. The persistence of a large unexplained gender-gap residual in every round, even
after the ML-augmented reclassification, also supports continuing to treat wage-gap monitoring
as an ongoing exercise under the Third National Development Plan rather than a problem that
recent progress has resolved. That residual should be read as a signal of where measurement
is currently weakest and where further investigation is warranted, and not as a quantity of
discrimination to be reported.

6.5.2 For Survey Practice at UBOS

Building the harmonisation pipeline surfaced practical friction that is worth recording for any-
one extending this work with future survey rounds. Occupation and industry coding changed
enough between rounds, ISIC Rev. 3.1 to Rev. 4, and shifting ISCO detail, that a full-time cross-
walking effort was needed before any modelling could begin, and geographic identifiers below
the four-region level were not consistently comparable across rounds because of repeated dis-
trict boundary changes. Maintaining a single, versioned crosswalk table across survey rounds,
and preserving a stable sub-national geographic identifier alongside whatever administrative
boundary is current at the time of each round, would substantially reduce the harmonisa-
tion burden facing the next researcher who wants to build a multi-round dataset from UNHS
microdata.

6.6 Future Work

6.6.1 Directions for Further Research

Three limitations set out in Section point directly to what would strengthen this line
of work next. First, because the decomposition here cannot distinguish discrimination from
unobserved ability, networks, or omitted variables, a natural next step is a study designed for
causal identification, an audit study or a natural experiment, aimed specifically at the rural
gender-gap residual this study could not explain. Second, because this study worked with
repeated cross-sections, a genuine panel, even a smaller matched sample tracking the same
households across two or three rounds, would make it possible to ask whether individual wages
moved the way the aggregate composition suggests, rather than inferring individual dynamics
from population-level trends. Third, the formal-employment restriction used here excludes the
subsistence, informal, and unpaid work in which women are disproportionately concentrated.
Extending this framework to informal earnings, where a continuous wage variable is harder to
define but not impossible to construct, would give a fuller picture of the true gender gap in
economic outcomes, rather than the gap conditional on formal employment reported here.

Fourth, the decomposition reported here was estimated with one nonlinear model. Re-running
the full four-round, four-split decomposition under Random Forest as well as XGBoost would
establish directly, rather than by inference from test-set performance and SHAP agreement,
how far the decomposition results depend on the choice of tree ensemble. The same applies
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to a complete estimator-by-subgroup grid covering all four models. Neither requires new data,
and both would place the argument made in Section [5.3.3] on a firmer footing.

Fifth, the bootstrap confidence intervals reported in Chapter Four rest on 200 stratified repli-
cations rather than the 1,000 the pipeline is configured to target, a trade-off made to keep the
full multi-subgroup run tractable. Re-running at 1,000 replications would tighten the reported
intervals, particularly for the intersectional cells where the female subsample is smallest.

6.6.2 Further Applications of the Framework

Beyond further research, the outputs of this study open up several downstream applications that
sit outside the scope of the thesis itself. The SHAP decompositions point to which observable
characteristics, and in which sectors and regions, contribute most to the wage gap. Follow-up
work could turn these findings into an empirical basis for targeting enforcement and monitoring
under the Employment Act 2006, giving the Equal Opportunities Commission an evidence base
more granular than the national headline figure. The temporal decomposition across the four
waves showed whether Uganda’s wage gaps narrowed over the study period, and later work
could line these trends up against Third National Development Plan targets for reducing gender
disparities in labour force participation and earnings, giving national development monitoring a
concrete baseline to track against. Finally, this study worked at the national level using survey
data, but the SHAP-based decomposition can, in principle, be applied to firm-level payroll
data; employers or HR auditors could adapt the pipeline to spot within-organisation pay gaps
that need a closer look. These directions are noted here to place the framework within its wider
potential uses, but they are not deliverables of this thesis.

6.7 Contribution to Knowledge

This study contributed a measurement method rather than a new explanation of Uganda’s
wage gaps. It does not account for why those gaps exist; it establishes a more accurate way
of determining how much of them observable characteristics can account for. Three specific
contributions follow from that.

The first is methodological. The study demonstrated that ML-augmented, SHAP-explained
Oaxaca—Blinder decomposition is viable in a data-sparse, developing-country household survey
setting, provided the sample-sufficiency safeguards set out in Section [3.3.3] are built in from
the start. Previous demonstrations of the method had been confined to high-income countries
with larger and more complete datasets, so its performance under these conditions had not
previously been established.

The second is empirical. The study produced a novel multi-round account of how Uganda’s
gender and rural/urban wage gaps, and their explained and unexplained components, moved
across twelve years and four survey rounds. No previous Ugandan wage study had covered
more than a single survey round, so no comparable account of change over time existed.

The third is practical. The study documented a reusable analytical pipeline running from raw
UNHS microdata through harmonisation, model training, SHAP explainability, and decompo-
sition. Other researchers can adapt this pipeline to other countries, other survey programmes,
or other dimensions of labour market inequality, and the harmonisation decisions it records
are the ones most likely to otherwise remain undocumented in a cleaning script. The pipeline
is reported here as a research output, and not as a designed artefact under a design science
framework; the reasons for that distinction are given in Section
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Appendix A

Research Project Timelines

The research was managed across four phases over three months from May to end of July 2026.
Each phase builds on the outputs of the preceding phase, creating a sequential pipeline from
raw data to final dissertation.

Phase 1: Data Acquisition and ETL Harmonisation (May 2026)

# Task Deliverable Duration

1.1 Acquire four UNHS Final datasets Week 1
microdata rounds from rounds)
UBOS

1.2 Variable inventory and Harmonisation log Week 1-2
mapping across rounds

1.3 Schema alignment, edu- Standardised Week 2-3
cation/ISIC/ISCO cross- datasets
walking

1.4 Sample restriction, Pooled analysis-ready Week 3-4
complete-case filtering, dataset
minimum-wage flooring

1.5 Retention and coverage Harmonisation quality Week 4

checks across rounds

log

Dependencies: Tasks 1.2-1.5 depend on successful data acquisition (1.1).
Phase deliverable: Harmonised pooled dataset with documented harmonisation log (Objec-
tive 1).
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Phase 2: Model Development and Explainability (June 2026)

# Task Deliverable Duration

2.1 Feature engineering and Final feature matrix =~ Week 5
encoding

2.2 Train/validation/test Training, validation, Week 5
split  (70/15/15, strat- and test sets
ified by round and
sex)

2.3 OLS and LASSO base- Baseline performance Week 5
line models metrics

2.4 Random Forest and XG- Tuned ML models Week 5-7
Boost with Optuna tun-
ing

2.5 Model comparison across Performance compari- Week 7
rounds son table

2.6 SHAP global, subgroup, SHAP plots and rank- Week 7-8

and temporal analysis

ings

Dependencies: All Phase 2 tasks depend on the pooled dataset from Phase 1 (Task 1.4).
Tasks 2.4-2.6 depend on baseline results (2.3) for comparison.
Phase deliverable: Trained models with comparative metrics and SHAP-based feature im-

portance analysis (Objective 2).

Phase 3: Wage Gap Decomposition and Temporal Analysis (Late

June — Early July 2026)

# Task Deliverable Duration

3.1 Classical OLS Oaxaca— OLS  decomposition Week 8
Blinder decomposition results

3.2 ML-augmented decom- Gender gap decompo- Week 8-9
position (gender gap, 4 sition
rounds)

3.3 ML-augmented decom- Spatial gap decompo- Week 9
position  (urban-rural sition
gap, 4 rounds)

3.4 Temporal trend Trend charts and ta- Week 9-10
analysis of ex- Dbles
plained /unexplained
shares

3.5 Robustness checks (refer- Sensitivity results Week 10

ence group, model, sam-
ple)

Dependencies: All Phase 3 tasks depend on the best-performing model from Phase 2 (Task 2.5).
Task 3.4 depends on completion of both gender (3.2) and spatial (3.3) decompositions.

Phase deliverable: Decomposed wage gaps across four waves with temporal tracking and
robustness analysis (Objective 3).
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Phase 4: Final Thesis Writing and Submission (July 2026)

# Task Deliverable Duration

4.1 Draft Chapters 4 and 5 Draft chapters Week 10-11
(Results and Discussion)

4.2 Draft Chapter 6 (Conclu- Draft chapter Week 11
sions and Recommenda-
tions)

4.3 Compile full dissertation Complete draft Week 12
and internal review

4.4 Supervisor review and re- Revised dissertation Week 12-13
visions

4.5 Final submission Bound copies + soft Week 13

copy

Dependencies: Phase 4 depends on completion of all analytical outputs from Phases 1-3.
Phase deliverable: Final dissertation submitted for examination.

Gantt Chart

Table A.1: Project Gantt Chart: May — July 2026 (13 weeks)
May June July
1]2]3]afs]e]7[s][o]o]n]12]13
’ Phase 1: Data & ETL (Objective 1)
1.1 Data acquisition °

1.2-1.3 Inventory + | e | e | e
schema alignment
1.4-1.5 Cleaning, QA oo
Phase 2: Models & SHAP (Objective 2)

2.1-2.3 Features + base- °
lines

2.4 RF + XGBoost tun- o | o | o
ing

2.5-2.6 Comparison + o | e
SHAP
Phase 3: Decomposition (Objective 3)
3.1-3.3 OB decomposi- o | o
tion
3.4-3.5 Trends + robust- o | o
ness
Phase 4: Report Writing
4.1-4.2 Draft chapters e | o
4.3-4.5 Review + submit o | o

e — active task period. Columns represent weeks 1-13 (May—July 2026). Each phase depends
on the deliverables of the preceding phase.
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Appendix B

Declaration of AI Use

Declaration Statement:

I, BOB ROBERT TUMUSHIIME, declare that I used the following Al tools during the prepa-
ration of this proposal:

i. Claude (claude.ai) was used to assist with:

e Formatting and structuring the KTEX document, including table of contents layout,
page alignment, and appendix organisation.

e Drafting and refining academic prose in selected sections, which I then reviewed,
revised, and rewritten in my own words to reflect my own understanding.

e Checking consistency of variable names, dataset references, and citation keys across
chapters.

e Generating initial outlines for the methodology and expected results chapters, which
I restructured and rewrote based on my own research design decisions.

Representative prompts included:
(a) “help me fix the table of contents formatting in my LaTeX proposal”

(b) “help me structure the methodology chapter for my wage gap study”

)
(¢) “check if my dataset references are consistent across chapters”
)

(d) “help me organise the expected results around my three objectives”

In every case, the Al-generated output served as a starting point rather than a finished product.
I reviewed each output against the primary sources (UNHS reports, journal articles, UBOS pub-
lications), corrected inaccuracies, rewrote passages in my own voice, and made all substantive
decisions including the choice of research design, analytical methods, data sources, and variable
selection independently. The AI tool was treated as a drafting and formatting assistant in line
with UCU’s Ethical Generative Al Usage policy, not as a replacement for critical thinking or
original analysis.

Signature: @ ‘ I Date: 14" September 2026

63



Appendix C

List of 10 Major Journal Publications
Reviewed

Table C.1: Major Publications Reviewed

# Author(s) & Year Journal/Source Type Relevance IF
ILO (2022) Global Wage Re- Report Inflation -
port 2022-23 and real
wages
globally
Kagundu & Pavlova Working Paper Working Gender -
(2007) 07-26,  Andrew paper wage  gap
Young School of in Uganda
Policy  Studies, using OLS
Georgia State decomposi-
University tion
Sebaggala (2007) EPRC  Research Report Wage dif- -
Series No. 50 ferentials in
Uganda’s
labour
market
Oaxaca (1973) Int. Econ. Re- Journal  Original 2.1
view, 14(3) wage
decom-
position
method
Mincer (1974) Schooling, Expe- Book Human -
rience, Farnings capital
earnings
function
Bonaccolto-Topfer &  Labour Eco- Journal  ML- 2.8
Briel (2022) nomics, 78 augmented
Oaxaca—
Blinder
decomposi-
tion
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# Author(s) & Year Journal/Source Type Relevance IF

7 Lundberg &  Lee NeurIPS, 30 Conference SHAP -
(2017) framework
for model
explainabil-
ity
8 Chen & Guestrin KDD, ACM Conference XGBoost -
(2016) gradient
boosting
algorithm

9  Cengiz et al. (2022) J.  Labor Eco- Journal ML meth- 5.2
nomics, 40(S1) ods applied
to wage
analysis

10  UBOS (2025) UNHS  2023/2/ Report Primary -
Report data source
for this
study

Type key: Journal = peer-reviewed journal article; Conference = peer-reviewed conference
proceedings; Report = institutional report; Working paper = unrefereed institutional working
paper; Book = published monograph. IF = approximate 2024 Impact Factor where available;
working papers, reports, books, and conference proceedings do not carry one.
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Appendix D

Research Alignment with Programme,
National, and Global Agenda

D.1 Alignment with MSc Data Science and Analytics
Programme

This research draws on nearly every core area of the MSc Data Science and Analytics pro-
gramme at Uganda Christian University. The data engineering work harmonising four rounds
of household survey microdata that use different occupation codes, industry classifications, and
geographic boundaries is the kind of messy, real-world data wrangling that the programme
trains students to handle. The modelling component exercises supervised machine learning
(Random Forest, XGBoost) and model evaluation skills, while the SHAP analysis puts into
practice the programme’s emphasis on interpretable and explainable Al.

What makes this project a good fit for a data science thesis rather than a pure economics
thesis is the methodological contribution. The Oaxaca—Blinder decomposition is a well-known
econometric tool, but swapping in ML predictions for OLS fitted values is a relatively new idea
that sits at the intersection of machine learning and labour economics. Building that bridge,
by taking a classical method and extending it with modern ML techniques, is exactly the sort
of cross-disciplinary work the programme is designed to encourage.

On a practical level, the study also involved working with data that arrives with gaps, in-
consistent coding, and classification changes between rounds. Cleaning and harmonising that
data was not a preliminary chore before the real work began. It is a substantial part of the
data science contribution itself, and one that future researchers will benefit from through the
documented harmonisation log.

D.2 Alignment with National Development Agenda

D.2.1 National Development Plan IV (NDP IV)

Uganda’s Fourth National Development Plan puts human capital development, inclusive eco-
nomic growth, and income inequality reduction among its top priorities. This study speaks to
the human capital pillar directly. It produces figures on what drives wage differences between
men and women, and between urban and rural workers, two groups that NDP IV’s equity and
social inclusion framework singles out for policy attention.
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The decomposition results showed, in concrete terms, how much of the observed wage gap traced
back to measurable characteristics such as education and sector of employment, and how much
sat in the unexplained residual. That distinction has real policy implications. Where most
of the gap is explained, investment in education and skills training is the indicated response.
Where a large unexplained portion persists, the drivers lie outside what the survey measures,
and identifying them would require research designed for causal inference rather than a further
decomposition.

D.2.2 Uganda Vision 2040

Vision 2040 lays out a path toward a middle-income economy with a competitive labour market,
less gender inequality, and better rural livelihoods. All three of those goals connect to what
this study examined. By establishing which factors, among education, occupation, sector, and
location, account for the largest shares of the gender and spatial wage gaps, the research can
point policymakers toward the levers most likely to make a difference.

The temporal dimension adds something that most existing Ugandan wage studies lack. With
four rounds of data stretching from 2012/13 to 2023 /24, the study can examine whether Uganda
has been making progress toward Vision 2040’s targets for inclusive growth, or whether the gaps
have stayed in place across twelve years of economic change.

D.3 Alignment with Global Development Agenda

D.3.1 Sustainable Development Goals (SDGs)

SDG 8 — Decent Work and Economic Growth. Target 8.5 calls for equal pay for work
of equal value by 2030. This study measures the wage gaps that stand between Uganda and
that target and breaks them down into their component parts. That kind of granular evidence
is what policymakers need if they are going to design interventions that work on the specific
drivers, rather than broad programmes aimed at inequality in general.

SDG 5 — Gender Equality. The gender wage gap decomposition addresses a specific
question: how much of the gap follows from women holding different qualifications and working
in different sectors, and how much does not. A large unexplained component shows that
observed characteristics do not account for the gap. It does not identify the cause. Unequal
treatment is one of several possibilities, alongside differences in hours worked, job tenure, firm
size, and reporting accuracy, and separating them would require further research designed for
causal inference. On that understanding, the decomposition contributes to the evidence base
behind SDG 5’s goal of ending wage discrimination against women, without itself measuring
discrimination.

SDG 10 — Reduced Inequalities. The urban—rural wage gap analysis documents spatial
income disparities within Uganda and identifies the observable factors behind them. Rural
workers are not simply paid less; the question is which characteristics account for the difference,
and whether those reasons changed over the twelve years covered. The answers feed into the
evidence base that SDG 10 requires for designing policies to narrow the gap between rural and
urban populations.

D.3.2 African Union Agenda 2063

Agenda 2063 envisions a prosperous continent built on inclusive growth, gender parity, and
productive employment for young people. Thi%situdy contributes to Aspiration 1 (a prosperous



Africa based on inclusive growth) and Aspiration 6 (people-driven development) by generating
the kind of detailed, country-level wage inequality evidence that continent-wide policy frame-
works often lack.

Although the data comes from Uganda, the method itself is not Uganda-specific. ML-augmented
Oaxaca—Blinder decomposition can be applied wherever nationally representative household
survey data exist, and thanks to the World Bank’s LSMS programme, that covers most of
Sub-Saharan Africa. Since the approach held up here, it offers a template that researchers in
neighbouring countries could pick up and adapt with relatively little modification.
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Appendix E

Research Poster Layout
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Research Ethics Committee (REC)
Approval

The signed approval issued by the Uganda Christian University Research Ethics Committee is
reproduced below.

UGANDA CHRISTIAN
UNIVERSITY

11/07/2026
To: BOBROBERT TUMUSHIIME
UGANDACHRISTIANUNIVERSITY

Review Type: Initial Review

Re:UCUREC-2026-822: Machine Learning-Augmented Wage Gap Decomposition and Explainability:
Evidence from Uganda National Household Surveys

I am pleased to inform you that the Uganda Christian University REC, through expedited review held on
02/07/2026 approved the above referenced study.
Approval of the research is for the period of 11/07/2026 to 11/07/2027.

As Principal Investigator of the research, you are responsible for fulfilling the following requirements of approval:

1. All co-investigators must be kept informed of the status of the research.
2. Changes, amendments, and addenda to the protocol or the consent form must be submitted to the REC for re-

review and approval prior to the activation of the changes.
3. Reports of unanticipated problems involving risks to participants or any new information which could

change the risk benefit: ratio must be submitted to the REC.
4. Only approved consent forms are to be used in the enrollment of participants. All consent forms signed by

Figure F.1: Research Ethics Committee approval, page 1.

70



participants and/or witnesses should be retained on file. The REC may conduct audits of all study records,
and consent documentation may be part of such audits.

5. Continuing review application must be submitted to the REC eight weeks prior to the expiration date of
11/07/2027 in order to continue the study beyond the approved period. Failure to submit a continuing
review application in a timely fashion may result in suspension or termination of the study.

6. The REC application number assigned to the research should be cited in any correspondence with the REC
of record.

7. You are required to register the research protocol with the Uganda National Council for Science and
Technology (UNCST) for final clearance to undertake the study in Uganda.

The following is the list of all documents approved in this application by Uganda Christian University REC:

No. |Document Title Language Version Number | Version Date
1 Protocol English June 2026 2026-06-06
2 Data collection tools English 2026 2026-06-01
3 Main Consent forms English 2026 2026-06-01

Yours sincerely,

Edward Mukooza Kibikyo
For: Uganda Christian University REC

Figure F.2: Research Ethics Committee approval, page 2.
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Appendix G

Data Collection Tools

This study relied entirely on secondary data sources. No primary data collection instruments
(questionnaires, interview guides, observation checklists) were developed or used. All microdata
were obtained from the Uganda Bureau of Statistics (UBOS) through a formal written request
to the UBOS Data Archive.

Table G.1: Secondary Data Sources Obtained from UBOS

Dataset Description Source Access Mode
UNHS Labour force module, earnings, and demo- UBOS Formal  written
2012/13 graphic variables request

UNHS Labour force module, earnings, and demo- UBOS Formal  written
2016/17 graphic variables request

UNHS Labour force module, earnings, and demo- UBOS Formal  written
2019/20 graphic variables request

UNHS Labour force module, earnings, and demo- UBOS Formal  written
2023/24 graphic variables request

Data Access Procedure

All microdata was obtained from Uganda Bureau of Statistics through a formal written ap-
plication stating the research purpose, intended use, variables of interest, and institutional
affiliation (Uganda Christian University, MSc Data Science and Analytics programme). The
data was used solely for academic research and was not shared with third parties. All datasets
received from UBOS were already anonymized and did not contain any personally identifiable
information.
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Appendix H

Student—Supervisor
Meeting /Supervision Plan

Thesis: ML-Augmented Wage Gap Decomposition and Fxplainability: Evidence from Uganda
National Household Surveys

1. Particulars

Student name Bob Robert Tumushiime
Programme MSc in Data Science and Analytics
Registration No. J25M19/009

Student No. B31332

Institution Uganda Christian University (UCU)
Supervisor name Dr Kakuba Samuel

Department / Faculty College of Engineering and Computing
Academic year 2025,/2026

2. Purpose of the supervision plan

This plan set out the agreed arrangements for regular supervision between the student and
supervisor throughout the thesis. It established a weekly meeting rhythm, defines the respon-
sibilities of each party, and maps meetings to clear milestones and deliverables so that progress
can be monitored and any difficulties addressed early. The plan was a working agreement and
was revised by mutual consent as the research progressed.
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3. Meeting arrangements

Frequency Once per week (weekly), with additional ad-hoc sessions by
arrangement when needed

Proposed day & time Every Friday, 8:00-9:00 PM

Duration 45-60 minutes

Mode virtual via Zoom and Google Meet

Location / Platform meeting link

Review of work Drafts and deliverables submitted at least 2 working days be-

fore each meeting

4. Roles and responsibilities

Student responsibilities

e Prepared and circulated a brief agenda 24-48 hours before each meeting.

Submitted drafts and deliverables at least 2 working days ahead for review.

Took and shared meeting minutes / action points within 24 hours.

Maintained the supervision log and progress tracker.

Came prepared with specific questions, results, and blockers.

Completed agreed action items before the next meeting.
Supervisor responsibilities

e Provided timely, constructive feedback on submitted work.

Guided on methodology, scope, and academic standards.

Advised on data access, tools, and relevant literature.

Monitored progress against milestones and flag risks early.

Approved key deliverables and readiness for submission / defense.

Supported with departmental and administrative requirements.

5. Ensured effective Communication between meetings

Primary channel Email — tumbobs@gmail.com / sirkaks2@gmail.com
Expected response time Within 2 working days
Document sharing via Email

Urgent matters Phone / WhatsApp by prior agreement
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