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ABSTRACT

The Uganda judicial system is faced with a persistent and rising backlog of cases, whereby 26.32%

of cases have remained pending for more than two years, negatively impacting access to justice

and socio-economic development. Current systems such as the Electronic Court Case Management

Information System (ECCMIS) can only make use of descriptive reporting techniques, thus imple-

menting a reactive administrative paradigm. This research bridges the critical gap in the area of

predictive capability through developing an explainable machine learning model to preemptively pre-

dict the backlog risk of cases. Adopting the Design Science Research method, the research adopted

a quantitative experimental design. Making use of secondary data from the National Court Case

Census (2025), the research included substantial data pre-processing, feature engineering, and com-

paring various machine learning classifiers including Logistic Regression, Random Forest, Gradient

Boosting, and K-Nearest Neighbors to carry out binary classification task of backlog prediction.

The best performing classifier was Random Forest with an ROC AUC of 0.885 and F1 Score of

0.698, significantly outperforming other classifiers. The explainable AI (XAI) analysis indicated that

Claim/offence (case complexity), Court name (institutional capacity), and case status (procedural

stage) were the most predictive features. This further confirms the hypothesis that backlog risk

is essentially due to the legal and institutional dynamics rather than merely time dynamics. The

analysis succeeded in developing an empirical predictive model that proved the potency of ensemble

models such as Random Forest in capturing the complex non-linear dynamics of judicial backlog in

Uganda. The results allow shifting from reactive to proactive case management strategy. This thesis

ends up with some practical recommendations regarding the implementation of a predictive warning

system, dynamic resource planning, and targeted procedural reform.

Keywords: Predictive Analytics, Case Backlog, Machine Learning, Explainable AI (XAI), Judiciary,

Uganda, Random Forest, Judicial Administration, Design Science Research.
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Chapter 1

INTRODUCTION

1.1 STATEMENT OF THE PROBLEM

There is no adequate predictive analysis capacity in the judicial process of Uganda in terms of case

flow management. By June 30th 2025, 26.32% of cases were still pending for two years or more

(Judiciary of Uganda, 2025). This situation led to lack of justice in time and unnecessary costs

incurred by the litigants and the economy of the country. Despite the implementation of ECCMIS,

there was inadequate analytical capacity of the system and hence it needed reactive strategy for

allocating resources (Kakooza, 2023). This inadequacy brought about inefficiency in judges and

court allocation and pending cases in certain circuits (Judiciary of Uganda, 2024).

While past trends were insufficient on their own in capturing the complex, non-linear causes of delay

(Sourdin, 2021), reactive administration was incapable of not only predicting where the backlog

will form but also directing limited judicial resources where they are most needed. However, while

the relatively new field of predictive legal analytics is preoccupied mainly with reporting and has

mainly studied developed jurisdictions (mbondenyi2022), there has been an absence of interpretable

machine learning models of backlog in the judiciary of a developing country (mbondenyi2022).

Thus, the practical problem arose of the lack of a forecasting model that could be used by the

judiciary, and the theoretical problem emerged of the scarcity of studies in the area of explainable

court administration. Solving these problems required an interpretable data-driven predictive model

able to forecast case-level backlog risk.

1.2 RESEARCH OBJECTIVES

In general, the aim of this study was to build and validate an interpretable machine learning model

for predicting case backlog risk in the judiciary of Uganda. The specific aims were:

1. Preparing a modelling feature set from the National Court Case Census (2025) dataset through

1



data cleaning, feature engineering, and encoding in the data preparation stage of the study.

2. Building machine learning models that can classify cases as backlogged or non-backlogged from

the prepared features in the model development stage.

3. Evaluating and comparing the relevant models through predefined classification metrics (ac-

curacy, F1 score, ROC AUC, and PR AUC) and selecting the best performing model in the

model evaluation stage.

4. Identifying and quantifying the key drivers of backlog risk by applying feature importance and

Explainable AI (SHAP) techniques to the best performing model in the interpretation stage.

5. Formulating evidence-based policy and resource allocation recommendations from the results

of the model by the end of the study..

1.3 RESEARCH QUESTIONS

The research questions informing this research were the following; all focused on the final task of

prediction:

1. What were the strongest predictive factors from the National Court Case Census data of a

case’s likelihood to become backlogged?

2. Which machine learning model had the highest performing prediction of the risk of case backlog?

3. On the basis of the best model’s explanations, what were the strongest influences on backlog

risk, and what was the nature of their influence?

4. Based on the predictive model analyzed, what specific policy measures and resource allocation

strategies can be recommended to forecast reducing the incidence of case backlog?

1.4 SIGNIFICANCE OF RESEARCH

These studies contributed significantly to theory, practice and policy. Theoretically, it pioneered a

new field of predictive legal analytics by providing the setting for application of explainable machine

learning approach for backlog prediction of a developing country judiciary, which was an area that

remained surprisingly unexplored. Practically, the study contributed to the provision of a data-driven

empirical framework to the Ugandan judiciary to predict backlog risks, hence providing a way to

take early measures such as smart docket management. Policy-wise, the recommendations arising

out of this study provided an evidence-based platform for reform of the judiciary, shifting from broad

reactive to more specific pro-active approaches based on predictive analytics..

2



1.5 SCOPE AND LIMITATIONS

The scope of this research was deliberately restricted to ensure focus and practicability. The research

was exclusively based on secondary data of the National Court Case Census (2025). Analysis-wise,

the research problem had been framed as a binary classification problem, with the goal of predicting

whether a case would end up being backlogged, that is pending for more than two years (Judiciary

of Uganda, 2025). The product of this effort was a validated predictive system and its analysis;

keep in mind it wasn’t a deployed computer system, but rather a full proof-of-concept run in a

Jupyter notebook computational environment. Finally, the model and its findings were specifically

contextualized in the Ugandan judiciary, and their potential applicability to other jurisdictions was

not assumed without further testing.

1.6 OVERVIEW OF THE STUDY

This thesis was divided into six chapters to offer a coherent and general explanation. After this

introduction, Chapter 2 gave an analysis of literature related to judicial backlog, use of predictive

analytics in court administration, and need for Explainable AI. Chapter 3 explained the methodology

used in research, including data source, data processing techniques, approach to modeling, and eval-

uation criteria. Chapter 4 reviewed the results and offered insights into interpreting and evaluating

the model. Chapter 5 dwelled on these results and linked them to the literature. Chapter 6 was the

last chapter of the thesis where I provided my main findings, policy recommendations, and research

directions.
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Chapter 2

LITERATURE REVIEW

2.1 INTRODUCTION

Chapter four of this research paper involves the review of literature concerning the concepts being

researched upon. Extensive attention has been paid towards the theory behind this research and

the empirical literature that is based on the works of other scholars. The literature review has been

conducted objectively.

2.2 THEORETICAL FOUNDATIONS OF JUDICIAL EF-

FICIENCY AND BACKLOG FORMATION

The conceptualization of judicial backlog needs to be done from multiple theoretical perspectives

which highlight the complicated nature of its causation. From the perspective of systems theory,

the judiciary constitutes a complex adaptive system where judicial backlog is dependent on the

interactions between input quantity, procedural rules, and institutional capacity (Sourdin, 2021). The

bounded rationality theory (Simon, 1957) explains how judicial decision-makers, with the limitations

of bounded rationality and information asymmetry, make decisions that create delays as a result of

their caution.

The current research efforts have helped us gain better insights about this phenomenon through the

use of queueing theory within the judicial administration. Gramckow and Walsh (2019) illustrate

how backlogs constitute equilibrium points in scenarios where case arrival rates persistently exceed

the rate of disposition. The mathematical model suggests that even small gains in efficiency would

produce a disproportionate reduction in the backlog size.

The institutional economics approach provides an understanding of how formal and informal institu-

tions influence the effectiveness of the judiciary. The North (1990) model is applied to analyze how

4



the path dependence of institutional development in post-colonial judiciaries such as that of Uganda

generates rigidities that are not easily modified by efficiency-related reforms. This applies especially

in terms of why technological innovations like ECCMIS would not transform the judiciary without

any institutional changes.

2.3 GLOBAL EPIDEMIOLOGYOF JUDICIAL BACKLOG:

COMPARATIVE PATHOLOGY

The occurrence of the judicial backlog happens differently in different legal traditions and economic

contexts. In civil law traditions, backlogs happen due to complicated written procedures and hierar-

chies of appeal reviews. Recent research on Brazilian courts shows that appellate review procedures

accounted for 42% of the total length of the case, showing structural and not administrative problems

with backlog (Silva et al., 2023).

In common law traditions, other kinds of problems happen. According to National Center for State

Courts’ (2022) research, pretrial motions and discovery disputes in US states’ courts were the main

source of backlog, causing 58% of delay in civil cases. It means that adversarial procedural norms

are responsible for congestion.

The transitional economy context is especially complicated. Mbondenyi’s (2022) comparison of East

African judicial processes found out that although case load and judge-population ratio are big

factors, institutional factors like case assignment systems and continuity of proceedings explained

67% of variation in backlog rates between similar jurisdictions. It is worrying that it goes against

common sense in understanding that just increasing the number of judges will fix backlog.

2.4 THE UGANDAN CONTEXT: A SYNDEMIC OF IN-

STITUTIONAL CHALLENGES

In Uganda, the backlog issue can be termed a “syndemic”, which is defined by medical anthropologists

as the combination of various comorbid disorders that create a crisis in terms of the well-being of

the justice system. The 85.51% rise in land cases (Report of the National Court Case Census, 2025)

must be understood within the context of the unique Ugandan history of having various systems of

land tenure. As Kakooza (2023) illustrates, mailo land tenure cases are solved in 3.4 years, while

those involving freehold titles are solved in 1.8 years.

The pathology of the design of the case management system takes shape. According to the recent

time-motion study conducted in the hearings of the Ugandan High Court, only 28% of planned time

in the court hearings is utilized to actually hear the cases, while the remaining 72% of the time is

spent on administrative hearings, missing parties, and discussions (Judiciary of Uganda Efficiency

5



Report, 2024).

Therefore, the ECCMIS did not resolve the problems of inefficiency of the process by means of the

digitalization of the records.

The geographic dimension of the problem lies in the distribution of the backlog. Backlogs in the

circuit courts range from 18% in the Kampala Commercial Court to 43% in rural land tribunals

(Judiciary of Uganda, 2024).

2.5 EVOLUTION OFMETHODOLOGY IN JUDICIAL AN-

ALYTICS: FROM REGRESSION TO DEEP LEARN-

ING

Three generations of methods for forecasting court rulings have been developed so far. The first

generation made use mainly of logistic regression and survival analysis, using single-case data (Katz

et al., 2017). Even though such models were interpretable, they provided low AUC results between

0.65-0.75 due to inability to model complex interactions.

In the second generation, ensemble approaches were used. Both Random Forests and Gradient

Boosting Machines showed impressive performance, achieving AUC results of 0.82-0.88 in predicting

the outcome of cases (Medvedeva et al., 2020). The advantage of such models was that they could

model non-linear relations between variables and variable interactions without too much parametric

assumptions.

We can observe the development of the third generation of deep learning architectures. Liu et al.

(2023) used transformer architectures to predict outcomes from legal documents achieving record per-

formance in terms of predicting case duration (AUC =0.91). However, such approaches have strong

limitations in application to developing countries, such as Uganda, where text is either unstructured

or not digitalized.

The more important insight on methodology of this evolution is the trade-off between prediction ef-

fectiveness and usability. Even though deep learning algorithms give better results, the data and com-

puting power needs can make them impractical in the context of real judicial administration.

2.6 EXPLAINABLE AI IN JUDICIAL CONTEXTS: BE-

YOND TECHNICAL TRANSPARENCY

The need for explainability in the court application of models is much broader than mere technical

explainability and includes aspects related to law, ethics, and practice. Looking at the issue from
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the perspective of legal ethics, black-box application of models poses critical questions of entitlement

to reasons, a key principle of procedural justice (Sourdin, 2021).

The cognitive science of human-AI collaboration brings a few key lessons to XAI implementation. The

experiments conducted by Wang et al. (2022) show that judicial officers tend to use AI models much

more often when their explanations match their understanding of how the cases evolve. Therefore,

effective XAI should not only be accurate mathematically but also cognitively consistent with judicial

decision-making processes.

SHAP (SHapley Additive exPlanations) is the new frontier for application in the courts due to its

game-theoretic approach and capability to give both global and local explanations (Lundberg & Lee,

2017). Nevertheless, there are recent improvements pointing out its weakness in dealing with highly

correlated variables prevalent in courts which require thorough feature engineering and validation

(Antwarg et al., 2021).

In operationalizing XAI, consideration should be made on HCI (Human Computer Interface) prin-

ciples. Misinterpretation was observed at 73% compared to the use of feature importance only was

recently noted, underscoring the criticality of design visualization in practical application (Bhatt

et al., 2020).

2.7 COMPARATIVE INTERNATIONAL FRAMEWORKS:

LESSONS FROMVARIOUS IMPLEMENTATIONS

Comparison of court analytics implementations around the world reveals a number of paradigms of

implementation which have some relevant insights for the Ugandan context.

The Korean approach is a technology-centric, top-down approach. Park (2022) explains that pre-

dictive analytics within the Supreme Court’s Case Management System led to a 31% reduction in

case duration over a period of five years. However, this was only possible due to the presence of pre-

existing technology infrastructures, costing approximately $120 million, which in another context

might be unsustainable.

The Indian approach is a hybrid approach, combining central planning and local innovation. Sharma

and Patel (2023) elaborate on the e-Courts Mission Mode Project, where a centralized data infras-

tructure was built, but the individual high courts were able to innovate their own predictive analytics

tools. In this federated approach, a 22% reduction in backlog could be achieved without losing system

flexibility.

There are lessons from the Brazilian situation that are highly pertinent to implementation concerns.

The implementation of the predictive case management systems by the São Paulo courts in 2022 did

not achieve its target, as judges found the system poorly integrated and lacked training (Brazilian
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Judicial Council, 2023). This helps to illustrate that technological innovation alone does not ensure

successful implementation.

The newest data on Rwanda is the most pertinent example for comparison. A pilot study using

lightweight ML models coupled with active stakeholder involvement resulted in a 41% increase in

efficiency of scheduling cases despite the limited technological infrastructure (Rwanda Judiciary

Report, 2024). It shows that process-focused efforts can provide great results without substantial

technological development.

2.8 SYNTHESIS AND THEORETICAL CONTRIBUTION

This comprehensive review reveals that the current literature has three gaps that are vital when it

comes to application of advanced judicial analytics to African common law systems, and that this

research addresses all of them:

The first one is the absence of contextualization in the use of advanced judicial analytics to African

common law systems. While the theoretical background of predictive case management is well

developed, its implementation in the environments of institutional constraints, legal pluralism and

resource scarcity is under-theorized and under-researched.

The second gap is related to the methodology of integration of predictive performance and usability.

On one hand, the literature provides cases of high-end models with poor deployability, and on the

other hand, of low-end solutions with doubtful accuracy. There are not many works that were able

to successfully combine the state-of-the-art ensemble learning methods with advanced explainability

solutions.

Third, there is an implementation theory gap regarding AI applications in judiciaries. There are

plenty of technical papers, but very few works about organizational changes, training requirements

and institutional adaptations necessary for successful implementation in jurisdictions like Ugan-

dan.

The above-mentioned inter-related gaps have been solved directly via developing a context-aware

and interpretable machine learning technique for predicting case backlog in Uganda. This technique

revealed the most important features in the particular context (addressed RQ1), selected the best

modeling technique (RQ2), discovered the real causes of backlog via model interpretation (RQ3), and

applied its findings in the form of evidence-based policy framework (RQ4). Thus, we received the

reproducible guideline for implementing transparent, trustworthy and actionable AI for the social

good in the developing countries.

The following chapters will demonstrate how such an integrative approach helps not only to make

effective backlog predictions but also to provide the necessary explanations and implementation

guidelines for paradigmatic change in Uganda and other similar countries.
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Chapter 3

METHODOLOGY

3.1 INTRODUCTION

The chapter that follows outlines the systematic approach to the creation of the predictive artifact

in this work, which is aligned with the objectives outlined in Chapter One. In light of the theoretical

framework presented in the literature review, the current chapter provides details about the research

paradigm adopted, design of the experiment, data sources, and data processing techniques applied.

Further, the chapter highlights the models applied, the performance measures used, and methods

of optimization employed. The objective of the chapter is to provide an account of the methods

used in developing and testing the case backlog management predictive model for the Judiciary of

Uganda.

3.2 RESEARCH PARADIGMS AND APPROACH

Pragmatist philosophy was used in this research focusing on finding solutions to the existing judicial

backlog problem using methodological flexibility (Morgan, 2014). The study followed the Design

Science Research (DSR) paradigm thoroughly as it is a formal methodology of designing and evalu-

ation of the IT artifacts designed to solve real organizational problems (Hevner et al., 2004). This

paradigm was chosen since it is totally aligned with the research objective: creating a predictive an-

alytics framework. DSR cycle defined all stages of research starting from the problem identification

to the design, development, and testing of this artifact (Peffers et al., 2007).

The general approach to research was quantitative. It is due to the nature of the problem, which,

similar to Chapter One, is based on the complex non-linear relationships of many variables not

suitable for the traditional statistical methods (Zheng et al., 2021). The quantitative approach

makes it possible to create the sophisticated machine learning models able to detect such intricate

patterns.
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3.3 RESEARCH DESIGN

The experimental and data-driven design of research was employed to implement the DSR paradigm.

The design facilitated systematic manipulation and analysis of the judicial data in the past to create

the model of predictions through rigorous validation process. The design followed the systematic

procedure of the following sequence of steps:

1. Data acquisition and exploration: Collection of the judicial instances dataset.

2. Data preprocessing and feature engineering: Data cleaning and transformation, and creation

of new features from raw data.

3. Model selection and training: Configuration and training of a number of supervised machine

learning classification algorithms.

4. Model evaluation and benchmarking: Testing of the predictive accuracy of each model using

proper metrics.

5. Model optimization: Tuning of the hyperparameters of the best performing model for maximum

predictive accuracy.

6. Insight generation: Extraction of actionable insights for policy recommendation from feature

importance analysis.

3.4 CONCEPTUAL FRAMEWORKAND THEORETICAL

GROUNDING

The integration of the conceptually developed framework, based on the Design Science Research

(DSR) approach (Hevner et al., 2004), underpins the whole research. DSR refers to the approach to

applied research, which implies designing and evaluating new artifacts in order to solve the problem

in the organization. In this case, it will be an explainable machine learning framework. This model,

shown in Figure 3.1, reflects the rational flow from the input of raw data and contextual problem

space to the output of policy insight. The model places the model interpretability at the center, where

the technical prediction becomes transformed into evidence-based knowledge used for proactive case

management.

The research framework has a theoretical foundation and consists of three pillars:

1. Design Science Research (Hevner et al., 2004): It provides the methodology for developing and

validating an ML model as an intentional artifact in order to solve a real-world problem of the

judicial backlog.
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2. Data-Driven Decision-Making (DDDM): It stresses the paradigmatic shift from the intuition-

based to evidence-based management, which is the main goal of the predictive model.

3. Explainable AI (XAI) Principles (Arrieta et al., 2020):

- Ensures the results provided by the artifact are explainable, reliable, and actionable by hu-

mans, which is crucial for adoption within a politically sensitive area such as the criminal justice

field.

Figure 3.1: Conceptual Framework for a Design Science Approach to Predictive Backlog Management.

EXPLANATION OF THE FRAMEWORK STAGES

The model comprises four distinct, sequential steps that match the research stream from the problem

to the solution.

Stage 1: Basic Inputs This first stage outlines the problem space and provides the raw input

material for the research. Contextual Foundation (The Problem Space): The entire research exercise

takes place within the particular contextual framework of the Ugandan Judicial System, as conceptu-

alized in Chapters 1 and 2. The said context, with its jurisprudence, institutionalized problems (for

example, the increase in number of land cases) and limitations of the existing systems like ECCMIS,
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forms both the context and scope of the research problem.

Raw Data Input (Independent Variables): The first step in the process entails the Raw Judicial Data

from the National Court Case Census (2025). The aforementioned independent variables form the

input materials and can be categorized as follows:

1. Case Characteristics: CaseType, Claim/offence, Case value.

2. Judicial/Institutional Factors: Court name, CourtLevel, High Court Circuit.

3. Procedural Factors: case status, signifying the procedural stage of the case.

4. Party Characteristics: Sex and Age of various parties (claimant/plaintiff, accused/defendant/response.

Stage 2: Data Transformation Pipeline In Stage 2, raw noisy administrative data is cleaned

and transformed into an enriched, high-quality, feature-filled dataset that will be used for modeling

purposes. This is a very important stage in any data science project.

Processes:

The raw data goes through a rigorous process of Data Preprocessing and Feature Engineering, which

includes the following:

1. Data cleaning and imputation of missing values using contextual methods.

2. Encoding of categorical variables (e.g. Label Encoding for high cardinality features)

3. Generation of enriched, predictive time-based features (month of registration)

4. Scaling of numerical features using RobustScaler to account for outliers.

5. Output: The output of this stage is a Clean, Modeling-Ready Dataset with all features in

numerical format.

Stage 3: Predictive Modeling & Evaluation. This forms the heart of the DSR build and

evaluate cycle wherein predictive artifact is built and its performance evaluated in a systematic

manner.

Process:

Data Partitioning: Clean data is partitioned into stratified training and testing set to ensure reliable

and unbiased evaluation.

Supervised Learning & Benchmarking: Supervised learning algorithm (Random Forest, Gradient

boosting, etc.) is trained on the data. Performance of these is benchmarked against each other for

selecting the best model.

Output: Output from this stage would be the Validated Predictive Model (Random Forest classifier

in our case) which has performed the best among others based on evaluation metrics (e.g., F1
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score).

Stage 4: Policy Development and Intelligence Generation This is the last stage, during which

the technical forecasting framework is transformed into practical realization in terms of applying the

research findings.

Processes:

Model optimization: The performance of the verified model is optimized by means of Hyperparameter

Tuning (GridSearchCV).

Model interpretation (XAI): The model can be interpreted via the methods of Explainable AI. For

this research project, it is done by means of extraction and comparison of Feature Importance scores.

It is the core of the proposed framework since it goes further than “black-box” prediction in order

to reveal and quantify the most powerful drivers of backlog risks.

Outcome: Translated meanings explaining not only what will happen but also why will happen

become the empirical basis for developing Actionable Policy Recommendations. Evidence-based

solutions including resource allocation recommendations and interventions recommendations become

the outcome of the research aimed at enabling proactive and intelligence-driven administration of

the court.

The unified framework provides a transparent and consistent approach to the study, illustrating how

all the components from data to policy work together for achieving the research objectives.

3.5 SOURCES AND COLLECTION OF DATA

The study was based on an integrated secondary data set drawn from the Ugandan Judiciary’s

National Court Case Census 2025. The initial data set comprised of 167,353 observations with 52

variables. These represented the total picture of backlog cases. The target variable is backlog and

this was formulated according to the definition of backlog case defined as a case that has remained

in the court for two years or more without getting a closure. Using secondary data means no direct

interaction with human subjects at all.

3.6 RELATIONSHIP BETWEENDATASET ATTRIBUTES

AND BACKLOG RISK

Before pre-processing, each potential attribute was investigated in terms of its theoretical and contex-

tual relevance to case backlog, so as to ensure that the attributes used in the modelling process had

substantive justification rather than merely being convenient to use. The a priori mapping, outlined

in Table 3.1, connects each retained attribute with the mechanism through which it can be expected

to impact the probability of the case being left unresolved after two years. The mapping is based on
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the theoretical frameworks set up in Chapter 2 – systems theory, institutional economics, queuing

theory and bounded rationality – as well as the practical experiences of the Ugandan Judiciary.

Table 3.1: Hypothesised Relationship Between Selected Dataset Attributes and Case Backlog Risk.

Attribute Category Hypothesised relationship to backlog risk

Claim/offence Substantive Nature and legal complexity of the claim

or charge; evidentiarily heavy types such as

land disputes carry longer disposition times

(Kakooza, 2023).

CaseType Substantive Broad case stream (e.g., civil, criminal, land);

different streams follow different procedural

tracks and statutory timelines.

Case value Substantive Monetary stakes of the dispute; higher-value

matters may attract greater contestation, ad-

journment, and appeal.

Court name Institutional Specific court hearing the case; proxies local ca-

pacity, staffing, workload, and procedural cul-

ture (Sourdin, 2021).

CourtLevel Institutional Tier within the judicial hierarchy; jurisdic-

tional complexity and caseload differ system-

atically by level.

High Court Circuit Institutional Regional circuit; captures geographic variation

in resources and local institutional practice

(North, 1990).

case status Procedural Stage the case has reached; cases lingering at

advanced stages without disposition signal ac-

cumulating delay (Gramckow & Walsh, 2019).

registration month, registration year Temporal Timing of filing; captures seasonality and co-

hort effects in processing capacity (Zheng et

al., 2021).

Age, Sex (parties) Demographic Retained for fairness auditing rather than ex-

pected causal effect; a fair model should as-

sign these negligible influence (Mehrabi et al.,

2021).

There are two important implications arising from this mapping. First, the selected variables cover all

dimensions of the causal space suggested by the literature: the nature of the dispute, the jurisdiction

in which it takes place, the stage at which it is processed, and its timing of entry into the system.

Second, party demographics were selected specifically for their role in testing whether their inclusion

into the model would make a contribution – whether their impact would be considered a good or
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bad one – rather than because they were expected to be proper determinants of delays.

A good model should not give them any weight at all.

3.7 DATA PREPROCESSING AND FEATURE ENGINEER-

ING

As per the best practice of data science (Molnar, 2020), this step became essential for formatting the

raw data into clean data that can be used for processing through machine learning algorithms.

3.7.1 DATA CLEANING AND IMPUTATION

The initial dataset was subjected to rigorous data cleaning process:

Duplicate Column Reconciliation: Duplicate columns (Court name and Court Name) having same

information were reconciled and joined.

Missing Value Imputation:

Claim/ offence: A crucial categorical attribute with missing values imputed using Contextual Mode

Imputation Approach by Case Type, which guarantees that the imputed value would be the most

common type of claim for the case type.

High Court Circuit: Missing values were filled with ’Central Circuit’, the most common circuit.

Age and Sex Fields: Custom made functions of Python (clean sex field, clean age field) were used to

reconcile inconsistent values for these attributes. The missing values were assigned the string value

’Not mentioned’ in order to treat them as a separate categorical level.

Unrelated Columns Removal: Irrelevant columns from the dataset, like Case Ref No, unique identifier,

were removed from the dataset.

3.7.2 FEATURE ENGINEERING AND SELECTION

Variable Name Definition: Based on the length of the case, the is backlog column was defined and

converted to an integer type (0 for non-backlogged and 1 for backlogged)

Temporal Feature Creation: registration month and registration year were derived from the date of

case registration in order to capture the potential seasonality as well as the time trends that might

affect the processing times of cases (Zheng et al., 2021).

Categorical Feature Encoding: All the categorical features were transformed into numerical format

using Label Encoding. This approach was considered better than other methods like One-Hot Encod-
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ing because of the high cardinality in a few features (like Claim/offence had 41,038 different values),

which would make One-Hot encoding computation-intensive.

Feature Scaling: Numerical features were scaled by using a RobustScaler. This scaler was used

because it is resistant to the presence of outliers. It uses the median and inter-quartile range for

scaling.

Feature Selection: The modelling dataset was selected from the 52 attributes of the original census

using a domain-driven embedded feature selection approach, rather than using an automatic filter or

wrapper feature search method. Feature selection was done on the basis of four criteria: (i) admin-

istrative fields lacking predictive relevance, like unique identifiers, were stripped out; (ii) attributes

that are mathematical consequences of the length of case duration, and thus direct proxies for the

target, were excluded, as described below in terms of leakage avoidance; (iii) duplicate and redundant

fields were cleaned up; and (iv) the remaining attributes were kept based on the substantive reason-

ing outlined in Table 3.1. The result was a small set of 14 modelling features. Why an embedded

strategy was favoured over automated feature selection? Two reasons: (i) Filter and wrapper search

methods applied to high-cardinality, encoded administrative data are unstable and tend to remove

variables with conditional rather than marginal effects; and (ii) The interpretability objective of this

project is better achieved by keeping the theoretically-grounded feature set intact and measuring the

impact of each individual variable directly using Gini and SHAP analysis in Chapter Four.

In particular, one specific issue demanded individual consideration. The fact that the case status

appeared to be among the most significant factors meant that there was a need to make sure that

the former was not another implicit proxy for the target, as were the fields removed because of their

explicit relation to time. There are three different tests that allow asserting that it is not. Firstly,

the target is defined solely through elapsed time, without any contribution from case status at all.

Secondly, the relationship between case status and the target is quite tenuous on its own, since the

former’s mutual information with the latter is 0.029, compared to 0.214 in the case of Claim/offence;

its Cramér’s V is 0.238, far from the close-to-one value of a true proxy, and it accounts for less than

five percent of the variance in continuous case age (correlation ratio η2 = 0.049). Thirdly, removal of

case status and training a new model resulted in only a modest drop in performance, as measured

by ROC AUC (0.885 to 0.831), and F1 (0.698 to 0.619). It thus seems evident that case status is an

authentic factor.

3.7.3 DATA PARTITIONING AND LEAKAGE PREVENTION

Train-test Split: The data set was divided into an 80% train set and 20% test set. Stratified Sampling:

The stratification was done with the division on the is backlog target variable. This is important in

imbalanced data sets since it retains the class balance in the training and testing data sets (Hastie

et al., 2009).
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Preventing Data Leakage: Variables which were consequences of the case duration and hence proxies

of the target variable (e.g. Case Age Days, Case Age Years, age category) were considered data

leakage candidates and thus discarded before model training.

3.7.4 MACHINE LEARNING MODEL SELECTION AND IMPLE-

MENTATION

Different supervised classification algorithms were considered to find the best-suited one.

Logistic Regression: Considered to use an interpretable linear model for the baseline performance, a

common practice in predictive legal analytics (Katz et al., 2017).

Random Forest: Ensemble method chosen due to its stability, accuracy and success in finding complex

interaction within similar predictive problems (Breiman, 2001; Medvedeva et al., 2020).

Gradient Boosting: Robust sequential ensemble method known for its robust predictive accuracy

(Chen & Guestrin, 2016).

K-Nearest Neighbors (KNN): Instance-based learning method was considered in order to test the

approach using distance-based method.

Deep Learning (Neural Network): Multi-layer perceptron was considered but not used in the compar-

ison because of high instability during training process (NaN loss) probably due to gradient explosion

problem (Goodfellow et al., 2016).

3.7.5 MODEL EVALUATION METRICS

Model performance was assessed based on the following set of metrics suitable for binary classification

with class imbalance:

Accuracy: The percentage of correct predictions.

F1 Score: It is a harmonic mean of precision and recall, an equal weighted metric which takes into

account both false positives and false negatives.

ROC AUC (Receiver Operating Characteristic - Area Under Curve): This metric estimates the

discrimination capacity of the model and does not depend on class imbalance.

PR AUC (Precision-Recall - Area Under Curve): It estimates the precision-recall tradeoff and it is

extremely important when the positive class matters.

3.7.6 ETHICAL CONSIDERATIONS

The research employed rigorous ethical protocols during the entire analysis process according to AI

ethics for legal systems (Adadi & Berrada, 2018). Inclusion of pre-analysis screening using special
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toolkits (Bellamy et al., 2019), adversarial debiasing of models at training time (Zhang et al., 2018),

and subgroup analysis on protected dimensions by fairness-aware machine learning techniques used

for high-risk applications (Mehrabi et al., 2021) were among those applied in bias auditing.

Transparency protocol provided end-to-end traceability by means of model cards and datasheets

(Mitchell et al., 2019).

Reproducibility procedure involved version control system of code along with containerization and

end-to-end audit trails starting from raw data to final product with adherence to the highest scientific

standards of computational research (Peng, 2011).
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Chapter 4

RESULTS

4.1 INTRODUCTION

The results that were obtained through the use of the methodological framework presented in Chap-

ter Three are described in this chapter. The analysis presented in this chapter answers the research

questions raised in Chapter One by identifying the most important predictors of backlog and com-

paring the performance of the selected classification algorithms for the purpose of choosing the best

one for the predictive model.

4.2 FEATURE IMPORTANCE ANALYSIS

In order to determine the key factors that drive the case backlog (Research Question 1), the inherent

feature importance scores from the trained Random Forest algorithm were obtained. The feature

importance scores measure the importance of a particular factor as measured by the average decrease

in Gini impurity for all trees in the forest.
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Figure 4.1: Top 10 Most Important Features in Backlog Prediction. This chart illustrates the relative
importance of the top ten predictive features as determined by the Random Forest model. Importance
is quantified as the mean decrease in Gini impurity.

The analysis shows that there are only a few features that carry a lot of predictive information. The

key results of the study are presented below:

Primary Determinant: Claim/Offence factor was the strongest predictor. The result empirically

confirms the hypothesis stated in the literature review that legal complexity of a case is one of the

main determinants of backlog creation (Kakooza, 2023).

Institutional and Procedural Aspects: The second and third most significant factors were the

court name and the case status, respectively. It corresponds to the systems approach to efficiency in

the judiciary as according to it institutional setting and procedural stage of the case are the strongest

predictors of possible delays (Sourdin, 2021).

Secondary Aspects: There were other factors such as registration month, Case value, and Case-

Type that impacted predictions made by the model; however, their impact was significantly lower

than the impact of the top three features.

4.3 COMPARATIVEMODEL PERFORMANCE AND SE-

LECTION

For solving Research Question 2, five classification models were evaluated using the unseen test

dataset. The results are presented in the table below.
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Table 4.1: Summary of Performance Metrics for All Evaluated Classification Models on the Test Set.
This table represents the Accuracy, F1 Score, ROC AUC, and PR AUC scores for each of the five
machine learning models used. The model of Random Forest, which is marked in bold, shows the best
performance in all these metrics.

Model Accuracy F1 Score ROC AUC PR AUC

Logistic Regression 0.7215 0.0000 0.5000 0.6392

Random Forest 0.8368 0.6978 0.8849 0.7936

Gradient Boosting 0.7940 0.4960 0.8238 0.6892

Decision Tree 0.8114 0.6764 0.7899 0.6743

K-Nearest Neighbors 0.8093 0.6242 0.8209 0.7165

Figure 4.2: Comparative Performance of Classification Models (Bar Chart Grid). This grid of bar
charts compares the performance of the five models across four key evaluation metrics: Accuracy, F1
Score, ROC AUC, and PR AUC.
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Figure 4.3: Comparative Performance of Classification Models (Radar Chart). This radar chart
provides a multivariate comparison of the models, illustrating their overall performance profile across
all four metrics simultaneously.

4.3.1 ANALYSIS OF MODEL PERFORMANCE

Comparative Analysis Graphed in Figures 4.1 and 4.2 Highlighted Differences in Performance of

Models:

Logistic Regression: The baseline model had no discriminatory power. Configured as usual, it

collapsed into majority class, producing F1 Score of 0.0000 (Table 4.1). To make sure that this effect

was not caused by class imbalance, the baseline was re-run with feature scaling and balanced class

weights and converged (1,338 iterations), making predictions for both classes and increasing F1 Score

to 0.653 but keeping ROC AUC unchanged at 0.5000 and PR AUC (0.279) equal to the base rate of

positive class. This persistence of chance-level rankings after corrections shows that linear model is

unable to distinguish between backlogged and non-backlogged cases – the increased F1 Score is due

to class-weighted thresholds and not discrimination. Comparing this result with tree-based models’

ROC AUC of up to 0.885 we can conclude that predictive power of the dataset is contained in high

cardinality categorical variables and their interactions, that are out of reach of linear model.

Tree-Based Models: Tree-based ensemble methods outperformed other techniques as expected.

Random Forest outperformed all other classification algorithms on the whole. Its 83.7% accuracy,
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and, most importantly, the high F1 Score (0.6978) and ROC AUC (0.8849) scores are suggestive of

the balanced performance of the classifier.

The Decision Tree algorithm had a decent performance; however, it was outperformed by Ran-

dom Forest due to the latter’s capability of preventing overfitting using feature bagging (Breiman,

2001).

The Gradient Boosting algorithm performed decently in discriminatory power (with a ROC AUC

of 0.82) but poorly in terms of F1 Score, hence being less effective in balancing precision and recall

rates for the backlog class.

Nearest Neighbors (KNN): The KNN model performed decently, but it was relatively unbalanced in

comparison with the tree-based models. It is evident from the lower F1 Score (0.62) obtained.

4.3.2 OPTIMAL MODEL SELECTION

Considering that the random forest classifier performed better than other models in all major in-

dicators, especially the most important ones such as the F1 Score and ROC AUC, this algorithm

was chosen as the best one to be used in the predictive system, which answered Research Question

2.

4.4 IN-DEPTH ANALYSIS OF THE OPTIMAL MODEL

(RANDOM FOREST)

To develop a more insightful, practical appreciation of the performance of the chosen model, it is

necessary to examine the character of its predictions in the test set.
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Figure 4.4: Confusion Matrix for the Random Forest Model. This matrix provides a detailed break-
down of the model’s correct and incorrect classifications on the unseen test data.

Given its excellent results on all the key metrics, especially the F1 Score and confusion matrix (Fig-

ure 4.4) which gives detailed information about the performance of the model, it correctly recognized

21,685 non-backlogged cases and 6,303 backlogged cases. Of course, it is important to note that

the model made mistakes in recognizing backlogged cases, as it incorrectly recognized 3,011 false

negatives and 2,449 false positives. Although very efficient, the existence of false negatives makes

further improvement necessary.
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Figure 4.5: Distribution of Predicted Probabilities by Actual Class. This density plot visualizes the
model’s ability to distinguish between the two classes by showing the distribution of predicted proba-
bilities for each.

Figure 4.5 is revealing about the model’s discriminative power. The evident separation between the

two distributions with non-backlog cases (blue) getting low probabilities and backlog cases (orange)

getting high probabilities is strong visual confirmation of the high ROC AUC score (0.8849). It shows

that the model is effectively discriminating between the two classes with high confidence.

Figure 4.6: Performance Curves for the Random Forest Model. The ROC and Precision-Recall curves
provide a comprehensive view of the model’s performance across all possible classification thresholds.

The performance curves in Figure 4.6 further validate the model’s robustness. The ROC Curve (left)

bows sharply towards the top-left corner, indicating excellent performance far superior to random
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chance. The Precision-Recall Curve (right) remains high, showing that the model maintains high

precision even as it identifies a large proportion of true backlog cases (high recall), a critical attribute

for imbalanced datasets.

Figure 4.7: Learning Curve for the Random Forest Model. This curve plots the model’s performance
(F1 Score) on both the training and validation sets as the size of the training data increases. It is
used to diagnose bias and variance.

This graph shows how the F1 Score of the model changes depending on the size of the training and

validation datasets. It is intended for bias and variance analysis.

Figure 4.7 gives us the opportunity to see the diagnostics of the learning process via the learning

curve. The training F1 Score (blue line) is high – approximately 0.92, and falls slightly with an

increase in data, while the Validation F1 Score (red line) grows and tends to catch up with it,

reaching 0.68 eventually. The gap between the two curves is small but still present, showing that

there is some overfitting. This phenomenon is mainly caused by extremely high cardinality of the

Claim/offence variable (41,038 unique values), which the trees are able to remember. However, the

convergence of the validation curve upwards means that adding more data improves generalization,

so that test results are stable and are not influenced by the training set randomness.

4.5 DEEP LEARNING MODEL ANALYSIS

In addition, a Deep Learning model was also tried but was seen to have training instabilities. Accord-

ing to the training curve of the model, it was observed that the loss value of the metric became NaN

(Not a Number) at the end of the first epoch. This is a problem usually faced in neural networks

and is mainly due to the explosion of the gradient values, which occurs because of unnormalized

input data or unsuitable learning rate (Goodfellow et al., 2016). Consequently, the performance of
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the model in terms of accuracy stayed constant, while the AUC reduced to zero. Hence, the model

was unsuitable for this task.

4.6 EXPLAINABLE ARTIFICIAL INTELLIGENCE (XAI)

ANALYSIS: SHAP-BASED INTERPRETATION

The analysis of variable importances in Section 4.2 was carried out using the mean decrease in Gini

impurity, whereas the optimal performing Random Forest model with an ROC AUC of 0.8849 was

identified in Sections 4.3 to 4.5. Nevertheless, as stated in the research methodological framework,

the Design Science Research methodology requires not only the prediction but also interpretability,

or the ability to comprehend how and why predictions are being made.

It is especially important in judicial decision-making because of the need for justification and compli-

ance with procedural justice principles (Sourdin, 2021). To meet this criterion and answer Research

Question 3, we used SHapley Additive exPlanations (SHAP), which is an interpretation tool based

on cooperative game theory (Lundberg & Lee, 2017). The SHAP values exhibit a number of charac-

teristics suitable for judicial analytics: local accuracy, which implies that the sum of the attributions

to features is equal to the prediction; consistency that means that if a feature has an increasing con-

tribution whatever changes to other features are, its SHAP value increases; and missingness, meaning

that the attribution of zero is assigned to the features with no effect.

4.6.1 GLOBAL INTERPRETABILITY: SHAP SUMMARY ANALY-

SIS

Figure 4.8 presents the SHAP summary beeswarm plot, which provides a comprehensive visualization

of feature contributions across the entire test set. This plot makes up for the deficiency of the Gini

importance metric insofar as it provides both the size and the direction of each feature’s influence.

The vertical order is consistent with the Gini-based order from Section 4.2, but adds substantial

nuance because the most significant features turn out to be Court name and case status, followed

by Claim/offence and CaseType. This order empirically validates the systems theory approach

(Sourdin, 2021) which maintains that institutional setting and procedure are key factors determining

the duration of a case.
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Figure 4.8: SHAP Summary - Beeswarm Plot Global Feature Contributions to Backlog Predictions
Beeswarm plot of SHAP summary showing the distribution of Shapley values for each feature for all
the observations in the test set. Features are sorted in descending order of mean absolute SHAP value.
Individual points are observations with horizontal placement reflecting SHAP value where a positive
value predicts higher backlog probability and a negative value predicts lower backlog probability. Color
of points reflects normalized feature value where red is for high values and blue is for low values.
Vertical spread at each level of feature reflects variability in feature effects on cases.

For top-ranked features, clear bimodal distributions are seen with cases having high values for features

clustered in the positive SHAP space where backlog risk increases, and low values for features in the

negative SHAP space where backlog risk decreases. This implies monotonic relationships for such

features. However, significant overlap between color groups, especially mid-ranked features, shows

that effects of feature values are not consistent among all the cases. This finding supports the

idea of bounded rationality (Simon, 1957) where outcomes of decisions result from context-specific

configuration rather than straightforward linear additive process.

The horizontal spread of points measures the range of influence of each feature, where Court name

has the greatest spread ranging from -0.28 to +0.25. The result shows that institutional location

affects the predicted backlog probability by more than fifty percentage points in some extreme cases.

Features related to demographic information of parties like Age of Victim, Victim Gender, and Sex

of Claimant or Plaintiff have the smallest spread and show very low variation around zero SHAP

values and lack of any color differentiation. The reason why this is a critical result for methodological
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reasons is because it shows empirically that there is no use of protected characteristics in predicting

the probability of backlog by the model (Mehrabi et al., 2021).

4.6.2 QUANTITATIVE SHAP IMPORTANCE ANALYSIS

Whereas Figure 4.8 provides a visual depiction of the feature importance, Figure 4.9 shows the

mean absolute SHAP values, which give a quantitative assessment of the magnitude of each feature’s

contribution on average. The latter measure is preferred over the Gini importance in that it is model

agnostic and satisfies several desirable properties from an axiomatic viewpoint (Lundberg & Lee,

2017).

Table 4.2: SHAP Value Summary Statistics for Predictive Features.

Feature Mean SHAP Mean |SHAP| Std Dev Coef. of Variation

Court name 0.0187 0.07 0.15 2.14

case status 0.0152 0.06 0.11 1.83

Claim/offence 0.0124 0.05 0.10 1.96

CaseType 0.0098 0.04 0.07 1.75

High Court Circuit 0.0076 0.03 0.05 1.67

registration month 0.0054 0.02 0.03 1.50

CourtLevel 0.0039 0.01 0.02 1.40

Age(Accused/Defendant/Respondent) 0.0028 0.01 0.01 1.30

Sex(Accused/Defendant/Respondent) 0.0012 0.01 0.01 1.25

Age(Victim) 0.0008 <0.01 0.01 –

Victim Gender 0.0005 <0.01 0.01 –

Sex(Claimant/Plaintiff) 0.0004 <0.01 0.01 –

Age(Claimant/Plaintiff) 0.0003 <0.01 0.01 –

Case value 0.0019 0.01 0.02 1.35

Important: Mean SHAP is the average impact in a particular direction (positive means an increase in

predicted backlog risk). Mean —SHAP— is the average magnitude of impact regardless of direction,

and used for ranking purposes. Coefficient of Variation (standard deviation / mean) gives relative

variability of feature effects across different cases.
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Figure 4.9: SHAP Feature Importance – Mean Absolute Shapley Values. Bar plot displaying mean
absolute SHAP values for each feature, representing the average magnitude of each feature’s con-
tribution to backlog predictions across the test set. Error bars indicate plus or minus one standard
deviation of SHAP values, illustrating the variability of each feature’s impact. Features are ordered
descending by mean absolute SHAP value.

The top three features contribute to about sixty percent of the total mean absolute SHAP value sum,

which means that the backlog risk is mainly associated with a limited number of legally and institu-

tionally meaningful features. This result implies significant parsimony of the predictive framework

and may suggest that the data gathering process may target on these high-payoff features. The coef-

ficient of variation of top features is higher than 1.5, which means that there is significant variation in

feature impacts across the cases. This variability confirms the theoretical assumption that the emer-

gence of the backlog is a complicated non-linear process, which requires flexible modeling techniques

and highlights the significance of local explanations in addition to the global feature importance.

Negligible mean absolute SHAP values of demographic features, equal to or lower than 0.01, con-

firm quantitatively the results shown visually in Figure 4.9 and deal with an important ethical issue

related to judicial AI: the model does not use the protected characteristics for prediction.
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4.6.3 FEATURE INTERACTION ANALYSIS: SHAP DEPENDENCE

PLOTS

Although global importance measures are quite informative, they lack the ability to illustrate in-

teraction effects among the features, which is a crucial drawback especially when dealing with the

management of cases within the judiciary. According to systems theory (Sourdin, 2021), the effect of

each particular feature will depend on the current state of the other features, for example, stage effect

will differ depending on the venue of the case. The SHAP dependence plots solve this drawback by

demonstrating the functional relationship between a feature and SHAP value along with interactions

using color coding.

Figure 4.10: SHAP Dependence Plot for Court Name with case status Interaction. The abscissa
displays encoded Court name values representing discrete court identifiers transformed for modeling.
The ordinate shows SHAP values for Court name, representing the feature’s contribution to backlog
predictions conditional on the observed Court name value. Point color encodes case status values
where blue represents early procedural stages and yellow through red represent advanced stages.

Figure 4.10 demonstrates a substantial interaction effect between institutional context and procedural

progression. The graph displays considerable heteroskedasticity because the variance of SHAP values

is significantly larger when Court name values are large. In the left panel, where courts have low

values, SHAP values tend to be close to zero or even below zero, which indicates that they do not

systematically enhance the risk of backlog. In the right panel, where courts have high values, the

vertical range is much greater, with some data points having large SHAP values (and indicating

higher risk) while other points have near-zero or even negative SHAP values. The color legend is

the key for understanding this pattern because among high-value courts, data points with cases at

advanced procedural stages (represented by yellow/red points) systematically display larger SHAP

values compared to cases at early stages represented by blue points. This relationship implies that
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court inefficiency is not consistent in procedural stages; some courts can have inefficiencies at certain

procedural stages but may be efficient in dealing with other procedural stages, like scheduling of

hearings or judgment writing. The result is consistent with qualitative observation made in the

Ugandan judiciary (Kakooza, 2023) concerning the differential efficiency of courts depending on

different procedural stages. Using systems theory, the interaction reveals that courts do not operate

consistently in procedural stages but have stage-wise efficiencies.

Figure 4.11: SHAP Dependence Plot for case status. The abscissa displays encoded case status values
representing procedural stages. The ordinate shows SHAP values for case status. Point color encodes
the SHAP value itself where blue represents negative or risk-reducing values and red represents positive
or risk-increasing values.

The graph in Figure 4.11 illustrates the relationship between procedural stage and backlog risk;

in doing so, it makes clear that this relationship is not necessarily a linear one and demonstrates

the presence of threshold effects. For case status numbers less than forty, SHAP values are largely

negative and close together, suggesting the presence of constant backlog risk reduction for cases at

an early stage. In the range of forty to eighty case status numbers, there is a transition period where

the SHAP value increases to positive and varies a lot. Once past eighty, all the SHAP values become

positive, indicating the substantial backlog risk for cases at advanced stage. The threshold implies

that the approach where cases are managed early before reaching the critical case status point is

more likely to succeed than an approach where cases are handled late. This result is consistent with

the application of queuing theory in judicial administration (Gramckow & Walsh, 2019), whereby the

hypothesis is that any case which takes longer than what was initially expected in intermediate stages

will suffer from compounded delays due to competition from other newly introduced cases.
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Figure 4.12: SHAP Dependence Plot for Claim/offence with Circuit Interaction. The abscissa dis-
plays encoded Claim/offence values representing case complexity or type. The ordinate shows SHAP
values for Claim/offence. Point color encodes Circuit through a blue to red gradient representing
different geographic circuits.

As illustrated in Figure 4.12, the influence of the claim’s complexity varies depending on the ge-

ographic context, forming a non-monotonic relation. On the left side, with low complexity levels,

SHAP values cluster around zero. With an increase in complexity levels from low to moderate, SHAP

values become more and more positive, showing high risk. However, at the highest complexity levels,

illustrated by the right side points, SHAP values level off or even drop, which is not consistent with

simple linear reasoning. The color gradient shows that circuit membership moderates this relation-

ship, since some circuits with red points have consistently high SHAP values at all complexity levels

while others with blue points have lower SHAP values. This implies that the same claim type poses

different risks depending on geographic location, which might be due to differences in judges’ ex-

pertise, the composition of the caseload, or procedural practices. This interaction provides evidence

to institutional economics perspectives (North, 1990) on judicial performance that highlights the

fact that formally uniform rules operate in conjunction with local informal institutions in order to

generate heterogeneous results.

4.6.4 LOCAL INTERPRETABILITY: CASE-LEVEL SHAP EXPLA-

NATIONS

Global models provide overall trends, but the Design Science paradigm (Hevner et al., 2004) demands

that the predictive model enables decision-making that is actionable for each case, which is the unit

in which judicial administrators act. SHAP waterfall plots satisfy this need through breaking down

individual predictions into component features’ contributions. Figs. 4.13 & 4.14 show SHAP waterfall
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plots for 2 representative cases selected from the test set: one having high probability of backlog and

another with low probability of backlog.

Figure 4.13: SHAP Waterfall Plot – High-Risk Case with Predicted Probability of 0.817. SHAP
waterfall plot for a case with elevated predicted backlog probability where f(x) equals 0.817. The plot
begins at the expected value representing the baseline probability where E[f(X)] equals 0.5 and sequen-
tially adds feature contributions. Red text and numerals indicate positive contributions that increase
predicted risk while blue indicates negative contributions that decrease predicted risk. The cumulative
sum of contributions yields the final prediction with feature names and contribution magnitudes dis-
played at each step.

The waterfall chart offers an in-depth decomposition of the prediction process for the high-risk

case. The model’s expected value of 0.5 is a representation of the mean predicted probability in

the training population without any feature data. The prediction of 0.817 in the high-risk case

is above the expected value by 0.317 which implies that the feature data increases backlog risk.

The top three features contribute largely to this increase in risk. CaseType feature has a positive

contribution of 0.17 which accounts for more than half of the variation from the baseline value and

signifies that the case type is prone to backlogs. The High Court Circuit feature adds 0.095 to the

value which indicates that geographic location is an independent risk factor. The CourtLevel feature

contributes positively by 0.053 implying that court level adds to risk. The notable point here is

that there are many features which make negative contributions, these include Registration Month

feature which has a negative contribution of 0.051, Age of Claimant or Plaintiff feature which has

negative contribution of 0.036 and Claim/offence feature which has negative contribution of 0.028.

Table 4.3 below shows the contribution of all the features.
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Table 4.3: Feature Contribution Decomposition for High-Risk Case (Predicted Probability = 0.817).

Step Feature Contribution Direction Cumulative f(x)

Base Expected value – – 0.500

1 + CaseType +0.170 ↑ Risk 0.580

2 + High Court Circuit +0.095 ↑ Risk 0.620

3 + registration month -0.051 ↓ Risk 0.650

4 + CourtLevel +0.053 ↑ Risk 0.680

5 + Age(Claimant/Plaintiff) -0.036 ↓ Risk 0.700

6 + Claim/offence -0.028 ↓ Risk 0.720

7 + Court name +0.020 ↑ Risk 0.750

8 + Case value +0.023 ↑ Risk 0.780

9 + Sex(Accused) +0.026 ↑ Risk 0.800

10 + Other features +0.010 ↑ Risk 0.817

Figure 4.14: SHAP Waterfall Plot – Low-Risk Case with Predicted Probability Below 0.4. SHAP
waterfall plot for a case with below-average predicted backlog probability. The plot format follows
Figure 4.13 with sequential addition of feature contributions from baseline to final prediction. The
predominance of negative or risk-reducing contributions across features is notable.

The low-risk scenario presents a very different contribution plot. In contrast to the high-risk scenario,

which had both positive and negative contributions fighting each other, the low-risk scenario has

negative contributions across all features, resulting in the reduction of the predicted probability from
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0.5 to approximately 0.2 according to the cumulative values of f(x). The dominant protective features

include Court name at -0.10, which proves the efficiency of courts as the most powerful protective

measure, Age of Accused at -0.09, as the age of the parties is related to fast processing, Sex of Victim

at -0.08, and Claim/offence at -0.07 since simple claims have lower risk. Each consecutive addition

decreases the risk further, thus showing how different protective measures can work together in order

to minimize the risk. The cumulative f(x) value of approximately 0.02 at the end indicates extremely

low probability of having cases in backlog. Table 4.4 gives the summary of feature contributions for

the low-risk scenario.

Table 4.4: Feature Contribution Decomposition for Low-Risk Case (Predicted Probability = 0.2).

Step Feature Contribution Direction Cumulative f(x)

Base Expected value – – 0.500

1 + Court name -0.10 ↓ Risk 0.400

2 + Age(Accused) -0.09 ↓ Risk 0.310

3 + Sex(Victim) -0.08 ↓ Risk 0.230

4 + Claim/offence -0.07 ↓ Risk 0.160

5 + High Court Circuit -0.04 ↓ Risk 0.120

6 + CaseType -0.03 ↓ Risk 0.090

7 + Sex(Accused) -0.03 ↓ Risk 0.060

8 + registration month -0.02 ↓ Risk 0.040

9 + CourtLevel -0.01 ↓ Risk 0.030

10 + Other features -0.01 ↓ Risk 0.020

The dominance of Court name in the protective configuration supports institutional theories of

judicial efficiency (Sourdin, 2021) efficient court processes can substantially offset other potential

risk factors, suggesting that investments in court level efficiency improvements may have cascading

protective effects across all cases in that venue.

4.6.5 ENSEMBLE SHAP DECISION ANALYSIS

Figure 4.15 presents a SHAP decision plot, which synthesizes information from multiple cases to

illustrate the cumulative effect of feature ordering on predictions.
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Figure 4.15: SHAP Decision Plot – Cumulative Feature Contributions Across Multiple Cases. SHAP
decision plot displaying cumulative feature contributions for multiple test set cases. The ordinate lists
features in descending order of importance. The abscissa represents model output as predicted backlog
probability. Each colored line traces an individual case’s prediction path, showing how its predicted
probability evolves as features are sequentially added in importance order. The spread of lines at each
feature level illustrates the heterogeneity of feature contributions across cases.

The decision plot offers a multiscenario perspective on the process of prediction creation with features

displayed in descending order of importance allowing the visualization of the way of creating a

prediction through incorporating the most important data. In the case of all scenarios, most of the

variation in predictions takes place in the first five to six features and further features make only slight

changes. High probability predictions, which fall into the right side of the decision plot, have a positive

contribution of most of the features, especially of Court name, case status, and Claim/offence. The

low-probability predictions demonstrate the contrary case. The plot demonstrates the point where

forecasts start to differ from each other, since for high-risk cases positive deviations from the baseline

may emerge at Court name or case status, which implies that these features act as early signals of

future backlog risk. For the construction of an early warning system this can be used as well, as the

monitoring of such features at the stage of filing would allow detecting high-risk cases before much

effort is spent. The dispersion of the lines on each feature level proves the variability observed in

previous studies, since even for cases with similar predictions the path to their achievement differs

significantly.
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4.6.6 ATTRIBUTE-LEVEL CONTRIBUTION TO BACKLOG PRE-

DICTION

The analysis of explainability makes it possible not only to go beyond the three dominant predictors

but also to estimate the contribution of each separate attribute by testing it in relation to the

relationship hypothesis a priori established in Table 3.1. Against the background of the mean

absolute SHAP values presented in Table 4.2, the attributes can be classified into four tiers.

Firstly, the dominant tier consists of such attributes as Court name, case status, and Claim/offence

(with mean absolute SHAP value of 0.07, 0.06, and 0.05 respectively). The dominance of the at-

tributes is the proof of the institutional, procedural, and substantive hypotheses at once since the

venue of hearing, case status and claim itself are the key factors influencing predicted backlog risk.

As case status is a procedural characteristic, it is evaluated for high rank because of the risk of tar-

get leakage of the type that was the reason for the elimination of time-related features (Section 3.6);

ablating it from the model and retraining it resulted in the ROC AUC dropping only to 0.831, which

means that it is indeed informative but not decisive for classification rather than encoding the label.

It also has an important practical aspect – as performance is still good with case status eliminated,

early warning scoring model, which needs to evaluate the case status at the moment of filing rather

than later, is still feasible.

The moderate tier is comprised of CaseType (0.04), High Court Circuit (0.03), and registration month

(0.02). The CaseType supports the hypothesis of the procedural track, and demonstrates that

the stream to which a case belongs poses its own independent risk beyond the Claim/offence sig-

nal. High Court Circuit proves the hypothesis about the geographical institution, and supports the

Claim/offence and Circuit interaction in Figure 4.12, when the same claim type has different risk

in different circuits. registration month is the only engineered feature in this tier, providing some

empirical evidence for the temporal-seasonality hypothesis and thus proving the right choice of the

feature engineering in its extraction.

The minor tier is made of CourtLevel, Case value, and age and sex of the accused/defendant, with the

mean absolute SHAP value close to 0.01 for each. These attributes provide small but non-negligible

influence on individual predictions while not changing the hierarchy.

Negligible includes the rest of the party and demographic features, which include the age and gender

of the victim and the demographic features of the claimant or plaintiff, all having SHAP values

less than 0.01 in mean absolute terms. In fact, this is exactly what we should have seen had these

features been kept for auditing purposes instead of prediction since there is no use made of the

protected attributes by the model, which is an empirically achieved fair result in accordance with

the requirements of the methodology (Barocas et al., 2019).

All taken into account, the attribute-level results present a high degree of similarity between the

relationships hypothesized prior to modelling and the contributions identified after it with the sub-
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stantive, institutional, and procedural features dominating, the temporal feature contributing to a

small extent, and the demographic features being inactive.

4.6.7 SYNTHESIS OF SHAP FINDINGS

The SHAP analysis produces a number of integrative results which taken together respond to Re-

search Question 3. Court name, case status, and Claim/offence consistently emerge as the top

predictors, collectively accounting for about sixty percent of predictive information, as seen in Ta-

ble 4.2. Such a hierarchy confirms the theoretical assertion that backlog risk depends primarily on

institutional setting, procedural stage, and case complexity, rather than demographics or adminis-

trative variables. As far as top features go, the association with backlog risk tends to be monotonic,

meaning that higher feature value increases backlog risk and vice versa. However, the relationship

is not deterministic because there is significant variation at the case level, thus corroborating the

bounded rationality framework with its focus on configurational outcomes. Dependence plots reveal

some substantively meaningful interactions, such as the fact that court efficiency depends on proce-

dural stage, as seen from the Court name x case status interaction depicted in Figure 4.10, as well

as the claim complexity effect depends on geographic circuit, as revealed by the Claim/offence x

Circuit interaction presented in Figure 4.12, as well as the fact that procedural stage has a threshold

effect, rather than linear progression, as seen from Figure 4.11. Waterfall plots prove that individ-

ual case-based interpretations are possible and useful, allowing us to identify both risk-increasing

and protective factors of individual cases as seen from Tables 4.3 and 4.4, thus satisfying one of

the criteria of the Design Science paradigm where artifacts should assist actionable decision mak-

ing. Demographic variables exhibit insignificant predictive power and small SHAP values, serving

as evidence that our model is not exploiting any protected factors in systematic ways, thus making

ethical use of the prediction framework possible in legal cases. Lastly, the observed patterns on the

dependence plots, such as thresholds, plateaus, and non-monotonic relations, are consistent with

the initial theoretical assumption that backlog creation is a non-linear process demanding complex

modeling techniques.
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Chapter 5

DISCUSSION

5.1 INTRODUCTION

The discussion below is an in-depth analysis and interpretation of the empirical results obtained

from the study described in Chapter Four. The analysis provided here includes a combination of the

findings in the context of the theories and literature reviewed in Chapter Two. The key purpose of

this analysis is to provide an additional exploration of the implications and meaning of the findings

of the research. This chapter starts with the discussion of the importance of the most important

predictive factors found in the study followed by an assessment of the performance of the models

and an explanation of why the most successful model was successful. The chapter continues with

the provision of theoretical and practical implications of the findings of the research in relation to

judicial administration in Uganda. Finally, this chapter discusses the limitations of the study and

provides recommendations for future research.

5.2 INTERPRETATION OF KEY FINDINGS

5.2.1 THE PRIMACY OF SUBSTANTIVE AND INSTITUTIONAL

FACTORS IN BACKLOG PREDICTION

Feature importance analysis (Section 4.2) resulted in one of the most important findings of the

research, where the Claim/offence, Court name, and Case Status variables were the most important

predictors of case backlog. Thus, the above-mentioned empirical finding provides validation of the

theoretical hypothesis that backlog is not only a matter of time and volume of cases but also is firmly

grounded in the very nature and context of the litigation (Kakooza, 2023; Sourdin, 2021).

The importance of Claim/offence variable indicates that the inherent legal and procedural complexity

of specific cases causes delays. This is consistent with literature stating that some types of cases,
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like land cases in Uganda, are expected to be characterized by longer duration of cases due to the

complex evidential structure and legal framework (Kakooza, 2023). The reliance of the model on the

variable means that any strategy aimed at reducing backlog should take into account the specifics of

the problem posed by each category of cases.

The relevance of Court Name as the second predictor variable, therefore, indicates institutional

variation and difference in efficiency between the judiciaries. Indeed, the findings support a systems

theory viewpoint wherein individual courts represent nodes with different processing capacity and

speed (Sourdin, 2021). In other words, the model is likely to be capturing judicial capacity, staff size,

procedural practice, or case mix variation that are implicit in the identity of the courts. It provides

evidence that supports the claim that there should be a flexible approach to resource allocation

depending on the performance profile of each court.

Institutional problem of this nature is not peculiar to Uganda. According to Mbondenyi (2022),

institutional factors like case assignment procedures and continuity of proceedings accounted for

about two-thirds of the backlog rate variations between similar East African jurisdictions. That the

current model, using a completely different approach (feature importance ranking instead of vari-

ance decomposition), independently elevates Court Name as the top-two predictor that institutional

factors determine delay.

5.2.2 THE PERFORMANCE OF ENSEMBLE METHODS FOR NON-

LINEAR JUDICIAL DATA

Model comparisons in Section 4.3 offered an unambiguous answer to Research Question 2 regarding

the superior performance of tree-based ensembles for predicting backlog.

The failure of Logistic Regression to discriminate with a ROC AUC of 0.5000 that remained constant

even after the model refit with feature scaling and balanced class weights (Section 4.3) is a useful

diagnostic observation. The random ranking performance of the classifier cannot be a result of the

fitting settings but is due to the fundamental nature of the problem: linear decision boundary cannot

restore the prediction signal contained in high-cardinality categorical features and their interactions.

This validates that the link between features and backlog probability is non-linearly separable, as

can be expected from previous linear versions of judicial analytics (Katz et al., 2017).

Instead, the performance of the Random Forest (ROC AUC = 0.8849) says enough about the ap-

propriateness of this method for the task at hand. The capacity to uncover complex non-linear

relationships and variable interaction without strong parametric assumptions is the main strength of

the technique (Breiman, 2001). This finding is consistent with the accumulating research evidence

showing the high efficiency of ensemble approaches such as Random Forest in predicting legal and

judicial outcomes (Medvedeva et al., 2020). The robustness of the model to overfitting through

feature bagging and aggregation of the votes of many decision trees makes it especially suitable for
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the noisy nature of administrative court data. Better performance of the Random Forest compared

to individual Decision Tree once again confirms the benefits of the ensemble approach.

With respect to the literature, the result is not only consistent but even not state-of-the-art, and

both pieces of information are valuable. The ROC AUC of 0.885 is on the boundary between the

second-generation ensemble band of 0.82-0.88 for similar legal-prediction tasks (Medvedeva et al.,

2020), demonstrating the same performance in a new African common-law setting. It does not

meet the bar set by the third generation of approximately 0.91, as accomplished by the transformer

architecture (Liu et al., 2023); however, these improvements have been gained based on unstructured

textual features not available in the current judicial dataset. The proposed framework thus prioritizes

an explainable and deployable approach to predictive accuracy subject to the contingencies of the

dataset.

The instability of the Deep Learning model in terms of making it unsuitable for the last comparison,

in itself, is an important finding. This indicates the real-life issue of deploying extremely complex

algorithms to structured tabular datasets. Problems like exploding gradients, likely to be the cause

of NaN loss, show that sometimes complicated models are not necessarily better and need a lot of

tuning in architecture and data normalization which is computationally prohibitive under conditions

of resource scarcity (Goodfellow et al., 2016).

5.2.3 THEORETICAL IMPLICATIONS OF SHAP-BASED INTER-

PRETATIONS

SHAP provides insights into judicial backlog creation not only as regards the predictive task but

in several ways that contribute to theory. The interaction effects observed in Figures 4.10 to 4.14

provide empirical validation to theories on the use of systems approach to judicial administration

(Sourdin, 2021). The interaction between the variable ’Court’ and ’Case status’ shows that the courts

are complex adaptive systems rather than simple processing systems, where the same stage of case

handling involves different risks depending on the context. Such configurational causality (Ragin,

2008) implies that backlog results from particular combinations of conditions rather than additive

relationships, which justifies the choice of tree-based ensembles for this study.

Moderation by circuit of claim complexity effects again supports this view, since geographical vari-

ations in the influence of the same claim complexity type show that local institutional practices,

possibly caseload structure, judicial specialization, and informal mechanisms play important roles in

the outcome. This is consistent with institutional economic approaches (North, 1990) in their empha-

sis on how formal rules work together with informal institutions to yield diverse outcomes, despite the

existence of identical national legal systems. The existence of threshold effects in case status depen-

dency is consistent with bounded rationality theory (Simon, 1957) in which the point at case status

sixty might be an example of cognitive or administrative rule-of-thumb that, if cases exceed the

processing time at an intermediate stage, they become deprioritized because the administrators turn
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their attention to new cases. The foregoing analysis indicates that backlog may not only be a problem

of a resource constraint, but also a consequence of administrative attention allocation amid uncer-

tainty and limited cognition capacity. The claim complexity effect plateau at high levels may be

due to another bounded rationality factor because extremely complex claims can be allocated special

attention, e.g., hearing by experienced judges or in separate hearing blocks to avoid delays due to

complexity.

The case status accumulation pattern corresponds to the application of queuing theory in judicial

administration (Gramckow & Walsh, 2019). The increasing dispersion at the intermediate stage

indicates that there is differentiation among cases in terms of their processing pathways, as some

cases move ahead smoothly whereas others accumulate delays. Such point in time may indicate

the start of the impact of queuing phenomena such as competition with new cases and scheduling

problems that predominate over case-specific factors.

5.2.4 METHODOLOGICAL IMPLICATIONS FOR JUDICIAL ANA-

LYTICS

The SHAP analysis also has implications for the methodology of judicial analytics. Global feature im-

portance measures are useful but can’t account for the case heterogeneity documented in Figures 4.9

and 4.12 as well as quantified in the values of the coefficient of variation presented in Table 4.2. In

contexts of use where case-by-case decisions are the unit of action, such as judicial administration,

local explanations are not just a supplement but an essential element. This result provides support

for the use of XAI tools as a component of predictive models rather than after-the-fact explana-

tions. Tree-based methods coupled with SHAP dependency plots allow for interaction identification

through data, as was done using Court name and case status and Claim/offence and Circuit in-

teractions. The small values of SHAP scores of the demographic features offer a way of empirical

fairness analysis that would complement formal fairness metrics because whereas statistical parity

and equalized odds would address differences in a group, the SHAP analysis would confirm whether

any protected features are not utilized as input for prediction at the individual level (Barocas et al.,

2019).

5.2.5 PRACTICAL IMPLICATIONS FOR JUDICIAL ADMINISTRA-

TION

The SHAP results have direct implications for the Uganda judiciary. The interactions presented in the

figures above indicate that the intervention methods will not be one size fits all. In situations where

late stage inefficiencies are very high as seen on the right hand side of Figure 4.10, the interventions

should focus on hearing scheduling, judgment writing and post hearing process. In circuits where

there are magnified effects of claim complexities as indicated by red points in Figure 4.12, it would

make sense to invest in judicial specialization or alternative dispute resolution for complex claims. In

43



instances where cases are close to case status threshold between forty and sixty as seen in Figure 4.11,

quick case management conferences could help avert crossing the danger threshold. The decision

plot in Figure 4.15 indicates that prediction difference happens with respect to Court name and

case status attributes which can be identified relatively early in the case process. This means that

an early warning system might be able to flag problem cases upon filing based on the court and claim

type and then engage in pro-active case management before too many resources are expended. The

waterfall charts in Figures 4.13 and 4.14, along with the quantitative decompositions in Tables 4.3

and 4.4 give the analytical template for such a system, where the cases will be flagged and then the

decomposition of the risk factors will provide guidance on which interventions to undertake. The

presence of all the predictive power of the model in 3 variables, as shown in Table 4.2, means that

when gathering data and improving data quality, these variables will have to be prioritized, since

otherwise there would be little in terms of predictive gains from refining demographic data. Lastly,

the existence of heterogeneity in court effects means that there is value in peer learning, as the courts

that have consistently negative SHAP values denoting efficient processing can have valuable practices

that could be shared with the higher-risk courts.

5.2.6 COMPARISON WITH RELATED WORK AND CONTRIBU-

TION

Positioning these findings relative to other similar studies highlights both the agreement and dis-

agreement of the findings with the extant literature on the issue. In terms of the source of delay,

the findings provide interesting divergence from what obtains in benchmark jurisdictions. For ex-

ample, Silva et al. (2023) identified the process of appellate review as an important source of delays

in Brazilian civil-law jurisdictions. On the other hand, according to the National Center for State

Courts (2022), the major source of delay in civil litigation in US common law jurisdictions is found

in pre-trial motions and discovery processes. In both cases, the major cause of delay can be said

to be at a certain procedurally identifiable chokepoint. However, in this study, substantive case

characteristics (Claim/offence) and institutional venue (Court name) emerge as the major causes of

delay, with procedural stage being the third one.

With regard to the formulation of the problem, the majority of the relevant literature addresses the

issue of judicial delay in terms of the prediction of case duration in a continuous fashion, via either

survival or regression analysis (Zheng et al., 2021). In the current research, the task is framed as a

binary classification problem, in relation to the two-year backlog threshold statutorily defined. This

formulation foregoes any time-related data but matches the prediction task with the operational

definition, thus gaining relevance.

With regard to the paradigm of implementation, the simple and interpretable nature of the proposed

framework is more akin to the process-oriented and low-cost paradigm embodied in the pilot project of

Rwanda (Rwanda Judiciary Report, 2024) than to the infrastructure-heavy paradigm of the Korean
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system (Park, 2022).

The contribution of the framework should be understood in the context of the gaps identified in the

literature (Section 2.8). Previous literature on this topic has largely produced models of high predic-

tive performance but low deployment capacity or models of interpretability but lower performance.

The most similar published work, Bhatnagar and Huchhanavar (2026), integrates machine learning

and explainability in order to forecast court case delays in India; in this work, we extend that inte-

grative approach to the African common law jurisdiction while re-conceptualizing the objective as

backlog classification according to a statutory standard. In bridging this gap between performance

and deployability, this study integrates competitive, second-generation predictive performance with

full multi-level explainability (SHAP analysis at global, local, and interaction levels) in an environ-

ment not yet empirically investigated, thus advancing the nascent field of predictive legal analytics

in the Global South from descriptive analytics to actionable forecasting.

5.3 LIMITATIONS OF THE STUDY

While this study provides valuable insights, the limitations should be mentioned to put the findings

in the right perspective.

Cross-Sectional Data: This research utilized a cross-sectional data analysis from the census 2025

snapshot. Cross-sectional design constrains the modeling capability of temporal dynamics that may

occur from judicial policy change, seasonality, or the effect of interventions over time. A longitudinal

dataset will be needed in order to better model time-based effects.

Feature Constraints: The model predictions are subject to the availability of features within the

dataset. There are some important unobservable variables such as the complexity of arguments,

evidence quality, or litigant behavior which are not considered. Inclusion of text data from cases will

enrich the feature set.

Computational Constraints: Although hyperparameter optimization is systematic and rigorous, it is

expensive in terms of computational costs. More sophisticated methods or even broader search of

parameters might result in better model performance.

Generalizability: This model has been trained using data from the Ugandan judiciary system. Gen-

eralization to another jurisdiction is an indirect process and would need calibration and validation

with new datasets.

5.4 DIRECTIONS FOR FUTURE RESEARCH

There are several directions where further research is needed and can enrich the results of this study

and resolve their shortcomings.
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1. Utilization of Longitudinal Data: An important goal for future research is the use of longitudinal

data to develop dynamic models such as survival analysis or time-series forecasting models that

not only would be able to predict whether a case is going to end up in backlog, but also when.

2. Utilization of Textual Data: Applying NLP techniques to extract features from the unstructured

text in case descriptions, filings and judgments can considerably increase the predictive power

of the model by including the substance of each case (Aletras et al., 2016).

3. Implementation of the Model and Its Evaluation: There should be conducted a pilot study in

a particular court circuit to see how the proposed model works in practice, how it influences

the effectiveness of cases’ processing and what its acceptability is among judicial officers.

5.5 SUMMARY OF THE CHAPTER

Chapter six has presented an overview of the findings with particular emphasis on their place within

the larger realm of literature in the field of judicial administration. The analysis of findings empha-

sized the dominance of substantive and institutional predictors of backlog prediction and empirically

verified the supremacy of ensemble machine learning methods of dealing with the non-linear nature of

this task. Implications of these findings have been considered at both theoretical and practical levels

providing guidance on the way the Ugandan judiciary should move from passive case management to

proactive decision-making supported by empirical data. In light of research limitations, directions for

future research clearly indicate how to take the research results beyond a mere predictive instrument.

Chapter seven provides a synthesis of the findings and policy recommendations.
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Chapter 6

CONCLUSION ANDRECOMMENDATIONS

6.1 INTRODUCTION

The conclusion chapter will summarize the whole research project, bringing together the theoretical

foundation, the methodology, the findings, and their interpretations. This chapter will begin with

the narration of the whole process of the research starting from the problem formulation up to the

development of the predictive artifact. The conclusions which follow will be the direct response to

the research questions raised in Chapter One, thus proving whether the objectives of this study have

been achieved or not. Based on this, the chapter will end with clear recommendations which are

meant to provide the Ugandan Judiciary with a practical framework for reform. In doing this, the

contribution of this research will be summed up and presented to the world for further innovation in

judicial administration.

6.2 SUMMARY OF THE STUDY

The long-term and systemic problem of case backlog in the Ugandan Judiciary, which is measured in

Chapter One, served as the key motivation for this research project. The problem statement presented

in Chapter One identified a critical shortage of predictive analytics, as the current systems such as the

ECCMIS are reactive in nature, and the administrations cannot predict and prevent delays. Chapter

Two’s literature review provided background to the problem, providing the theoretical foundation for

viewing backlog as a complex system and a non-linear phenomenon, as well as identifying a critical

shortage of sophisticated machine learning application in African common law judiciaries.

In order to fill this gap, this research adopted the Design Science Research (DSR) methodology,

described in detail in Chapter Three. This approach informed the development of a predictive

analytics model, which constitutes the main IT artifact of this thesis. The large dataset collected

from the National Court Case Census 2025 was subjected to thorough preprocessing, cleaning, and
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feature engineering in order to create a good input for modeling. A variety of supervised machine

learning algorithms was subsequently used and compared.

The empirical results, as presented in Chapter Four, highlighted the obvious superiority of Ran-

dom Forest Classifier with high levels of prediction accuracy (ROC AUC of 0.8849). The feature

importance analysis showed that the substance of the case (Claim/offence) and institution (Court

name) had the highest predictive power. The Chapter Five discussion shed light on the findings,

highlighting the non-linear nature of the problem and successful application of ensemble machine

learning methods to solving this problem. Practical implications were evaluated in light of the fact

that there exists a possibility of applying the developed system as the basis for an evidence-based

proactive case management strategy.

6.3 CONCLUSION

This study has succeeded in achieving its primary objective of designing and testing a machine

learning model that can effectively predict case backlog risk in Uganda. In doing so, this study

has successfully provided conclusive answers to the primary research questions that guide this the-

sis:

In terms of Key Predictors: It was determined that the most predictive variables are the Claim/offence,

Court Name and case status. This proves that backlog risk is driven not only by broader issues but

the actual complexity of the case and the institutional setting it is being handled in.

Regarding Model Efficacy: The Random Forest classifier algorithm was found to be the most effective

algorithm of all algorithms tested in this experiment. This clearly highlights the advantages of using

non-linear ensembling methods over traditional linear methods in handling complex judicial datasets,

answering Research Question 2.

As to Influential Factors:

Feature importance scores obtained using the model yield the inference that the most important

determinants of risk of backlog are the legal and procedural nature of certain case types and differences

in efficiency and resources of individual court venues.

As for Policy Interventions:

The lessons learned from the predictive modeling allow for the implementation of a proactive rather

than reactive and universal strategy. That is the core of the specific policy intervention recommen-

dations that will be discussed in the next section.

The main contribution of this thesis lies in the creation of a predictive tool that could serve as a valid

proof-of-concept. This serves as a roadmap of how a data-driven approach can be used to minimize

the judicial backlog. It contributes substantially to the understudied area of predictive legal analytics

in the Global South.
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6.4 RECOMMENDATIONS

Based on the findings and their discussion, the below recommendations are proposed to the Ugandan

Judiciary to turn the results of this research into tangible reforms:

Recommendation 1: Introduce a Strategic Model of Risk-Based Resource Allocation

Based on the Evidence of high predictive power of Claim/offence and Court name (Section 4.2).

Recommendations is to move from the current one-size-fits-all approach of allocation to a dynamic

approach including:

Prioritized Deployment: Allocating experienced judicial officers, support personnel, and training

resources to the particular courts/case categories that the model will identify as high-risk for back-

log.

Specialization of the Court: Creating specialized docket or judicial “task force” for handling high

volume/high-risk case types such as land disputes, which have historically caused backlog (Kakooza,

2023).

Recommendation 2: Pilot and Develop a Predictive Early Warning and Case Manage-

ment System

Evidence: The successful application of the Random Forest model as a predictive artifact (Section

4.3).

Recommendation: Engage with the development of an ECCMIS-compatible user interface. Conduct

pilot tests on the high-traffic circuit (e.g., the Central Circuit), and use it as an early warning

system.

Features: On case intake, the system should calculate automatically the risk of backlog creation

(e.g., Low, Medium, High). In order to build up credibility, it should also give a brief explanation

of the score by listing the top 3-5 features influencing the score as a case of Explainable Artificial

Intelligence (XAI).

Interventions: Identify high-risk cases automatically for proactive management, e.g., mandatory early

mediation, quick-track judicial resolution, pre-trial conference.

Recommendation 3: Start Procedural and Policy Review Processes Based on Data

Evidence: The capability of the model to detect systemic bottlenecks, or the predictive power of

case status (Section 4.2).

Recommendation: The Judiciary leadership needs to form a standing committee that will use infor-

mation from this predictive model to initiate review processes of court proceedings.

49



Procedural Bottlenecks: When the model predicts certain bottlenecks in the process with certainty,

the rules of this step should be considered to check inefficiencies.

Specific Case Rules: In case there is a repeated identification of certain type of claim/ offence with

high risks, the committee should start the review of existing rules or drafting practice directions to

simplify the process.

Recommendation 4: Investment in Data Infrastructure and Capacity Building

Evidence: Limitations of the cross-sectional data set and the availability of data sources that have

the potential to produce more insightful results explained in Chapter Five (section 5.4)

Recommendation: For the advanced use of predictive analytics and to sustain this initiative in the

long run, the Judiciary needs to make an investment in both human capital and data infrastructure.

This would include:

Improving Data Infrastructure: The focus should be on the collection of high quality longitudinal

data through the ECCMIS to develop dynamic models that will not only be able to predict backlogs

but will also be able to estimate timing of backlog occurrence.

Capacity Building: A complete training module for judicial officers, court administrators, and IT

personnel about the basic concepts of data analytics and application of the predictive model by the

tool. It is essential for promoting adoption of the model, interpretation of the model outcomes, and

generating trust in the system (Wang et al., 2022).

Recommendation 5: Implement SHAP-Enhanced Decision Support Infrastructure

From the SHAP analysis, we see that local explanations offer actionable insights at a case level,

interaction effects identify context-specific risk factors, and feature importance helps to prioritize

using evidence. Thus, the Judiciary needs to develop a decision support system augmented with

SHAP and integrate it with ECCMIS. For every case that passes through this system, the SHAP

explanations in the form of predicted probability, a scalar value, baseline probability which is an

average probability of the training set, a vector of feature contribution from the SHAP explainer, three

to five features with highest contributions and a waterfall diagram as illustrated in Figure 4.14, along

with tabular decomposition as shown in Tables 4.3 and 4.4, need to be produced and stored. The

explanations should be made available through case management interfaces to help the administrators

not only understand the risk levels but the causes behind these risks. Visualization dashboards should

allow to view aggregated SHAP profiles per court, circuit and case type, as shown in Figure 4.9 and

Table 4.2, perform dependence exploration and get interactive versions of Figures 4.10 through 4.14,

perform cases comparison through side-by-side waterfalls and temporal monitoring. There is a need

for an alert mechanism for high-risk features identified through the interaction analysis, and these

include the late-stage case when the case status goes above eighty in inefficient courts, claim/offense

with high Claim/offense in circuits which have been seen to have claims taking time, and cases which
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have several moderately risky factors that together surpass a certain threshold. An audit and fairness

monitor module would also be developed to keep track of SHAP value distribution so that feature

contributions for demographic variables do not show up, as depicted in Table 4.2.

6.5 CONTRIBUTION OF THE STUDY

This thesis represents a major step forward for the modernization of judicial administration in Uganda

through the demonstration of the relevance of predictive analytics. The primary contribution of

the thesis is an empirically validated and contextually appropriate framework which will help the

judiciary to view the challenge of case backlog from a completely new perspective. By revealing the

key causes of delays in a scientific manner and validating the utility of machine learning algorithms,

the research shifts the argument from the stage of description to diagnosis.

The thesis makes the following three contributions:

Theoretical: The thesis adds to the emerging body of knowledge on predictive legal analytics in

the developing world through providing a replicable framework that can be used in other resource-

strapped common law jurisdictions.

Methodological: The thesis contributes through showing a successful application of the Design Sci-

ence Research methodology to a public sector problem, thus resulting in a validated and improved

computational artifact.

Practically, it creates for the judiciary of Uganda not only a model of prediction but also a roadmap

for its transformation. In setting the stage for an effective, anticipatory and ultimately fair judicial

system through targeted interventions and evidence-based decision making, the framework lays the

foundation.

Lastly, this study acts as a catalyst. It proves that the methods of modern data science can be

used to solve problems that are embedded within the administration of justice. In closing the gap

between the theory of prediction and the management of organizations, this study paves the way for

innovations in the future.
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Appendix A

BUDGET

Table A.1: Budget for Accomplishing a Research Project on a Predictive Analytics Framework for
Case Backlog Management in Uganda’s Judiciary: An Explainable Machine Learning Approach

S/No Item Description Unit Cost (UGX) Qty Freq. Total (UGX)

A. Data Preprocessing

1 Data Extraction National Court Case

Census 2025 case

records

90,000 3 6 1,620,000

2 Data Cleaning

and Annotation

Dataset preparation 90,000 3 10 2,700,000

Sub-Total 2 4,320,000

B. Computing / ICT Infrastructure

3 Data Storage

and Backup

Cloud and local

storage

1,500,000 1 1 1,500,000

4 High-

Performance

Laptop

ML model

development

8,000,000 1 1 8,000,000

5 External Hard

Drives

Data backup 350,000 1 2 700,000

6 Cloud

Computing

Resources

GPU/Cloud

processing

4,000,000 1 1 4,000,000

Sub-Total 3 14,200,000

C. Validation

continued on next page
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Table A.1 continued from previous page

S/No Item Description Unit Cost (UGX) Qty Freq. Total (UGX)

7 Machine

Learning

Expert Review

Quality assurance 1,000,000 1 3 3,000,000

8 Thesis Editing

(LaTeX) and

Proofreading

Editing services 2,000,000 1 1 2,000,000

9 Thesis Printing

and Binding

Final copies 1,500,000 1 1 1,500,000

Sub-Total 4 6,500,000

Grand Total 25,020,000
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Appendix B

RESEARCH PROJECT TIMELINES

2025 2026

Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr May

Proposal Development

Literature Review

Data Acquisition

Data Cleaning

Model Development

Model Validation

Results Analysis

Thesis Writing

Dissemination & Submission

Conceptualisation Data preparation Modelling & analysis Writing & dissemination

Figure B.1: Research work plan (June 2025 – May 2026).
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Appendix E

RESEARCH ALIGNMENT WITH NA-

TIONAL (NDPIV) ANDGLOBAL (SDGS)

AGENDA

E.1 ALIGNMENT WITH THE NATIONAL DEVELOP-

MENT PLAN IV (NDPIV)

Table E.1: Alignment of the Research with Uganda’s National Development Plan IV (NDP IV)
Strategic Areas

S/No NDP IV Strategic

Area

NDP IV Objective Alignment of the Research

1 Administration of

Justice Programme

Improve access to justice and

strengthen the rule of law.

Predicts backlog risk and supports

proactive case management to

reduce delays and improve access to

justice.

2 Governance and

Security Programme

Enhance transparency,

accountability and

institutional efficiency.

Provides objective, data-driven

insights for judicial planning and

resource allocation.

3 Digital

Transformation

Programme

Increase adoption of digital

technologies in public service

delivery.

Applies machine learning and

explainable AI to judicial data for

decision support.

4 Innovation,

Technology

Development and

Transfer

Promote innovation and

adoption of emerging

technologies.

Introduces advanced predictive

analytics techniques into justice

sector management.

continued on next page

61



Table E.1 continued from previous page

S/No NDP IV Strategic

Area

NDP IV Objective Alignment of the Research

5 Public Sector

Transformation

Programme

Improve efficiency and

effectiveness of public

institutions.

Supports workload forecasting,

performance monitoring and

operational planning.

6 Development Plan

Implementation

Programme

Strengthen monitoring and

evaluation systems.

Generates predictive indicators for

tracking backlog trends and

intervention outcomes.

7 Knowledge Economy Promote data-driven

governance and

decision-making.

Demonstrates the value of judicial

data as a strategic national asset.

8 Citizen-Centred

Service Delivery

Improve quality and

responsiveness of public

services.

Facilitates timely case resolution

and improved user satisfaction.

9 Institutional

Capacity Building

Strengthen institutional

performance and service

delivery.

Supports optimal deployment of

judicial officers and resources.

10 Results-Based

Management

Enhance performance

measurement and

accountability.

Provides forward-looking

performance indicators for court

management.

E.2 ALIGNMENT WITH GLOBAL AGENDA

Table E.2: Alignment of the Research with Global Development Agendas and Governance Frame-
works

Global Agenda Strategic Objective Alignment of the Research

SDG 16: Peace, Justice

and Strong Institutions

Promote access to justice and

build effective institutions.

Supports timely case resolution

through prediction of backlog risk

and proactive case management.

SDG 16.3 Promote the rule of law and

equal access to justice.

Reduces delays and improves

equitable access to judicial services.

SDG 16.6 Develop effective, accountable

and transparent institutions.

Enhances accountability through

data-driven judicial management.

SDG 9: Industry,

Innovation and

Infrastructure

Promote innovation and

technological advancement.

Applies machine learning and

explainable AI in justice

administration.

continued on next page
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Table E.2 continued from previous page

Global Agenda Strategic Objective Alignment of the Research

SDG 17: Partnerships

for the Goals

Strengthen knowledge sharing

and technology transfer.

Generates knowledge that can be

replicated across judicial systems

globally.

World Bank Governance

and Justice Reform

Agenda

Improve public sector

efficiency and justice delivery.

Supports resource optimization and

workload forecasting.

UNDP Digital

Transformation Agenda

Promote digital governance

and data-driven services.

Uses judicial data and AI to

improve public service delivery.

OECD Public

Governance Principles

Encourage evidence-based

policy making.

Provides predictive evidence for

judicial reforms and policy

decisions.

AI for Good Initiative Apply AI to address societal

challenges.

Uses explainable AI to address

judicial delay and backlog

challenges.

Open Government and

Data Governance

Initiatives

Improve use of public-sector

data.

Transforms court data into

actionable intelligence for

decision-making.
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Appendix F

RESEARCH POSTER LAYOUT

Figure F.1: Poster presentation Layout
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Response to Supervisor Comments 
A Predictive Analytics Framework for Case Backlog Management in Uganda’s Judiciary: An Explainable 
Machine Learning Approach 

Student:  Bbossa Isaac Sserunkuma  (Reg. No. M24M19/024) 
Supervisor:  Dr. Ian Raymond Osolo 

 

Thank you for the comments on the thesis. Each is addressed below, with a summary of the revision and where 
it can be found in the resubmitted chapters. All changes have been compiled and cross-checked. 

# Comment How it was addressed Location 

1 Rewrite the research objectives so 

they are SMART and avoid combining 

multiple objectives into one 

statement. 

Objectives rewritten as six single-aim, SMART 

statements. Metrics named to match those actually 

reported (Accuracy, F1, ROC AUC, PR AUC); vague 

terms (“suitable”, “effectively”) removed. Each 

objective anchored to a study phase for the time-

bound element. 

Ch. 1: Research 

Objectives 

2 Strengthen the connection between 

the problem statement and its 

theoretical and practical 

implications. 

Problem statement expanded with the headline 

backlog figure (26.32%) and two bridging 

sentences, practical stakes (access to justice, 

socio-economic cost) and the theoretical gap 

(interpretable ML for backlog in a developing-

country judiciary), which the Significance section 

then develops. 

Ch. 1:  Statement of 

the Problem 

3 Revise objectives to reflect the 

stages of the study (preliminary 

investigation, data exploration, 

etc.), logically sequenced and 

aligned to the methodology. 

Objectives now trace the full pipeline: scoping and 

data exploration → data preparation → model 

development → evaluation → interpretation → 

recommendations, aligned to the Chapter 3 

methodology and the Appendix B work plan. 

Ch. 1: Research 

Objectives 

4 Strengthen the discussion by 

comparing results with existing 

literature — similarities, differences, 

and the contribution of the 

framework. 

Added explicit comparison in Chapter 5: 

performance benchmarked against the 

generational AUC bands (matches 2nd-generation 

ensembles at 0.885; below the transformer 0.91 

for a data reason); institutional-driver convergence 

with Mbondenyi (2022); divergence from the 

Brazilian and US procedural-chokepoint patterns; 

implementation aligned with Rwanda rather than 

Korea; and contribution stated against the Section 

2.8 gaps, with Bhatnagar & Huchhanavar (2026) 

added as the closest analogue. 

Ch. 5: §5.2.1, 

§5.2.2, and new 

§Comparison with 

Related Work and 

Contribution; 

references updated 

5 Expand methodology and results to 

explain the relationship between 

dataset attributes and backlog; 

justify feature selection; discuss 

individual variables using 

explainability. 

Ch. 3: new section mapping every attribute to its 

hypothesised relationship (Table 3.1); case_status 

introduced as a procedural input (previously 

omitted); explicit feature-selection justification 

(52 → 14 features on four stated principles). Ch. 4: 

new attribute-level subsection walking all four 

SHAP tiers and tying each variable back to its 

Chapter 3 hypothesis. 

Ch. 3:  Relationship 

Between Dataset 

Attributes…; 

Feature Engineering 

and Selection. Ch. 

4: Attribute-Level 

Contribution 

+ Follow-up query: since case_status is 

a top predictor, is it merely a proxy 

for the target? 

Verified that it is not. The label is built from 

elapsed time alone; case_status shows weak 

standalone association (mutual information 0.029 

vs 0.214; Cramér’s V 0.238) and explains under 5% 

of case-age variance (η² = 0.049); an ablation 

lowers ROC AUC only from 0.885 to 0.831. Retained 

as legitimate. Two related claims surfaced by this 

check were also corrected: the Logistic Regression 

baseline (refit converges, F1 0.653, but ROC AUC 

stays 0.5000, argument re-grounded on the 

persistent AUC), and the learning curve (now 

acknowledges a train–validation gap driven by 

Claim/offence’s 41,038 values). 

Ch. 3:  Feature 

Engineering and 

Selection; Ch. 4: 

§4.3.1 and learning 

curve; Ch. 5 : §5.2.2 

Revised files accompanying this memo: Chapters 1, 3, 4, and 5, and the reference list (.bib). 

Isaac
Stamp
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